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Abstract 

Precise control over the physical properties of organic molecular crystals is crucial for the design and 

manufacture of pharmaceutical compounds. Many organic molecules exhibit polymorphism, the ability to 

exist in multiple solid-state forms, each possessing distinct physical properties such as bioavailability, density, 

and dissolution rate. These variations are not merely academic; they can render a pharmaceutical 

compound ineffective or even hazardous if the undesired polymorph forms. Achieving reliable control over 

polymorphism therefore requires a fundamental understanding of the mechanisms of crystallization and 

molecular self-assembly spanning from the molecular to the macroscopic scale. Insights into self-assembly 

at multiple scales offer the opportunity to elucidate the dynamics of weak intermolecular interactions, 

advancing both crystal engineering and materials design. Existing computational approaches to crystal 

structure prediction (CSP) primarily focus on identifying dense, energy-minimized packings of molecules 

within rationally selected space groups. Although such thermodynamic methods can enumerate possible 

polymorphs, they often fail to consistently reproduce the experimentally observed crystal form under 

realistic kinetic and solvent conditions. This review aims to establish a conceptual framework for a multiscale 

model of crystallization, integrating both energetic and kinetic perspectives. By critically assessing the 

computational methods that model molecular self-assembly, nucleation, and growth, this work outlines a 

pathway toward dynamic crystal structure prediction, a unified approach capable of predicting not just 

feasible polymorphs but also the dominant crystal form that emerges under specific crystallization 

conditions. 

1. Introduction 

1.1. Crystals, characteristics, and properties 

Self-assembly of atoms or molecules into periodic structures is central to the formation of a wide variety 

of inorganic and organic crystalline materials such as semiconductors, catalysts, pharmaceuticals, 

agrochemicals, biocrystals, adsorbents, inorganic-organic frameworks, food products, and specialty 

chemicals.1-6 The process of forming crystals begins with the self-assembly of molecules in solution to form 

small clusters, followed by layer-by-layer growth of clusters via self-assembly of molecules on their surface.7, 

8 These two stages of crystallization, namely nucleation and growth, are driven by the ordered self-assembly 

of molecules at different length scales, which collectively determine three primary characteristics – crystal 

structure (also referred to as polymorph or form), morphology (also referred to as shape), and size.⁵ The 

other characteristics such as defects, grain boundaries, compositional purity, and chirality, which arise from 

disordered self-assembly of atoms or molecules, can be important in fields ranging from electronic materials 

to pharmaceutical solids. The primary characteristics of crystalline materials can affect their physical 

properties. For example, the stability and bioavailability of pharmaceutical crystals are governed by the 

polymorph obtained; the activity and selectivity of catalytic reactions depend on the distribution of exposed 

facets on the catalyst; the band gap of semiconductor crystals varies with morphology and size; and 

downstream operations such as filtration, drying, and conveying of crystalline particles depend strongly on 
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their aspect ratio. The relationship between crystallization conditions, crystal characteristics, and resulting 

physical properties are briefly depicted in Figure 1. The relationship between crystal characteristics and 

physical properties can be determined from either theory (e.g., molecular simulations, density functional 

theory, or population balance modeling) or experiments (e.g., X-ray diffraction, atomic force microscopy, or 

spectroscopy) that are specific to the crystalline material and its application domain.9-12 

Several computational models have been developed to predict structure – property relationships for 

crystalline materials, such as Hartman-Perdok theory for morphology prediction, population balance 

modeling for size distributions, and molecular dynamics or DFT-based simulations for polymorph stability.13-

18 Recent work has further integrated machine learning with these frameworks to predict crystal shapes and 

lattice energies directly from molecular descriptors, demonstrating rapid and accurate polymorph 

screening.19 The primary characteristics that yield desired physical properties can thus be identified from 

such computationally established characteristics-properties relationships. However, the most difficult task in 

crystallization remains to reproducibly grow crystals with targeted characteristics under realistic conditions, 

a challenge that has been central to crystallization research for several decades. This difficulty arises from the 

high sensitivity of nucleation and growth to supersaturation, solvent interactions, and impurities, making the 

control of polymorphism and morphology an ongoing pursuit across chemistry, materials science, and 

process engineering.20  

 

Figure 1: Relationship between crystallization conditions, primary characteristics and physical properties of crystalline 
materials 

1.2. Crystallization from the bird’s-eye view 

To tackle such a challenging task, it is of immense importance to understand the process of forming 

crystals – crystallization – and the physicochemical factors that govern it. Crystallization is one of the most 

widely employed separation and purification techniques in the chemical and pharmaceutical industries, 

used to isolate molecules or atoms in a pure solid form.21 The process of solution crystallization begins with 

nucleation (the birth of crystals) followed by crystal growth in a supersaturated solution consisting of solute 
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molecules – the target species to crystallize – solvent molecules – which govern the kinetics of solute 

transport and attachment – and, in some cases, additives or impurities that modulate molecular interactions 

to favor or inhibit particular morphologies or polymorphs.21 The degree of supersaturation, defined as the 

chemical potential difference between solute molecules in the solution and those in equilibrium, serves as 

the primary driving force for crystallization.21 Supersaturation can be generated and controlled by adjusting 

either the temperature (cooling crystallization) or the solvent composition (antisolvent crystallization), as 

illustrated schematically by representative solid-liquid equilibrium (SLE) data in Figure 2a.22, 23 At sufficiently 

high supersaturation, crystals may nucleate spontaneously within the homogeneous bulk of the solution 

(known as primary nucleation) or on foreign surfaces or existing particles (heterogeneous or secondary 

nucleation), as depicted in Figure 2b.21 

 

Figure 2: (a) Representative solid-liquid equilibrium curve showing the relationship between temperature, solute 
concentration, and the supersaturation region where primary and secondary nucleation occur. (b) Depiction of 
nucleation and crystal growth. 

The maintenance of supersaturation throughout the process ensures a continuous driving force for 

molecular assembly. As supersaturation increases, the chemical potential of solute molecules rises, 

enhancing molecular interactions within the solvation shell and promoting aggregation. When this driving 

force exceeds the stabilizing solvation interactions, solute molecules self-assemble into clusters.24 Initially, 

these small aggregates possess higher surface free energy than bulk free energy and are therefore 

thermodynamically unstable, favoring redissolution. As clusters grow, a critical size is reached where further 

molecular addition becomes energetically favorable; the formation of this cluster marks the onset of 

nucleation.24, 25 Although the initial rate of cluster formation may be lower than its dissociation rate, the 

persistent supersaturation ensures that aggregation eventually dominates, leading to stable nuclei 

formation. 

Nucleation establishes a structural template for subsequent crystal growth. During growth, the periodic 

arrangement of molecules evolves, and crystal faces with slower growth rates become dominant in the final 

morphology. Faces that grow rapidly disappear from the equilibrium shape. (Morphology, habit, and shape 

Page 4 of 41CrystEngComm

C
ry

st
E

ng
C

om
m

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

6 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
5/

20
26

 6
:0

0:
13

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D5CE00977D

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5ce00977d


are used interchangeably in literature.) It is well established that the level of supersaturation determines the 

prevailing growth mechanism, such as spiral growth, two-dimensional (2D) nucleation, or rough growth.26 

Controlling crystal growth is crucial because the shape evolution directly influences material performance. 

For instance, in optical or electronic applications, macroscopic crystals with smooth, defect-free surfaces are 

desired, whereas in pharmaceutical manufacturing, microscopic crystals with higher specific surface area 

provide enhanced dissolution rates and bioavailability.27 Thus, understanding the interplay between 

supersaturation, nucleation, and growth mechanisms is essential for tailoring crystals with targeted 

properties across disciplines from materials science to pharmaceutical engineering. 

1.3. Molecular view of crystallization 

Crystallization is a multiscale process that extends from the molecular level to the macroscopic scale, 

where the binding and organization of solute molecules underlie the formation of ordered solids. The 

fundamental step of crystallization is the repeated association of solute molecules through noncovalent 

interactions such as hydrogen bonding, π-π stacking, van der Waals forces, and electrostatic interactions.28 If 

we take a black-box perspective, as shown in Figure 3, the crystallization process can be viewed as a 

continuous series of association and dissociation events of solute molecules occurring over different time 

and length scales. These elementary interactions collectively give rise to distinct stages of crystallization, 

including pre-nucleation clustering, nucleation, and subsequent crystal growth. The dynamic balance 

between molecular attachment and detachment governs both the rate and direction of crystal evolution, 

determining which polymorph or morphology ultimately emerges.29 

 

Figure 3.  Two perspectives on the crystallization process. Top: The 'Black-box Approach' representing experimental 
reality, where often only the initial inputs (supersaturated solution) and final outputs (crystals) are observable, leaving 
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the governing molecular mechanisms obscured. Bottom: The computational goal, which aims to 'open' the black box 
by resolving the process into distinct, modellable phases from molecular self-assembly and nucleation to macroscopic 
crystal growth, thereby enabling the mechanistic prediction of crystal structure and morphology. 

1.4. Scope of review 

While the crystal structure is primarily determined during the early stage of nucleation, the morphology 

and size of crystals can continue to evolve throughout the growth phase. The evolution of these 

characteristics depends on several rate-governing processes controlled by the system’s chemical 

composition, temperature, pressure, and interspecies interaction energies (see Figure 1). For instance, the 

crystal structure depends on the rate of molecular self-assembly into specific lattices and symmetry groups, 

while the crystal morphology is determined by the relative growth rates of crystallographic faces, and the 

crystal size varies approximately linearly with the overall growth rate magnitude.30-32 Several theories have 

been proposed to quantitatively predict crystal-face growth rates.33, 34 These include models based on lattice 

geometry, such as the Bravais-Friedel-Donnay-Harker (BFDH) method, surface energetics (the Hartman-

Perdok theory), and mechanistic frameworks describing molecular attachment, including the two-

dimensional (2D) nucleation model, the Burton-Cabrera-Frank (BCF) spiral growth model, the Chernov bulk-

diffusion model, the Winn-Doherty shape-evolution model, MONTY Monte Carlo crystal-growth 

simulations, and rare-event sampling approaches.35-44 These growth models collectively enable prediction 

of dynamic and steady-state crystal morphology and size under different supersaturation or solvent 

conditions.31, 43, 45-47 Because most growth-rate models depend explicitly on intermolecular interactions 

specific to a given crystal lattice, the resulting morphology is strongly structure-dependent, as indicated 

schematically in Figure 1. Therefore, crystal structure is the most fundamental characteristic governing not 

only morphology but also a broad range of physical properties. Since the dynamics of crystal-structure 

formation are difficult to probe experimentally – owing to nanoscopic time scales and transient ordering 

phenomena – computational models have become indispensable tools for identifying and predicting crystal 

structures under specific crystallization conditions. This review provides a critical assessment of 

computational frameworks that aim to predict crystal structure, emphasizing their implementation 

strategies, underlying assumptions, and key limitations. 

The occurrence of polymorphism arises from exceedingly small energy differences between alternative 

solid-state arrangements of the same molecule. The crystal structure of a solid is defined by the atomic 

geometry, molecular orientation, and space group symmetry within the unit cell. Even minute perturbations 

in molecular packing – such as subtle rotations, conformational changes, or hydrogen-bond rearrangements 

– can yield distinct polymorphs that differ in lattice energy by only a few kilojoules per mole.3 In many cases, 

metastable polymorphs exist within 5-10 kJ mol⁻¹ of the most stable form, yet can dominate experimentally 

due to kinetic trapping or solvent-mediated stabilization.48 Capturing such fine energetic distinctions 

represents one of the greatest computational challenges in condensed-phase modeling. Ironically, as 

computational capabilities have grown, so too has the realization that polymorphism is governed by a 

complex interplay of thermodynamic and kinetic factors, prompting further research rather than closure. 
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This persistent complexity underscores the need for multiscale approaches that integrate molecular 

energetics, nucleation kinetics, and growth dynamics – an overarching theme of this review. 

 

Figure 4. (a) Number of documents published per year. Data obtained by searching the Web of Science™ 

database for the keyword “Crystal Structure Prediction” (accessed 2025). 

In this article computational models used across the various phases of crystallization are critically reviewed, 

highlighting their underlying assumptions, predictive capabilities, and present limitations. It distinguishes 

aspects of crystallization that are well represented by current theory from those that remain poorly captured 

or oversimplified, thereby identifying opportunities for advancement. Particular attention is devoted to 

multiscale computational strategies that capture the fundamental molecular processes of self-assembly, 

nucleation, and growth, with an overarching goal of advancing the predictive modeling of polymorphism. 

2. Crystal structure prediction up to a few lattices 

2.1. Thermodynamic prediction of crystal structure using energy minimization techniques 

In 1988, John Maddox pointed out that it was not yet possible to determine a crystal structure purely 

from first principles.4 Following this statement, there was a surge of interest in generating crystal structures 

directly from molecular formulae, without prior experimental input. This effort led to the emergence of the 

field now known as Crystal Structure Prediction (CSP), which has since experienced an exponential increase 

in publications, as shown in Figure 4. A summary of key review articles in this area is presented in Table 1, 

outlining milestones in CSP development and computational approaches toward addressing the problem of 

polymorphism.  
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During its early years, lattice-energy-minimization (LEM) techniques were primarily used to refine 

incomplete or unreliable crystal structures derived from partial X-ray diffraction data. Identifying weakly 

bonded fragments in a crystal lattice was particularly challenging but could be handled effectively through 

energy-minimization schemes. Na2Ti9O19 and several organometallic compounds were among the first 

systems for which such computational refinements were successfully demonstrated.7, 49 In these early 

applications, the space group symmetry of the crystal was known, and approximate molecular positions 

within the unit cell were available. The concept of a space group – defined by Bravais lattices and their 

associated symmetry operations – characterizes the internal periodicity of a crystal. Once the molecular 

arrangement within a lattice and its symmetry operations are established, the complete three-dimensional 

crystal structure can be generated by repeating this motif through those operations. Following Maddox’s 

challenge, researchers began attempting CSP without using diffraction data.30, 31 For relatively simple 

molecules, these methods could reproduce experimental structures; however, for more flexible or complex 

molecules, significant deviations were observed. These discrepancies were attributed to approximations in 

molecular-potential parameters, and it was hypothesized that improving the accuracy of these potentials 

would yield experimentally correct crystal structures across diverse systems. Since then, there has been 

intensive progress in this area. CSP using LEM has not only predicted known polymorphs but has also 

forecast new, previously unobserved crystal forms, many of which were later confirmed experimentally.32-36 

This predictive capability has advanced structural chemistry by uncovering insights into conformational 

flexibility, molecular packing preferences, and the interplay between intramolecular and lattice energetics.37-

46, 50 Modern CSP approaches now routinely combine lattice-energy minimization with machine-learning-

driven energy evaluations and dispersion-corrected quantum-mechanical methods, achieving near-DFT 

accuracy at a fraction of the computational cost.51, 52 

Table 1. List of relevant review articles since 2001 where at least one or more sections are devoted to crystal 

structure prediction. 

Authors (Year) Title Purpose of review 

Moulton & 

Zaworotko47 

(2001) 

From Molecules to Crystal 

Engineering: Supramolecular 

Isomerism and Polymorphism in 

Network Solids 

To outline challenges and prospects in Crystal 

Engineering with a focus on polymers and 

organic molecules 

Vippagunta et 

al.53  (2001) 
Crystalline Solids 

Overview of analytical and characterization 

techniques of polymorphism in pharmaceutical 

molecules, with a sub-section devoted to 

prediction of polymorphism 

Price SL54 

(2004) 

The Computational Prediction of 

Pharmaceutical Crystal Structures 

and Polymorphism 

Review of computational structure prediction 

methods and describing use of computational 
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structure prediction methods to complement 

characterization of pharmaceutical solids 

Datta & Grant55 

(2004) 

Crystal Structures of Drugs: 

Advances in Determination, 

Prediction, and Engineering 

Critical review of analytical and computational 

methods for crystal structure determination 

Desiraju GR56 

(2007) 
Crystal Engineering: Holistic View 

Highlight challenges in Crystal Engineering with 

focus on crystallization 

Woodley & 

Catlow57 (2008) 

Crystal Structure Prediction from 

First Principles 

Rigorous review of computational techniques 

used in CSP and their application wide areas of 

Chemistry 

Price SL18 

(2008) 

Computational Prediction of 

Organic Crystal Structures and 

Polymorphism 

Review of CSP methodology and discussion on 

kinetic factors of crystallization 

Thakur et al.58 

(2015) 
Crystal Structure and Prediction Review of CSP and describing status of the field 

Beran GJO17 

(2016) 

Modeling Polymorphic Molecular 

Crystals with Electronic Structure 

Theory 

Comprehensive review of use electronic 

structure theory for modeling polymorphism 

with sections devoted to CSP techniques 

Graser et al59 
(2018) 

Machine Learning and Energy 
Minimization Approaches for 
Crystal Structure Predictions: A 
Review and New Horizons 

Computational methods such as DFT and ML are 
reviewed to CSP, along with the promise and 
challenges encountered in these techniques 

Oganov et al60 
(2019) 

Structure Prediction Drives 
Materials Discovery 

CSP techniques are reviewed and their potential 
for the study of different materials system and 
new material discoveries 

Bowskill et al61 
(2021) 

Crystal Structure Prediction 
Methods for Organic Molecules: 
State of the Art 

Reviews methodologies for CSP focused on 
current research efforts to improve reliability 
and wide applicability for organic molecules 

Yin et al62 
(2022) 

Search Methods for Inorganic 
Materials Crystal Structure 
Prediction 

Highlights the search methods for CSP such as 
empirical, guided-sampling algorithms, 
optimization-based search, and data-driven 
approaches. 

Clements et 
al63 (2022) 

Roles and Opportunities for 
Machine Learning in Organic 
Molecular Crystal Structure 
Prediction and its Applications 

Reviews the impact of machine learning CSP and 
its applications focused on evaluation energies, 
landscapes, and property-targeted molecule 
identification 

Beran G.J.O64 
(2023) 

Frontiers of Molecular Crystal 
Structure Prediction for 

Details high-level overview of the CSP methods, 
current challenges, and case studies for 
applications. 
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Pharmaceuticals and Functional 
Organic Materials 

 

Methods for crystal structure prediction (CSP) are aimed at finding the densest and thermodynamically most 

stable packing arrangements of a molecule that result in minimized lattice energy. The lattice energy 

represents the sum of intramolecular and intermolecular interactions within the crystal lattice. It is generally 

hypothesized that, with an accurate description of these interactions, the experimentally observed 

polymorph will appear among the lowest-energy candidates in a CSP search.65 Figure 5 illustrates the overall 

workflow of the lattice-energy-minimization (LEM) approach. The process begins with a molecular formula, 

representing the compound whose crystal structure is to be predicted. The next step is to optimize the three-

dimensional geometry of the molecule – typically by quantum-chemical methods (e.g., DFT). These initial 

stages are relatively easy owing to the wide availability of reliable computational tools (Gaussian, ORCA, 

TURBOMOLE, etc.).66-68 

 

Figure 5. Steps in energy-minimization techniques, corresponding to the key stages of the approach. The first step is to 
obtain the molecular formula; the second is to optimize the molecular geometry. These are relatively straightforward 
compared with the third and fourth steps: (iii) generating all possible molecular packings in selected space groups, and 
(iv) evaluating and ranking based on their energies. 

The second step is critical because it defines the scope of the conformational search that will be required in 

subsequent steps. For flexible molecules, it is necessary to identify all possible low-energy conformations in 

the gas or solvated phase. Once these conformations are determined, one can infer the most probable space 

groups for crystallization, often guided by statistical analyses of the Cambridge Structural Database (CSD).69, 

70 At this point, the rigid-molecule approximation is commonly applied, assuming that the intramolecular 
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geometry in the gas phase corresponds closely to that in the crystal lattice.71 This approximation remains 

valid for small and moderately flexible organic molecules, allowing a major reduction in computational cost 

without compromising accuracy. The third and fourth steps form the core of LEM-based CSP. After selecting 

the likely space groups, all possible trial crystal structures (packings) are generated within those symmetry 

constraints. This search phase may employ random or quasi-random sampling, Monte-Carlo exploration, 

simulated annealing, or evolutionary algorithms to explore the configurational space efficiently.72 The goal is 

to achieve broad coverage of configurational space while avoiding entrapment in local minima. Recent 

algorithms increasingly integrate machine-learning-guided or Bayesian optimization strategies to improve 

sampling efficiency and convergence.73, 74 For example, a machine-learned force field within an evolutionary 

CSP framework was used to reproduce all known polymorphs of 66 test molecules with near-DFT accuracy.75 

Once the candidate structures are generated, the lattice energy of each packing is computed—this being the 

most computationally expensive stage of CSP. Each molecule contributes six lattice degrees of freedom 

(three lattice lengths and three interaxial angles), and the complexity increases exponentially with the 

number of molecules in the asymmetric unit. Consequently, efficient search and ranking protocols are 

essential. The resulting structures are rank-ordered by lattice energy, with lower-energy packings 

representing the most stable polymorph candidates. 

For search-space exploration, the third step, the most widely used algorithms include random or quasi-

random searches, simulated annealing, Monte-Carlo sampling, evolutionary or genetic algorithms, and 

molecular-dynamics-based exploration.72, 76, 77 Random and quasi-random searches are undirected methods 

that often generate a large number of infeasible packings, most of which are quickly rejected due to 

unrealistic molecular overlaps or density constraints. Simulated-annealing and Monte-Carlo schemes 

employ stochastic acceptance rules (typically Boltzmann-weighted) that allow occasional uphill steps, 

helping the search escape local minima.78 Evolutionary and genetic algorithms apply biologically inspired 

operations – mutation, crossover, and selection – to evolve more stable structures iteratively.79, 80 Hybrid 

methods combining evolutionary search with Bayesian optimization now represent the state of the art in 

balancing accuracy and efficiency.81 

Simulated annealing (SA) is a stochastic global-optimization technique used to search for trial crystal 

structures and was among the first algorithms applied in CSP.30, 31, 82-84 SA is a computational analogue of the 

physical annealing process in metallurgy. In this method, the temperature of a system is progressively 

lowered from a high initial value, allowing the system to explore a wide energy landscape and gradually settle 

into low-energy configurations. At each cooling step, the system’s equilibrium configuration is updated 

according to its Boltzmann-weighted free energy, and stochastic acceptance criteria prevent premature 

convergence to local minima. SA is typically coupled with Monte Carlo (MC) sampling, which generates 

random molecular displacements accepted or rejected using the Metropolis criterion. Together, these 

algorithms promote efficient exploration of configurational space and direct the system toward the global 

minimum of the lattice-energy surface.85 Evolutionary and genetic algorithms (EA & GA) form another class 

of stochastic search methods that have been successfully applied to CSP.86-90 Inspired by the principles of 

Page 11 of 41 CrystEngComm

C
ry

st
E

ng
C

om
m

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

6 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
5/

20
26

 6
:0

0:
13

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D5CE00977D

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5ce00977d


evolution and natural selection, these algorithms begin with a randomly generated population of crystal 

structures and evolve them via operations such as mutation, crossover, insertion, and deletion. Over 

successive generations, high-fitness structures (i.e., those with lower energies or denser packings) are 

preferentially retained, ensuring broad sample-space coverage while avoiding local minima. Modern EA 

implementations, such as GAtor, and CALYPSO, now integrate machine-learned energy surrogates and 

adaptive mutation schemes to accelerate convergence and improve energy ranking.91, 92 Other stochastic 

approaches, independent of SA, use Monte-Carlo sampling guided by symmetry or molecular 

conformations. These methods generate trial structures based on the possible symmetry operations or 

feasible conformational degrees of freedom of the molecule.93, 94 By restricting sampling to symmetry-

allowed packings, such algorithms reduce computational expense while preserving diversity in candidate 

structures. 

Molecular dynamics (MD) has also been employed to locate minimum-energy crystal structures and to 

investigate temperature-dependent polymorphic transitions.95, 96 In this approach, the simulation box and 

number of molecules are chosen according to the selected space group or experimental cell parameters. 

MD is a force-balance technique that integrates Newton’s equations of motion to propagate molecular 

positions and velocities over time, yielding trajectories that reflect the system’s microscopic evolution. 

Randomized initial configurations evolve toward stable crystalline arrangements, and the ensemble-

averaged energy provides a macroscopic measure of stability. However, the applicability of MD is often 

constrained by computational cost and limited time scales – typically a few picoseconds to nanoseconds, 

with femtosecond integration steps. Energy evaluations in MD rely on parameterized force fields, which 

define bonded and non-bonded interaction potentials; the quality of these parameters directly affects the 

accuracy of lattice-energy predictions.97, 98 

Energy evaluation represents one of the most critical and computationally intensive components of CSP. The 

accuracy of energy calculations directly dictates the predictive quality of a CSP workflow. Traditionally, two 

major computational routes are employed: (i) empirical or semi-empirical force fields and (ii) electronic-

structure methods based on density functional theory (DFT).95, 96, 99-108 Force-field methods use predefined 

analytical functions to describe inter- and intramolecular interactions, which are broadly categorized as 

bonded (stretching, bending, torsion) and non-bonded (electrostatics, dispersion, hydrogen bonding) 

contributions. During crystallization, bonded interactions are often neglected, since molecules typically 

preserve their covalent connectivity upon crystallization. The challenge lies in accurate parameterization of 

non-bonded terms that govern molecular packing and dispersion. Different force fields – such as OPLS, GAFF, 

and tailor-made CSP-FFs – are optimized for specific chemical classes.109, 110 DFT-based lattice-energy 

calculations, though computationally more demanding, often yield superior accuracy compared with 

traditional force fields. However, DFT simulations are limited by system-size scaling and convergence issues, 

especially when modeling flexible molecules or large unit cells.  
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To address the computational bottleneck of these energy evaluations, machine learning (ML) strategies are 

increasingly explored as intermediate screening steps in the energy minimization workflow. Recent 

approaches utilize graph neural networks and atom-centered symmetry functions to construct ML 

interatomic potentials (MLIPs) that aim to approximate DFT accuracy at a reduced computational cost.111, 112 

Recent efforts have introduced machine-learning-derived or fragment-based force fields, which significantly 

improve transferability and accuracy for molecular crystals.113 However, the reliability of these data-driven 

models for final polymorph ranking remains a critical question compared to established physics-based 

methods. Consequently, their most effective current application is as efficient surrogates for rapidly 

screening thousands of trial packings, allowing computationally expensive quantum mechanical calculations 

to be reserved for the final ranking of the most promising candidates. Furthermore, while generative ML 

models are being investigated to propose crystal structures directly, rigorous validation against standard 

stochastic search algorithms remains essential as the field evolves.  

The CSP Blind Tests are collaborative benchmarking exercises organized by the Cambridge Crystallographic 

Data Centre (CCDC) that provide the necessary platform for such validation.114-119 In each test, participants 

are provided with molecular structures (without experimental crystal data) and a fixed time frame to submit 

their predicted crystal packings. To date, seven official blind tests (1999–2024) have been completed.114-121 

Timeline of the blind tests and the evolution of CSP methodologies are depicted as shown in Figure 6. With 

each new test, the molecular complexity has increased – typically measured by the number of molecules in 

the asymmetric unit (Z′) and conformational flexibility. While earlier CSP methods have successfully 

predicted many low-Z′ crystal forms, significant challenges remain for flexible or multi-component systems. 

For example, a metastable structure was predicted as the global minimum, while the experimentally stable 

form corresponded to a higher-energy structure (~0.5 kJ mol⁻¹ difference) in a different space group.122 Such 

discrepancies revealed that kinetic and entropic effects, often neglected in energy-minimization approaches, 

can alter polymorph stability. Subsequent blind tests exposed additional limitations – particularly the 

inadequacy of isotropic force fields in representing anisotropic electrostatics.119 Some participants who 

succeeded in earlier rounds failed to maintain accuracy in later tests, prompting the CCDC to increase the 

allowed number of submissions from three to one hundred. This change acknowledged that experimentally 

observed structures often correspond to kinetically accessible metastable forms, and ranking accuracy must 

be judged across a broader candidate set. Despite mixed results, the blind tests have driven major advances 

in methodology, leading to the adoption of dispersion-corrected DFT in modern CSP workflows.123  
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Figure 6. Timeline of the CCDC Blind Tests illustrating the evolution of CSP methodologies. The progression 

highlights the transition from empirical force fields (Tests 1 – 2) to the adoption of DFT for energy ranking 

(Tests 4 – 5), while the most recent tests (6 – 7) demonstrate the standardization of dispersion-corrected DFT 

as the benchmark for stability prediction.  

Accurately modeling weak van der Waals (vdW) interactions is a fundamental requirement for molecular 

CSP, as these forces frequently dominate the lattice energy. While early semi-local DFT functionals (e.g., PBE) 

failed to capture these long-range interactions, the development of robust dispersion corrections has 

effectively resolved this limitation for standard applications. Modern DFT approaches – such as DFT-D3, 

many-body dispersion (MBD), and hybrid functionals – have successfully integrated both pairwise and 

higher-order many-body effects into the electronic structure framework and substantially improved 

accuracy in ranking polymorphs.124-126 Fragment-based wave-function methods and ML-assisted DFT energy 

corrections now represent promising directions for balancing cost and precision.113 While earlier blind tests 

revealed challenges with flexible systems and anisotropic electrostatics, the results of the newly concluded 

seventh blind test (2024) provided a definitive assessment of modern capabilities.116, 120, 121 This test revealed 

that while generating candidate structures is now considered robust, accurately ranking them remains the 

primary challenge. The evaluation demonstrated that DFT incorporating specific dispersion corrections (such 

as D3, MBD, or XDM) yielded the most consistent results. Conversely, the test highlighted the limitations of 

ML potentials for final stability determination; while valuable for screening, they frequently struggled to 

discriminate the subtle energy differences required to identify the global minimum without subsequent DFT 

refinement. These findings have driven the field toward a consensus workflow: utilizing ML or empirical force 

fields for broad search, followed by dispersion-corrected DFT for the rigorous final ranking of stability. 

Beyond dispersion, a more subtle but equally critical challenge in DFT-based ranking is the inherent 

'delocalization error' (or self-interaction error) present in some semi-local functionals.127 This error can 

artificially stabilize specific electronic configurations, leading to incorrect energy rankings. This issue is 

particularly pronounced in conformational polymorphs, where the relative stability of different molecular 

geometries is sensitive to electron delocalization across conjugate π-systems. A notable example is the highly 

polymorphic system known as ROY (5-methyl-2-[(2-nitrophenyl)amino]-3-thiophenecarbonitrile). As 

demonstrated in previous work, standard DFT functionals often fail to reproduce the experimental stability 
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order of ROY polymorphs largely due to errors in predicting the relative energies of the monomer 

conformations.128 Achieving reliable ranking in such challenging cases frequently requires moving beyond 

standard DFT to incorporating monomer energy corrections derived from second-order Møller–Plesset 

perturbation theory (MP2), which effectively mitigates the delocalization error.129 Thus, for molecular 

crystals with complex electronic structures, a hierarchical approach—refining DFT rankings with high-level 

MP2 calculations—is often suggested to ensure accuracy. 

A further critical limitation of standard CSP workflows is the reliance on static lattice energies, which 

correspond to the crystal structure at 0 K without zero-point fluctuations.130 In reality, crystallization occurs 

at finite temperatures where vibrational entropy and thermal expansion play decisive roles in relative 

stability. Neglecting these thermal free-energy contributions can result in incorrect ranking, particularly for 

enantiotropic systems where stability order reverses with temperature. Incorporating these effects requires 

harmonic (or quasi-harmonic) phonon calculations to estimate the vibrational density of states. However, 

these calculations are roughly two orders of magnitude more expensive than static energy evaluations, 

making them computationally prohibitive for all but a few final candidates. Recent work has demonstrated 

that accurate ranking often requires coupling many-body dispersion effects with rigorous phonon 

calculations.131 Similarly, analysis of the 7th Blind Test highlighted that while dispersion-corrected DFT is 

robust for static lattices, the absence of thermal corrections remains a major source of uncertainty when 

predicting experimental forms at ambient conditions.120 

Energy-minimization-based CSP approaches are limited by their neglect of nucleation kinetics and reliance 

on approximations to reduce computational expense. As molecular complexity increases, crystallization 

often becomes kinetically, rather than thermodynamically, controlled.132 Under such conditions, ranking 

polymorphs solely by lattice energy yields incomplete or misleading predictions. Numerous studies have 

emphasized that incorporating kinetic effects – such as molecular diffusion, solvent interactions, and 

metastable intermediate states – is essential for realistic CSP.48, 133-138 Even if future algorithms successfully 

reproduce all experimentally known polymorphs within the top 100 predicted structures, identifying which 

polymorph actually forms experimentally will still demand coupling CSP with kinetic modeling and multiscale 

simulations.132, 135 Although energy-minimization techniques may not yet fully capture the dynamics of 

polymorph selection, they remain invaluable for mapping the thermodynamic landscape and identifying 

potential metastable forms, thus guiding both experiment and process design. 

However, despite these advances in ranking accuracy, the field remains challenged by the fundamental 'over-

prediction problem.' CSP landscapes invariably contain many more distinct crystal structures within a 

thermodynamically accessible energy window (typically <10 kJ mol⁻¹ from the global minimum) than are 

ever observed experimentally.135 While these predicted structures represent valid local minima on the 

potential energy surface, the vast majority are never realized in the laboratory. Recent work has 

demonstrated that this discrepancy is partly due to the neglect of thermal effects; many distinct minima on 

the 0 K surface are separated by low energy barriers and effectively merge into single vibrational basins at 
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finite temperatures.139 By applying threshold clustering algorithms to group these minima, the number of 

distinct predicted polymorphs can be significantly reduced, aligning predictions closer to experimental 

reality. However, even after accounting for these thermal basins, the number of energetically feasible 

structures often exceeds observation. This underscores that lattice energy minimization provides only a 

partial picture: it identifies what is thermodynamically possible, but not what is kinetically accessible. The 

selection of specific polymorphs from this crowded landscape is ultimately governed by the height of 

nucleation barriers and the rates of crystal growth, necessitating the transition from purely static energy 

calculations to the dynamic kinetic models discussed in the following sections. 

2.2. Kinetic prediction of crystal structure 

The ordered assembly of molecular building blocks is a ubiquitous phenomenon underlying diverse 

materials – from molecular crystals to supramolecular frameworks.140 Crystallization can be regarded as a 

self-assembly process operating across multiple time and length scales. The concept of self-assembly is 

broad, and whether the organization of organic molecules in solution under a strong driving force qualifies 

as spontaneous “self-assembly” or as a kinetically driven formation process remains debated. In this work, 

we treat the association of solute molecules in solution as a self-assembly event leading to crystal nucleation. 

Modeling molecular self-assembly is crucial because initial aggregation of solute molecules often gives rise 

to recurring structural motifs called “synthons”.56, 141 Under specific thermodynamic conditions, only one 

dominant synthon may form, and this early motif is frequently retained in the crystal lattice – an idea known 

as the “Link Hypothesis”, recently validated experimentally for Tetrolic acid crystals using in-situ FTIR 

spectroscopy.142 In polymorphic systems, variations in the structure of the early aggregates can dictate which 

polymorph ultimately appears. Unfortunately, few studies have explicitly connected polymorph selection to 

early-stage self-assembly, though recent combined experimental–simulation analyses are beginning to close 

this gap.143 
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Figure 7. Modeling techniques for self-assembly. (a) Molecular dynamics (MD) explicitly represents solute and solvent 
molecules and integrates Newton’s equations of motion, calculating forces and energies at each time step – demanding 
substantial computational resources. (b) Brownian dynamics (BD) treats solvent effects statistically via stochastic force 
terms, shown as arrows, reducing cost and extending accessible time scales. (c) Kinetic Monte Carlo (kMC) is a 
probabilistic method that tracks the system’s most likely energetic evolution, shown as arrows, though energy 
evaluation at each step limits its scalability. 

Modeling self-assembly involves computing the forces and potential-energy surfaces governing solute–

solute and solute–solvent interactions, or mapping the temporal and spatial evolution of the system toward 

low-energy configurations. Such simulations are computationally intensive and thus limited to short time 

(10⁻⁹–10⁻⁶ s) and nanoscale dimensions. They are primarily aimed at capturing the dynamic structure of pre-

nucleation aggregates under near-equilibrium conditions. Comprehensive reviews of self-assembly 

modeling approaches can be found elsewhere.144 

To date, only few studies have explicitly related polymorphism to initial molecular aggregation. Both 

employed MD simulations to compute radial distribution functions (RDFs) for solute–solute and solute–

solvent pairs in various solvents.145 One examined 5-fluorouracil (5-FU) and the other Tetrolic acid (TTA).146, 

147 Both reached a similar conclusion: polymorph selection is governed by the nature of early molecular 

aggregates and their solvent-mediated stability. The TTA study further demonstrated that analyzing these 

interactions could guide the rational design of solvent composition to steer crystallization toward desired 

polymorphs. Recent works using enhanced-sampling MD and machine-learning descriptors now allow 

quantifying the transition from disordered clusters to ordered nuclei in small molecules.148-150 

Crucially, integrating explicit solvent interactions into these pre-nucleation models has proven successful in 

predicting metastable polymorphs in organic systems that standard thermodynamic CSP methods miss. 

Traditional lattice energy minimization, often performed in vacuum or with implicit solvation, tends to favor 
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the densest packing. However, recent studies utilizing explicit solvent molecular dynamics have 

demonstrated that strong solvent-solute interactions can stabilize specific 'solution-phase synthons' that 

structurally resemble a metastable polymorph rather than the stable one. For instance, in the case of tetrolic 

acid, explicit solvent simulations revealed that specific solvents favored a carboxylic acid catemer motif in 

the liquid phase, directly steering nucleation toward the metastable catemeric polymorph despite the cyclic 

dimer form being thermodynamically more stable.147 More recently, advanced sampling techniques have 

shown that the desolvation penalty itself acts as a kinetic filter; solvent molecules that are tightly bound to 

specific functional groups can influence the formation of the most stable nucleus, thereby kinetically 

trapping the system into a metastable pathway.145 These findings underscore that for many polymorphic 

molecular crystals, the 'prediction' of structure is less about finding the global energy minimum and more 

about identifying which solvent-stabilized cluster is kinetically selected from solution. 

Beyond MD simulations, Brownian Dynamics (BD) and Kinetic Monte Carlo (KMC) provide complementary 

means to probe self-assembly, as shown in Figure 7. In BD, solvent molecules are not treated explicitly; 

instead, stochastic forces represent solvent collisions, enabling simulations over much longer time scales 

(micro- to milliseconds) at a fraction of MD’s cost. KMC is a probabilistic technique where the system evolves 

through discrete events, each assigned a rate or probability. Events that reduce energy are accepted with 

probability 1, whereas those that raise energy are accepted with a probability proportional to exp(–ΔE/kT) – 

the Metropolis criterion. This formulation yields the most probable kinetic pathway connecting successive 

metastable states. BD and KMC methods have been widely used to investigate protein folding, protein-

structure prediction, polymer assembly, and nanoparticle self-organization in solution.151-156 Their increasing 

application to small-molecule crystallization suggests a growing role for multiscale kinetic models linking 

early molecular assembly with observable polymorph outcomes. 

2.3 Challenges of Disappearing and Late-Appearing Polymorphs 

A persistent challenge in pharmaceutical crystallization is the phenomenon of "disappearing polymorphs," 

where a long-manufactured metastable form is unexpectedly replaced by a more stable, late-appearing 

polymorph that was previously unknown.157 This occurrence, famously observed in the case of Ritonavir, is 

driven by the Ostwald Rule of Stages, where the system initially crystallizes into a kinetically accessible 

metastable form before eventually converting to the thermodynamic global minimum.158, 159 Standard 

nucleation models often fail to predict these events because they focus on the kinetics of the first emerging 

nucleus rather than the long-term competitive dynamics between forms. 

Recent work has highlighted that "late-appearing" polymorphs are often those that are thermodynamically 

stable but kinetically hindered. Recent work proposed a conceptual framework that differentiates between 

the energy landscape (thermodynamic stability) and the crystallizability landscape (kinetic accessibility).157 

They suggest that late-appearing stable forms often possess high molecular strain energy in their crystal 

conformation, which imposes a high kinetic barrier to nucleation even if the lattice energy is favorable. 
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Consequently, a complete CSP workflow must not only rank structures by lattice energy but also assess their 

"crystallizability”, predicting not just what is stable, but when (or if) it will appear.  

From a modeling perspective, capturing these dynamics presents significant computational hurdles. 

Solution-Mediated Phase Transformation (SMPT)—the primary mechanism for late-appearing 

polymorphs—occurs over timescales ranging from hours to years, far beyond the nanosecond reach of 

standard Molecular Dynamics (MD). Simulating the transition requires rare-event sampling techniques, such 

as Forward Flux Sampling (FFS) or Metadynamics, to model the dissolution of the metastable form and the 

concomitant nucleation of the stable phase. Furthermore, the reaction coordinate is often complex, 

involving not just the order parameter of the new crystal but the explicit interfacial interactions between the 

dissolving metastable surface and the emerging stable nucleus (cross-nucleation). Without accurate models 

for these specific interfacial energies and transformation rates, identifying cases where a stable form exists 

but is kinetically "silent" remains a frontier challenge for the field. 

3. Crystal structure prediction beyond a few lattices 

3.1. Kinetic models for nucleation 

The nucleus of a crystal is characterized by a cluster of molecules that tends to grow rather than 

dissociate into solution. The process by which these nuclei form is termed nucleation. Nucleation is 

traditionally described using Classical Nucleation Theory (CNT), which assumes that (i) the structure of the 

nucleus is identical to that of the bulk crystal, (ii) the surface tension is independent of curvature and 

temperature, (iii) the nucleus is incompressible, and (iv) growth occurs via sequential addition of single 

“growth units” or monomers.160 CNT describes the change in Gibbs free energy (ΔG) as the balance between 

bulk volumetric and interfacial surface energies. Once a cluster exceeds a critical radius, further addition of 

molecules reduces its free energy, making the cluster stable – this marks the formation of a nucleus, as 

depicted in Figure 8. It is essential to draw a sharp distinction between the 'self-assembled' clusters discussed 

in Section 2.2 and the 'critical nucleus' defined here. Pre-nucleation clusters generally refer to stable or 

metastable solute aggregates—potentially amorphous or possessing liquid-like order—that exist in dynamic 

equilibrium with the solution. In contrast, the critical nucleus represents a thermodynamically unstable 

transition state at the peak of the free energy barrier (𝛥𝐺∗). While CNT assumes the nucleus forms directly 

with the bulk crystal structure from monomers, the self-assembly perspective aligns more closely with non-

classical mechanisms, where stable pre-nucleation clusters serve as precursors that must undergo 

subsequent densification or structural reordering to reach the critical size and structure required for crystal 

growth. 

To account for the discrete kinetics of molecular attachment, CNT has been extended to the Kinetic 

Nucleation Theory (KNT) framework, where nucleation is treated as a series of elementary association 

reactions between growth units.8, 161-163 In this work, we adopt KNT to describe the temporal evolution of 

cluster formation. One approach to model the kinetics of nucleation involves solving the unsteady-state 
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differential equation for cluster population dynamics.164, 165 The analytical solution of this equation, 

developed in the 20th century, gives the nucleation rate (J) as: 

𝐽 = 𝐽0𝑒𝑥𝑝 (−
∆𝐺∗

𝑘𝐵𝑇
) (1) 

𝐽0 = 𝑧𝜌𝑠𝐴𝑘𝑖𝑛 (2) 

Where 𝐽0 is the pre-exponential factor, comprising the Zeldowich factor (𝑧), the number of nucleation sites 

(𝜌ₛ), and the rate of attachment (𝐴ₖᵢₙ) of monomers to the cluster. 𝛥𝐺∗ represents the free energy barrier 

for nucleation. The attachment frequency, which depends on the geometry, concentration, and diffusivity 

of growth units, is usually estimated from atomistic simulations or empirical kinetic models. An alternative 

approach derives the rate expression from pairwise molecular potentials, producing an equation similar in 

form to Eq. (1).166, 167 While elegant, this method is applicable only when an accurate intermolecular potential 

is available, as the derived rate constants depend sensitively on its functional form and parameterization. 

 

Figure 8. Frameworks of different nucleation theories. The horizontal arrows indicate two-step (nonclassical) 
nucleation, where small amorphous clusters densify into larger crystalline nuclei. The lower path represents monomer-
by-monomer addition, characteristic of classical nucleation theory. 

Beyond CNT and KNT, extensive theoretical and experimental evidence now supports two-step or 

nonclassical nucleation mechanisms, where solute molecules first aggregate into dense, amorphous 

clusters, followed by structural ordering (densification) into crystalline nuclei.168, 169 The corresponding free-

energy landscape exhibits two barriers – one for cluster formation and another for ordering – each 

influencing the overall nucleation rate.170 These models better describe the multi-step kinetics observed in 

proteins, colloids, and small organic molecules. Recent molecular-dynamics and metadynamics simulations 

have revealed that such multi-step pathways are prevalent even in simple molecular systems.145, 171 
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3.2.  Probabilistic Models for Nucleation  

Probabilistic formulations of nucleation employ the Fokker-Planck equation (FPE) to describe the time 

evolution of the probability density of observing a cluster of a given size.167, 172 The FPE can be derived from 

the master equation for birth-death processes, which balances the rates of cluster growth (birth) and 

dissolution (death). Expanding this master equation in a Taylor series and truncating at the second order 

yields a Fokker-Planck-type equation, linking deterministic drift (growth) and stochastic diffusion 

(fluctuations) in cluster size space.173 The solution to the FPE can be obtained numerically using Ito’s 

stochastic differential equations (SDEs), where an ensemble of simulated trajectories converges to the time-

dependent cluster-size distribution.174 These stochastic frameworks bridge molecular-level kinetics and 

continuum models by explicitly incorporating fluctuations and non-Markovian effects neglected in classical 

rate theories. Recent studies combine the Fokker-Planck approach with machine-learning algorithms, 

allowing efficient and accurate solutions.175 

3.3. Population balance models 

Population balance equations (PBEs) are another important class of models applied to study the process 

of nucleation and growth in crystallization.176, 177 PBEs originated from Smoluchowski’s coagulation equation, 

which describes the time evolution of particle populations under aggregation and breakage events.178 PBEs 

are analogous to traditional transport equations in that they express the change in an internal coordinate 

(e.g., particle size, volume, or composition) with respect to time and position. In the case of nucleation, this 

internal coordinate is usually particle size. The solution of PBEs yields the particle-size distribution (PSD) of 

nuclei or crystals in a crystallizer. Recent studies comparing PBE-based predictions with kinetic rate equations 

report that both approaches produce comparable accuracy, but PBEs require fewer empirical parameters. 

Moreover, stochastic extensions of PBEs have been developed to describe fluctuations in cluster 

populations, enabling the study of the probabilistic nature of nucleation in solutions. 

Molecular dynamics (MD), which operates on much shorter time scales, has also been extensively applied 

to study nucleation mechanisms. Comprehensive reviews of molecular simulations for nucleation are 

available throughout the literature.20, 179, 180 Because nucleation events often occur within the time scales 

accessible to MD (typically nanoseconds to microseconds), enhanced-sampling techniques such as 

metadynamics, umbrella sampling, or forward-flux sampling are required to access rare-event kinetics 

efficiently.181 These methods allow selectively focusing on key collective variables while disregarding 

irrelevant motions. In one such study, MD simulations revealed that the mechanism of nucleation changes 

with cluster size, transitioning from diffuse aggregation to ordered crystal growth as the system crosses the 

critical nucleus size.182 The authors identified a non-intuitive reaction coordinate that better captured the 

nucleation pathway, underscoring the need for data-driven and machine-learning-assisted descriptors to 

interpret nucleation dynamics. 

Modeling nucleation during crystallization primarily aims to predict nucleation rates. If we assume that 

molecular self-assembly and potential polymorphs are well characterized, then differences in polymorph 
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nucleation rates dictate which crystal form will ultimately dominate. Polymorphs with higher nucleation 

rates are kinetically favored under given conditions. The essential input in these models is the attachment 

frequency or attachment free energy barrier for a growth unit joining the nucleus. All models discussed 

above – including CNT, KNT, and PBEs – require this attachment frequency, which depends on molecular 

interactions and supersaturation. PBEs, in particular, require the explicit input of the nucleation rate to 

compute the resulting particle-size distribution in a crystallizer. Therefore, coupling PBEs with kinetic rate 

equations has become an active area of research to close the multiscale modeling gap.183 Such integrated 

frameworks enable simulation of entire crystallization processes, from nucleation to growth, under realistic 

process conditions. 

3.4. Crystal Growth 

The shape and size of crystals profoundly influence their physical and functional properties. In many 

applications, such as pharmaceuticals, optoelectronics, or catalysis, it is essential to control the final crystal 

morphology. Shape evolution depends on the growth rate of specific crystal faces: faces with higher growth 

rates disappear quickly, producing elongated or needle-like morphologies, while slow-growing faces become 

dominant facets. Controlling these growth rates enables targeted shape design. The crystal-growth phase 

begins once nuclei have formed and molecules attach to the crystal surface. Historically, models of crystal 

growth began with geometric and equilibrium approaches. The earliest geometric framework was the 

Bravais-Friedel-Donnay-Harker (BFDH) model, which proposed that the growth rate of a crystal face is 

inversely proportional to its interplanar spacing.184-186 In contrast, equilibrium models sought the 

morphology that minimizes total crystal free energy – an assumption valid only when growth kinetics are 

sufficiently fast to approximate equilibrium. Despite simplifications, the BFDH and equilibrium models laid 

the foundation for modern crystal growth modeling.187 

The Hartman-Perdok theory, which extended these models, introduced the concept of Periodic Bond Chains 

(PBCs) to classify crystal faces as flat (F), stepped (S), or kinked (K) depending on the number of PBCs 

intersecting the face.188-190 Faces containing multiple PBCs have higher bonding periodicity and thus lower 

surface energy and greater stability. With time, mechanistic models emerged – such as two-dimensional 

(2D) nucleation, the Burton-Cabrera-Frank (BCF) model, the Chernov bulk-diffusion model, the Winn-

Doherty model, and the Monte Carlo-based MONTY algorithm.191-194 These frameworks clarified that crystal 

growth typically proceeds through three primary mechanisms: spiral growth, 2D layer-by-layer nucleation, 

and rough (continuous) growth, as shown in Figure 9, depending on the supersaturation regime. The Winn-

Doherty model in particular advanced the field by defining the growth-mechanism regimes as functions of 

supersaturation and interfacial free energy. It predicts that: at low supersaturation, spiral growth dominates; 

at moderate supersaturation, 2D nucleation prevails; and at high supersaturation, rapid rough growth 

occurs.195 Building upon this foundation, subsequent studies have formulated shape-evolution and 

morphology-prediction models, continuously refined with experimental validation and computational 

integration.196 
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The fundamental mechanisms of crystal growth – particle addition, aggregation, or breakage – are naturally 

captured by Population Balance Equations (PBEs).178, 197 The generalized stochastic form of PBEs for 

particulate systems was extended to describe nucleation and growth processes.198 Solving PBEs in more than 

one dimension, however, remains computationally challenging because real crystal growth is inherently 

three-dimensional. Common approaches include dimensionality reduction (via symmetry or shape 

assumptions) or variable transformation to measurable quantities, though these can reduce predictive 

accuracy.199 Recent advances employ principal component analysis (PCA) and morphological PBEs, which 

enable solving multidimensional problems by projecting high-dimensional data onto a reduced vector space 

without losing shape information.200 The method of characteristics has been particularly effective for solving 

time-dependent PBEs describing facet-specific growth rates. Modern implementations construct 

morphology sets, graphs, and domains, which are then solved using the MorphologyDomain software 

package.16 

 

Figure 9. Processes occurring on the surface during crystal growth. Solvated molecules from the bulk solution may 
attach directly to kink sites or first adsorb and diffuse along the surface. Depending on the level of supersaturation, 
crystal growth proceeds via spiral, 2D nucleation, or rough growth. Transitions between these mechanisms can occur 
due to surface defects or solvent-mediated effects. 

Despite continuous progress, crystal growth modeling remains incomplete. Current models often neglect 

the thickness and energetics of the solvation shell surrounding the solute molecule. This solvation layer 

strongly influences the binding energy of growth units on crystal surfaces, particularly under low 

supersaturation conditions where attachment kinetics are rate-limiting. The Winn-Doherty model, for 

instance, assumes isotropic binding energy and computes only relative growth rates. Moreover, a single 

crystal face may host multiple spirals, pits, and surface defects, which are typically neglected in continuum 

models. Growth mechanisms can also transition between regimes, as shown in Figure 9, (e.g., from 2D 

nucleation to rough growth) depending on interfacial or solvent effects, yet the conditions governing such 

transitions remain poorly understood. Developing a model that can quantitatively capture growth-unit 

binding and growth-mechanism transitions will require incorporating molecular-scale free-energy 

calculations – similar to those used in nucleation modeling – into mesoscale and process-scale frameworks. 

A more comprehensive review and a new model for crystal growth will be the topic for another article. 
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4. Perspective – multiscale modeling for dynamic crystal structure prediction 

Currently, multiple computational approaches can individually model distinct phases of crystallization – 

from molecular self-assembly to crystal growth. However, predicting the dynamic evolution of crystal 

structure requires an integrated multiscale framework capable of coupling these phases, as depicted in 

Figure 10, under consistent thermodynamic and kinetic formalisms. This proposed framework functions as 

an information pipeline: it begins with molecular self-assembly, where simulations identify the dominant 

'synthons' or pre-nucleation clusters that define the available polymorphic pathways. These structural motifs 

serve as the reaction coordinates for the nucleation phase, where stochastic equations determine the 

probability flux of specific polymorphs emerging from solution. Finally, these nucleation rates are passed as 

birth terms to the crystal growth phase, modeled via Population Balance Equations (PBEs) to predict 

macroscopic properties. The following sections detail how these disparate scales could be mathematically 

bridged to achieve dynamic prediction. 

 

Figure 10: Multiscale model of crystallization. The goal of multiscale modeling is to capture the fundamental 
mechanisms of crystallization across all relevant time and length scales. The framework begins with molecular-level 
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simulations and transitions to coarser-grained representations where continuum or population-balance descriptions 
become necessary. Information flow from one state to another is represented with blue arrows.  

The self-assembly phase of crystallization focuses on identifying all feasible polymorphs of a solute molecule. 

In a specific solvent environment, solute-solute and solute-solvent interactions constrain the molecules to a 

limited number of low-energy configurations. This was confirmed through molecular dynamics (MD) 

simulations for systems such as 5-fluorouracil and tetrolic acid (TTA), where distinct aggregation motifs – or 

synthons – were observed to dictate polymorph outcomes.146, 147 Each synthon represents the fundamental 

unit of crystal growth, and its structural identity determines the feasible crystal forms accessible under given 

operating conditions. Although reliable force-field parameters and diffusivities remain a bottleneck and are 

rarely available for new molecules, machine learning models are a key research direction. Additional 

complexity arises from kinetic limitations: some molecules exhibit slow crystal growth due to sluggish 

diffusion or solvation-shell restructuring. To overcome MD’s limited timescale (typically up to microseconds), 

Brownian Dynamics (BD) provides an efficient alternative by solving the Langevin equation of motion rather 

than Newton’s second law.201 BD models the molecular motion as a balance of drift (deterministic) and 

diffusive (stochastic) forces: 

𝑚𝑑𝑣𝑖 = −𝛽𝑟𝑣𝑟𝑑𝑡 − ∇𝑟Φ̅12𝑑𝑡 + 𝛽𝑟√𝐷𝑟𝑑𝑊𝑖(𝑡) (3) 

where 𝑣𝑖  is the velocity of the molecule, 𝑚 is the molecular mass, 𝛽𝑟 is the translational friction factor and 

𝐷𝑟 is the translational diffusivity and Φ̅ is the mean field potential. For molecules where rotational motion 

cannot be neglected, the Langevin equation takes the form: 

𝐼𝑑𝜔𝑖 = −𝛽𝜙𝜔𝑖𝑑𝑡 − (𝜔 × 𝐼𝜔𝑖)𝑑𝑡 + ∇𝜙Φ12𝑑𝑡 + 𝛽𝜙√𝐷𝜙𝑑𝑊𝑖(𝑡) (4) 

Here 𝜑 = [𝜃𝑖𝜙𝑖]𝑇, is a vector of polar and azimuthal angles, 𝐼 = 𝑑𝑖𝑎𝑔[𝐼𝜃, 𝐼𝜙] is the moment of inertia 

matrix, 𝛽𝜑 = 𝑑𝑖𝑎𝑔[𝛽𝜃, 𝛽𝜙] is the diagonal matrix of rotational friction factors and 𝐷 = 𝑑𝑖𝑎𝑔[𝐷𝜃, 𝐷𝜙] is 

the diagonal matrix of rotational diffusivities. 

BD simulations thus enable longer-timescale exploration of solute-cluster dynamics, capturing key features 

of diffusive aggregation relevant to pre-nucleation clusters. To characterize orientation and packing 

differences between polymorphs, a molecular frame of reference must be defined. While radial distribution 

functions (RDFs) quantify solute-solute interactions, they cannot distinguish between distinct polymorphs. 

For small organic molecules, a rigid-body approximation is generally valid. A rigid molecule containing 𝑀 

atoms can be described by its internal atomic coordinates 𝑎𝑖  relative to its center of mass 𝑟. The position of 

a molecule at any time is given by the center of mass in a fixed Cartesian frame and the relative positions of 

constituting atoms can be obtained from the polar angle and the azimuthal angle such that: 

𝑎𝑖 = 𝑇[𝜃(𝑡), 𝜑(𝑡)]𝑎𝑖(0) (5) 
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𝑇[𝜃(𝑡), 𝜑(𝑡)] = [

𝑐𝑜𝑠𝜃 𝑐𝑜𝑠𝜑 −𝑐𝑜𝑠𝜃 𝑠𝑖𝑛𝜑 𝑠𝑖𝑛𝜃
𝑠𝑖𝑛𝜑 𝑐𝑜𝑠𝜑 0

−𝑠𝑖𝑛𝜃 𝑐𝑜𝑠𝜑 𝑠𝑖𝑛𝜃 𝑠𝑖𝑛𝜑 𝑐𝑜𝑠𝜃
] 

Accurate force-field parameterization remains critical for describing both intra- and intermolecular forces 

during this phase. 

Modeling nucleation is essential for calculating nucleation rates and polymorph selection. This requires 

evaluation of the free energy of attachment between solute molecules, obtainable from potential-well 

analyses of solvated and desolvated species.22 Most CSP frameworks treat solvent implicitly or neglect 

competitive adsorption. Yet solvation dynamics, hydrogen-bonding rearrangements, and impurity 

incorporation strongly influence nucleation kinetics and facet-specific growth rates. Although detailed 

protocols for calculating attachment energies will be the topic of another article, once these energy barriers 

are known, nucleation can be treated stochastically using the Fokker-Planck equation (FPE) coupled with the 

Langevin drift terms. During crystallization under supersaturation, drift terms dominate over diffusive terms 

in the Langevin equation, indicating that deterministic molecular attachment prevails over random motion. 

The probability density function of molecular configurations 𝑃(𝑛, 𝑡) can thus be described by the FPE, 

allowing computation of time-dependent distributions of pre-nucleation synthons. Each polymorph 

corresponds to a distinct set of radial and angular coordinates. For a fixed number of solute molecules within 

the simulation volume, this approach can be used to estimate the population distribution of competing 

polymorphic clusters in solution. 

To analyze which self-assembled structures lead to nucleation, it is necessary to define an internal coordinate 

that connects the molecular-level cluster evolution with the macroscopic nucleation process. This internal 

coordinate can be chosen as the particle number (𝑛) or cluster size, which evolves according to: 

𝜕𝑃(𝑛, 𝑡)

𝜕𝑡
= −

𝜕

𝜕𝑛
[𝐴(𝑛)𝑃(𝑛, 𝑡)] +

1

2

𝜕2

𝜕𝑛2
[𝐵(𝑛)𝑃(𝑛, 𝑡)] (6) 

Here, 𝐴(𝑛) is the drift term represents deterministic cluster growth (proportional to attachment rate), and 

𝐵(𝑛) is the diffusion term accounting for stochastic fluctuations in cluster size. The steady-state solution of 

Equation (6) corresponds to the Fokker-Planck form of the Classical Nucleation Theory (CNT), while transient 

solutions describe Kinetic Nucleation Theory (KNT).202 By coupling 𝑛 with molecular configuration 

descriptors (orientation, RDFs, synthon identity), one can compute the probability distribution of nucleation 

events over time for each self-assembled structure, thereby calculating the nucleation rates. 

Building on the Fokker-Planck results, Population Balance Equations (PBEs) describe how these nuclei evolve 

into macroscopic crystal populations. PBEs express the number density of crystals 𝑛(𝑉, 𝑡) as a function of 

crystal volume (𝑉) and time: 

𝜕𝑛(𝑉, 𝑡)

𝜕𝑡
+

𝜕[𝐺(𝑉)𝑛(𝑉, 𝑡)]

𝜕𝑉
= 𝐵(𝑉, 𝑡) − 𝐷(𝑉, 𝑡) (7) 
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Where 𝐺(𝑉) is the crystal growth rate, and 𝐵(𝑉, 𝑡) and 𝐷(𝑉, 𝑡) represent birth and death terms. The 

nucleation flux derived from the Fokker-Planck equation supplies the birth term, thereby embedding 

mesoscale information into macroscopic dynamics. Coupling Fokker-Planck-based nucleation kinetics with 

PBEs requires consistent definitions of birth, growth, and dissolution terms. Current hybrid approaches lack 

standardized parameter exchange and often double-count kinetic events. 

The structure exhibiting the highest nucleation rate or smallest ΔG* will correspond to the dominant 

polymorph. In practice, this framework allows one to: use MD/BD simulations to identify feasible synthons; 

compute attachment free energies for each synthon; incorporate these as kinetic parameters into the 

Fokker-Planck-based probability density model; predict which polymorph will form under given 

supersaturation and solvent conditions; calculate the particle size distribution and polymorph fraction of the 

crystals. Such a hierarchical stochastic framework – combining molecular dynamics, Brownian dynamics, 

Fokker-Planck equations, and population balance modeling – constitutes a dynamic crystal-structure 

prediction approach that captures both thermodynamic stability and kinetic accessibility of polymorphs. 

In the proposed multiscale framework (Figure 10), machine learning has the potential to serve not merely 

as an auxiliary tool, but as the critical "bridge" necessary to unify these disparate computational scales. 

Rather than treating molecular dynamics and population balances as isolated steps, ML algorithms can 

derive kinetic rate constants and reaction coordinates from high-fidelity molecular simulations and 

seamlessly pass these parameters to mesoscale Fokker-Planck equations.203 This data-driven connectivity 

creates a continuous information pipeline: molecular-level insights directly update macroscopic process 

predictions without the need for prohibitive on-the-fly computations. While the reliability of such ML-

integrated workflows is still being established compared to standard physics-based models, this approach 

offers a promising pathway to transform static individual methods into a dynamic, consolidated prediction 

engine with a good training data set. 

5. Conclusion 

Crystallization is an inherently multiscale and multiphase phenomenon, extending from molecular 

interactions to macroscopic structure evolution. Over the past three decades, research in crystal structure 

prediction (CSP) has advanced from purely thermodynamic frameworks, centered on lattice-energy 

minimization, to more sophisticated kinetic and stochastic models that capture the dynamic nature of 

molecular self-assembly, nucleation, and growth. While energy-minimization techniques have achieved 

remarkable success in reproducing known crystal structures and discovering new polymorphs, their neglect 

of nucleation kinetics and solvent-mediated effects continues to limit predictive reliability, especially for 

flexible molecules and complex crystallization environments. 

Recent progress in molecular dynamics (MD), Brownian dynamics (BD), and stochastic modeling has 

significantly broadened our ability to probe early aggregation and self-assembly events. These approaches 

have confirmed that molecular synthons, the building blocks of crystalline order, often determine the 
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polymorph that ultimately emerges. The inclusion of two-step nucleation mechanisms and probabilistic 

population-balance equations (PBEs) has enabled more accurate predictions of nucleation rates and 

particle-size distributions across diverse systems. In parallel, mechanistic crystal-growth models, from the 

Hartman–Perdok to Winn–Doherty frameworks, have elucidated how supersaturation and interfacial free 

energy govern the evolution of crystal morphology and growth regimes. 

Despite these advances, the field remains fragmented across scales: molecular-level models provide 

microscopic insight but limited time and length coverage, while continuum and population-balance models 

capture bulk phenomena but lack molecular specificity. Bridging this gap requires a multiscale, dynamically 

coupled modeling paradigm capable of linking intermolecular forces, stochastic kinetics, and macroscopic 

observables. The multiscale model proposed in this review provides a conceptual framework for such 

integration, beginning with MD-based synthon identification, extending through BD and Fokker-Planck-

based stochastic modeling for nucleation, and culminating in PBE-based predictions of crystal growth and 

morphology. 

The future of CSP will depend on the synergistic integration of thermodynamic and kinetic models with data-

driven and machine-learning-assisted methods. Emerging hybrid approaches, combining quantum 

mechanical accuracy, enhanced-sampling kinetics, and morphology-resolved population balances, hold 

promise for transforming CSP from a static predictive tool into a dynamic, process-aware modeling 

framework. Such unified methodologies will not only improve the reliability of polymorph prediction but 

also enable rational control of crystallization pathways – a goal central to materials design, pharmaceutical 

manufacturing, and sustainable chemical engineering. 
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No primary research results, software or code have been included and no new data were generated 
or analysed as part of this review.
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