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Chapter 1 - General Introduction and 
Thesis Outline 
 

  



Introduction 
 

Porous materials are critical to many industrial sectors, including petrochemicals, energy 

and water. Traditional porous polymers and zeolites1 are currently most widely employed 

within membranes, as adsorbents for separations and storage, and as heterogeneous 

catalysts. The emerging advanced porous materials, e.g. extended framework materials2–6 

and molecular porous materials7–11, can boost performance and energy-efficiency of the 

current technologies because of the unprecedented level of control of their structure and 

function. The enormous possibilities for tuning these materials by changing their building 

blocks mean that, in principle, optimally performing materials for a variety of applications 

can be systematically designed. However, the process of finding a set of optimal structures 

for a given application could take decades using the traditional materials development 

approaches. These is a substantial payoff for developing tools and approaches that can 

accelerate this process. Among advanced porous materials, porous molecular materials are 

one of the most recent members though they have already attracted significant interest. 

Porous molecular materials are built from discrete molecules interacting with to each other 

through non-covalent bonds. Their porosity emerges either through inefficient packing of 

the atoms of the molecule itself (i.e. intrinsic molecular porosity), or through inefficient 

packing of molecules in the solid, or both. Among molecules supporting porous molecular 

materials, porous molecules are of especial interest. Some authors refer to two different 

subclasses of porous molecules, i.e. belt molecules (i.e. porous molecules with two ways to 

access, or windows) and cage molecules (i.e., porous molecules which shape roughly 

reminds to that of a cage). Covalent cage molecules are an example of cage molecules7 

while triptycene-based organic molecules with intrinsic microporosity (trypticene OMIMs) 

is an example of non-cage molecule that gives raise to porous materials12 (examples of both 

are shown in Figure 1-1).The exact definition of a porous molecule is not yet uniformly 



settled in the literature. In later sections (see State of the Art & Methodology, subsection 1) 

we will discuss the current classification of porous molecules in the scientific literature. 

Other concepts about molecular porosity (e.g., windows) are first introduced in the 

Overview of Molecular Porosity Section, then depicted throughout Chapters 2 and 3.  

 

Figure 1-1. Two molecules giving rise to porous molecular materials. Left: example of triptycene OMIM, a 

non-porous molecule Right: example of covalent cage, porous molecule that build porous material. 

Carbon atoms in grey, oxygen atoms in red, nitrogen atoms in blue.  

The aim of this PhD dissertation is to develop and apply computational methodologies, 

which will accelerate the development of porous molecular materials with properties 

tailored to specific applications. The computational design involves prediction, 

enumeration and characterization of both cage molecules and their crystalline and 

amorphous solid-state phases as well as reliable high-throughput prediction of the material 

performance ahead of synthesis. In particular, a schematic discovery pipeline, depicted in 

Fig. 1-2, is organized as follows. First, molecules are proposed, either by a chemist who 

envisions them, or by systematic screening or enumeration of chemical databases. Second, 

material structure prediction is performed, producing a computer model of the structural 

arrangement of the molecules in space. Third, from the material structure, material 



properties are computationally predicted, including properties that are related with 

performance of the material in a given application.  

 

Figure 1-2. Porous molecular material discovery pipeline. For computational discovery of new porous 

molecular materials, three main steps have to be done: 1) Porous molecule (preferably a cage-like 

molecule) has to be proposed, either by a chemist or through a database screening; 2) Structural 

model of the material (either amorphous or crystalline) has to be predicted; 3) Material properties 

have to be computed to confirm porosity of the material (and other desired properties).  

The current state of the art methodologies allows for execution of the key steps in the 

above discovery pipeline. Namely, computational materials science methods, e.g. molecular 

simulations and crystal structure prediction approaches allow building solid materials 

models starting from a molecular structure as well as predicting properties of the resulting 

solid materials. The recent literature demonstrates a few applications of these techniques in 

characterization of limited number of porous molecular materials13. However, the material 

design process typically requires investigation of many candidate structures through either 

sequential improvement of the candidate or high-throughput screening of large sets of 

candidate materials. The goal of this dissertation is to develop methodology that can be 

combined with the existing structure prediction and characterization methodologies to 

enable such computational design of porous molecular materials by exploiting material 

informatics and big data. 



Outline of the thesis 
 

This document is organized as follows. The following sections of the current chapter 

(Chapter 1) summarize the state of the art with respect to the components of the discovery 

pipeline presented in Fig. 1-1; finalizing with an overview of the methodology utilized 

throughout this PhD thesis. The Contributions section follows-up by summarizing the 

achievements of this thesis in the light of the state of the art. The Discussion section closes 

Chapter 1 by analyzing the achievements, limitations and leading to the rest of the 

manuscript, consistent of the text of the seven research articles published within this PhD 

work. 

Chapter 2 demonstrates the development of the development of the core method of this 

thesis, Pore Exposure Ratio, and its application combined with the outlined discovery 

pipeline by applying porosity characterization methods to select a subset of relevant 

molecules with corresponding crystal phases. These are then computationally characterized, 

confirming the porous nature of six unknown crystals.  

This work is extended in Chapter 3, where the methodology is completed with the 

addition of novel algorithms to calculate molecular windows, entry paths and internal 

surface area. Additionally, the algorithms from Chapter 2 and 3 are fully depicted and 

formally discussed. Alongside, we introduce a software tool, named Molipor, which 

automatically computes porosity descriptors of a molecule, given its set of atom 

coordinates and chemical bonds. Thus, these two works fully enable the first step of the 

pipeline, molecule selection, and prove its feasibility.  

In Chapter 4, we combine our previous methods with modern machine learning 

techniques and information extracted from databases to train a family of random forest 

models with high predictive capacity of material properties (i.e. material porosity) based 



solely on molecular descriptors. We leverage the information provided by our tool Molipor 

and exploit the availability of crystal structures at the Cambridge Structural Database to 

bridge the computationally demanding step of crystal structure prediction in our material 

discovery pipeline. 

In Chapter 5, we show an alternative strategy for molecule selection, proposing novel 

molecules via combination of different building blocks, then selecting candidates of interest 

with help of porosity characterization. In this work, again, we demonstrate the discovery 

pipeline by going through both candidate selection, crystal structure prediction and material 

porosity characterization.  

In Chapter 6, we demonstrate the rational design of a large porous molecules, 

demonstrating its use as a water desalination system and proving the computational 

availability of such analyses, more limited due to the larger size of the building blocks. 

In Chapter 7, we turn our attention to the subclass of molecular belts, by focusing on the 

construction a porous crystal showing nanotube structure, exploiting some previously 

discovered molecular belts with known nanotube properties. For this task, a modified 

version of previously mined molecular belts is proposed and shown, through CSP, to retain 

nanotube structure. This work shows an alternative approach to that of screening or de 

novo proposing molecules.  

Finally, in Chapter 8, we continue our work on molecular belts, introducing alternative 

molecular characterization methods, with specific focus on the shape of the molecule, 

rather than on their porosity. By identifying their corners, these molecules can be further 

characterized. This method is also demonstrated by its use on the discovery of five porous 

molecular crystals with nanotube structure by finding molecules with similar shape 

properties as those presented in Chapter 7.   



State of the Art & Methodology 
 

In this section, we present a review of the state of the art in the field of porous materials 

and, more particularly, on the field of porous molecular materials. Our aim is to: 

• First, introduce porous molecular materials as a subset of the broader class of 

porous materials, justifying our interest on the former.  

• Second, discuss different strategies to discover new porous molecules, as they are 

the basis for porous molecular materials. 

• Third, we analyze existing methods to describe the structure and porosity in porous 

molecular materials as well as outline the approaches to investigate their properties. 

 

1. Porous materials 
 

In this work, we focus on materials with pores of diameter of less than 2 nanometers, 

referred to as nanoporous materials. Porous materials have been used since ancient times, 

mainly for filtration and purification14, and have been gaining more interest in the modern 

era. Industrial applications of porous materials are broad, and include separations and 

storage, ion exchange, and petrochemical cracking1. Recent advances are considering the 

use of porous materials for sustainability purposes, enabling passive filtration systems for 

noxious gas retrieval or water desalination.2,6 Porous materials have also applications in the 

field of medical science, where they help on prosthesis interfacing, drug delivery15., medical 

imaging and biosensing16 The most widely used class of porous materials are zeolites, which 

are either natural and synthetic crystalline porous materials formed by periodic networks 

composed of 4-connected units (typically Si atoms connected by O atoms). Recently, a 

large number of other porous materials, exhibiting framework structure of various 



topologies and chemistries have emerged.17 They include Covalent Organic Frameworks 

(COFs), Metal-Organic Frameworks (MOFs). There are also quasi- and non-crystalline 

porous materials such as Porous Polymer Networks, Polymers of Intrinsic Microporosity 

(PIMs) and others, including porous molecular materials (introduced below).  

1.1 Porous molecular materials 

In contrast to framework materials, porous molecular materials are formed by independent 

molecules that pack in the solid state in a way that the resulting solid exhibits porosity.14 

Porous molecular materials do not involve forming covalent bonds between molecules in 

order to form stable material structures but rather rely on non-bonded interactions such as 

hydrogen bonds and van der Waals. Porous molecular materials were first discovered in 

1976, when a small organic molecule (Dianin's compound) was recognized to have 

properties similar to porous frameworks.11 Even earlier, in 1964, a small molecule (tris(o-

phenylenedi- oxy)cyclophosphazene, TPP) was identified to form crystalline inclusion 

compounds, although the nature of porosity of such crystals was not described till later.18 

Since these two early examples, other porous molecular materials have been reported, 

gradually improving their porous characteristics.  

Before 2009, the record Brauner-Emmett-Teller surface area reported for a porous 

molecular material was about 600 m2/g, whereas the record surface areas in MOFs and 

COFs at the time were around 5200 m2/g and 4210 m2/g, respectively.17 These values 

provide an insight into the developmental gap between porous molecular materials and 

porous frameworks. In 2009, however, Covalent Cages (CC) were first presented7. These 

molecules are built through imine condensation reaction (some authors refer to them also 

as imine cages, we will stick to previous terminology, though). Covalent cages are modular, 

i.e. constructed through building blocks that allow different topologies and geometries. 

This facilitates tuning the properties by selection of building blocks. Introduction of 



covalent cages has increased research interest into porous molecular materials, and other 

cages of other chemistries have been reported. The chemistry of organic molecular cages 

has been recently described by Cooper et. al..19 Research in this direction has narrowed the 

gap between porous molecular materials and classic frameworks. In 2014, Zhang et. al. 

reported an intrinsically porous boronate ester cage material with BET surface area of 3758 

m2/g,20, showing that porous molecular materials can now compete in porosity with 

framework materials. By the time the work on this Thesis has started (see Fig. 1-3), the 

number of reported porous molecular materials was already growing at a fast pace. In the 

recent years, this field has exploded, with abundant examples of such materials being 

published.7,21–23 Some of these examples includes the synthesis of large molecular cages 

based on different chemistries22,24 and the introduction of porous molecules with complex 

structures, such as the organic cage dumbbells introduced by Greenaway and coworkers.25 

Whereas previous examples show molecular cage and derivates, numerous examples of 

molecular belts (i.e. porous molecules with one cavity and two windows) have also been 

successfully demonstrated. We devote a section below to this class of molecules. 

Porous molecular materials exhibit interesting properties that are not inherent to porous 

frameworks, which may make them more suitable to some applications than framework 

materials. The major advantages and otherwise unique features of porous molecular 

materials and/or of their molecular building blocks, as discussed in the literature, are17: 

• Non-covalent synthesis: In contrast porous frameworks, formation of porous solid 

structures in porous molecular materials (either crystal or amorphous structures) 

does not require formation of new bonds. This may facilitate the process of 

growing larger porous solids (for instance, large porous molecular crystals can be 

grown by solvent evaporation, whereas in frameworks erroneous side reactions can 



negatively affect framework construction). The possibility of non-covalent material 

synthesis can be exploited to obtain solids with different properties: 

o Amorphous porous solids: Porous molecules do not need to be grown into 

crystals to harness their properties. It is possible to synthesize amorphous 

molecular solids that retain porosity at the material level.  

o Structural flexibility: Since porous molecular materials do not have covalent 

bonds among their molecules, large rearrangements of the solid state are 

possible. This has led to porous crystals capable of switching their porosity 

(either "on/off” or changing selectivity). This property arises naturally in 

porous molecular materials and is expected not to happen in framework 

materials. However, some similar behavior has been noticed in some 

MOFs, and is being investigated17.  

• Solubility: Many porous molecules can be desolvated in organic solvents, allowing 

them to be solution processed into thin films and membranes. This property 

applies to molecular cages, but also to PIMs. 

• Porous liquids: One particularly interesting feature of porous molecules is that they 

can form solutions in which porosity is maintained. These exploit intrinsic 

molecular porosity to produce materials that can retain pores even in liquid phase, 

which is obtained by adequate temperatures or solvents26.  

 

  



 

Figure 1-3. Timeline of porous molecular materials and their applications. Based on reference14. 

 

Molecular belts 

Among porous molecules, one of the most common types are molecular belts. These 

molecules are characterized by being formed by long chains of atoms that form a structure 

with a single cavity and exactly two windows. They receive their name due to their shape 

resembling that of a belt. Molecular belts are a subclass of molecules that has their own 

research scene, with abundant examples of these molecules available in literature.27–34 One 

interesting application of molecular belts is the formation of nanotube crystals, i.e. 

materials with 1-dimensional porous channels generated by ordered stacking of their 

building blocks.29,35–38 Within this PhD work, we explored the properties of molecular belts, 

exploiting them to propose novel nanotube materials, as depicted in Chapters 7 and 8 of 

this document.  

 

2. Generation and characterization of molecular structures 
 

Porous molecular materials are defined as solids formed by molecules with non-covalent 

bonds among them. Among these materials, many are formed by porous molecules (e.g., 

molecular cages), which confer the material porosity by exploiting their intrinsic cavities 

alongside adequate solid phase arrangements. Thus, finding porous molecules, either 



through database screening or rational design, plays a central role in the discovery of novel 

porous molecular materials. In particular, the detection or fabrication of novel porous 

molecules is a promising way to find novel porous molecular materials, and thus there’s an 

interest on the identification and characterization of such molecules in different contexts. 

In this section, we discuss the previously existing strategies to finding molecular structures 

that lead to porous molecular materials, either de novo or by looking at previously reported 

molecules. We also devote one subsection to the efforts related with computational 

characterization of porous molecules. 

 

2.1 Database screening 

Availability of experimental crystal structures has created an opportunity to spot novel 

porous molecular materials, based on previously identified structures that were never 

considered for this application. Recent efforts have focused on the study of Cambridge 

Structural Database (CSD), a crystallography database that contains more than 900.000 

crystal structures39. The stored crystal structures include molecular information (atom 

positions and bonding), symmetry group information, and other features. However, CSD 

does not include internal surface areas or any other measure of porosity. Thus, porous 

molecular crystals could remain unrecognized in basic CSD database screening. This was 

proved in a precursor study by Evans et al40, who developed a dedicated CSD screening 

approach, where structures with density less than 0.9 g cm-3 and pore diameter less than 

10Å were selected and further analyzed, leading to a set of  32 previously unnoticed porous 

crystal structures. This initial work served as inspiration for other similar approaches. For 

example, Mastalerz et al. focused on CSD structures forming flat ordered sheets, leading to 

the synthesis of a rigid trypticene-based molecule41. In another publication, Evans and 

coworkers aimed to exploit efficiency advances in characterization of material porosity, by 



exploring 150 000 structures from CSD with a geometry-based approach, finding out 481 

potential porous molecular materials13.  A more recent effort by Bennett and coworkers 

combines chemists’ intuition with machine learning to construct models that anticipate the 

synthesizability of porous molecular materials based on information deposited in previously 

existing publications.42  

2.2 Molecular design 

Early discovered porous molecular materials were typically found by serendipity, as a result 

of chemists’ investigation of seemingly unrelated issues. Not many were reported before 

2010, and their pore sizes and internal surface areas were generally lower than ones of 

porous framework materials. This picture has changed with the introduction of porous 

organic cage materials, which rely on modular chemistry. Imine cages, for example, are 

built from simple molecular building blocks using imine condensation reaction7,43 (see 

Figure 1-4). 

 

 

Figure 1-4. Modular chemistry for cage design. Adapted from reference14. 

Generally, by combining adequate building blocks and reactions, a huge family of different 

molecular cages can be constructed. Thus, new porous molecular materials are expected to 

arise soon as the chemist have begun exploring the space of possibilities offered my 

modular chemistry. As the set of potential molecules is huge, some studies on possible 



topologies have been presented. Santolini et al define molecular topology as "the 

underlying connectivity of molecular building blocks in the molecule, which is unchanged 

upon any physical deformation".44 The analysis of feasible topologies is interesting as guide 

the prediction of molecular arrangements of building blocks, guiding the process of 

discovery of novel porous molecular structures. Thus, experimental efforts can be directed 

towards such unexplored topologies, leading to synthesis of new porous molecules. As 

illustrated by Santolini and coworkers, even with same topology (i.e., same connectivity of 

building blocks), different isomers can arise by conformational changes in the molecule. 

This idea is illustrated in Figure 1-5. Topological descriptors have also been shown to have 

predictive capacity over material adsorption properties, as demonstrated in a recent work 

by Krishnapriyan and coworkers.45  Many efforts have been done in the later years in order 

to provide the scientific with computational tools to anticipate molecular structure and 

topology, as, for instance, the STK tool introduced by Turcani and coworkers.46 Some of 

these achievements have been summarized in a recent minireview by Greenaway. 47  

Molecular topology is then insufficient to fully understand porosity of a porous molecule, 

as many aspects, such as pore size, window size, or window shape, will depend on the 

geometry. Thus, topological analysis should be combined with conformational analysis to 

predict the exact shape of a proposed connectivity of building blocks, and geometrical 

analysis (such the one discussed throughout this text) will be necessary to fully understand 

a given molecule in terms of its porosity.  



 

Figure 1-5. Molecular topology and molecular geometry. Two porous organic cages with same underlying 

topology (tetrahedral, shown in a) and different geometry (octahedral shape in b; tetrahedral shape 

in c).  

Alternatively, some authors have put their attention into cavity shape, in order to fine-tune 

molecular design for specific purposes. In this direction, Sturluson et. al. presented an 

article where they characterized the shape of molecular cavities with visualization tools. 

Then, by using a set of 74 organic cages as reference, they constructed a space of molecular 

cavities, in which latent cavity properties are stored.48 After this purely computational work, 

another approach exploited chemical self-sorting properties to fine-tune molecular cavities 

of cages in an experimental setting.25  

Another strategy, considered by some authors, as in the work of Cui et. al.,49 is to revisit 

known molecules with alternative synthesis approaches to achieve novel materials. In this 

work, an automated CSP pipeline is combined with high throughput crystallization to 

achieve stable hydrogen bonded frameworks. The work also serves as a demonstration for 

a hybrid computational-experimental setting that could be useful in materials discovery.  

 

  



2.3 Molecular characterization 

Until very recently, characterization of porous molecules was limited to standard molecular 

descriptors, e.g. mass, outer molecular dimensions (e.g. length, width), surface area, and ad 

hoc-developed descriptors that address porosity, e.g. pore diameter. Concurrently with the 

development of this work, an effort to develop basic molecular porosity descriptors was 

presented with the purpose of aiding screening study, i.e. porous organic molecules for 

xenon/krypton separations50. Miklitz et. al. presented methodology, alongside a python 

library named pywindow,51 to calculate several molecular descriptors, in particular: 1) 

Maximum diameter of the molecule, understood as the biggest distance between any two 

atoms of the molecule; 2) Intrinsic void diameter, defined as the distance between the 

center of mass of the molecule and closest atom (corrected with Van der Waals radii); 3) 

Spherical void volume, defined as the volume of the sphere centered in the center of mass 

with radius equal to the intrinsic void diameter; 4) Number of windows for the molecule; 5) 

Window sizes. Number of windows and window size is defined through an algorithm that 

distributes rays uniformly from the center of mass of the molecule towards an outer 

sphere, then checks whether these rays come close enough to any atom, discarding those. 

Afterwards, remaining rays are clustered with a density-based clustering algorithm. Thus, 

number of windows equals number of clusters. Each cluster is then used to reconstruct a 

plane that represents the entry window, giving an estimate of window size. The approach 

discussed in this work represents a first attempt to provide molecular porosity descriptors. 

However, it is a rather simplified description, where the molecular pore is assumed to be 

unique and placed at the center of mass of the molecule; similarly, windows are assumed to 

be aligned with the molecular cavity (i.e. center of mass in this abstraction), limiting the 

application of this technique to only certain situations like the basic covalent cages 

discussed in section 2.1. Moreover, this approach assumes a particular structure (i.e. porous 

molecule) and is not suited for discrimination between porous and non-porous molecules. 



Opposed to Miklitz’s work, I developed a more sophisticated approach that generalizes for 

any pore position (even multiple pores within the same molecule) and successfully 

discriminates porous molecules from non-porous ones. This development is the 

foundation of this PhD thesis, and strategy is discussed throughout Chapters 2 and 3 of 

this dissertation. 

Molecular shape 

So far, molecular structure has been considered in numerous applications, with a main 

focus on molecular cavities and their size and accessibility. A less exploited property is that 

of molecular shape. Some recent works focus on cavity shape, as in the study introduced by 

Sturluson and coworkers, where cavity shape is processed with imaging techniques, and 

further analyzed with help of unsupervised learning techniques.48 Beyond this effort, there’s 

a general lack of approaches that characterize molecular shape, with only one work by Kier 

et. al.,52 dated back at 1985, that restricts to small molecules with less than 10 atoms. As part 

of this PhD work, we further explored this direction, characterizing shape of molecular 

belts with help of computational geometry and clustering techniques. This work is depicted 

in more detail in Chapter 8.  

2.4 Molecular porosity classification 

Porous molecules are the key component of porous molecular materials. However, the 

definition of the terms ‘porous molecule’ and ‘molecular porosity’ has not been precisely 

defined, being left up to chemists’ intuition instead. The latter may lead to ambiguities, 

especially in the case of borderline cases. This problem is illustrated in 2D in Figure 1-6, 

where several shapes are shown with possible categorizations. In the real, 3-dimensional 

scenario of porous molecules, the problem is even more complex.  

 



 

Figure 1-6. 2D representation of ambiguity in definition of molecular porosity. Purple lines represent 2-

dimensional objects that somehow trap space (in two dimensions). Leftmost object is linear and 

encapsulates no space. Rightmost object is squared and traps a region of space completely. Between 

these two extremes, intermediates may occur, with different levels of ambiguity. Inevitably, a 

threshold has to be chosen, with cases close to the middle point being at risk of being misclassified.  

This figure illustrates the problem of definition of porosity in molecules.  

The lack of consistent rules for classification and naming of porous molecules poses 

another challenge. For example, some authors classify circular porous molecules (such as 

noria53) as belt molecules, whereas others refer to them as cages or macrocycles. Similarly, 

some authors identify certain molecules as cup-like molecules. The porosity within the 

porous molecule can be further classified. Modern authors differentiate between intrinsic 

and extrinsic porosity14,17,40. Although the exact basis of classification is a subject of debate, 

most of chemist agree on that intrinsic pore has to be secluded within the molecular 

structures while extrinsic should be more open and exposed to the outside of the molecule. 

Again, the challenge is on classifying borderline cases lacking a strict definition, e.g. 

triptycene OMIMs are classified as having both "intrinsic microporosity" and "extrinsic 

porosity"14,41. This same conflict appears when discussing the type of porosity found in so-

called belt-like molecules: some authors consider this to be intrinsic, whereas others call it 

extrinsic. These situations are illustrated in Figure 1-7. The dual nature of porosity has been 

observed in imine-linked molecular cages,54 suggesting the ubiquity of the phenomenon, 

and thus the need to establish clear definitions that help researchers to better understand 

this phenomenon and its consequences in material engineering. 



In this work, we establish an exact definition of molecular porosity, which we also qualify 

as intrinsic porosity, providing the scientific community with tools to overcome this 

ambiguity.  

 

 

Figure 1-7. Examples of molecules exhibiting different structures and kinds of porosity. (a) Non-porous 

molecule that exhibits crystal porosity (extrinsic); (b) Molecular belt showing intrinsic porosity; (c) 

Porous molecular cage showing intrinsic porosity.  



3. Computational characterization of materials 
 

In this section, we outline the most important computational methods and approaches to 

analyze and characterize material structures. As there are several aspects to be considered, 

and therefore we have divided the section in several subsections.  

In the first subsection, we discuss the physical models describing interatomic and 

intermolecular interactions. The latter are critical to understand how the systems of interest 

to us (that can be single molecules, materials, or even material-host pairs) behave at the 

atomic scale. 

In the second subsection, we discuss structural models aimed to describe how molecules 

pack in space, either in an ordered (crystal) or disordered (amorphous) phase. 

The third and fourth subsections are devoted to discussing the existing tools to analyze 

structural and physical properties of a material. In particular, the third subsection is 

devoted to material porosity (more critical to our approach), while fourth subsection 

studies other relevant properties such as guest-molecule-related diffusion and adsorption.  

 

3.1 Physical models 

Most of the physical approximations supporting this PhD work rely on classical physics to 

model the interactions between atoms in the considered systems. These interactions 

account for both intermolecular (non-bonded) and intramolecular (bonded) terms, and 

coarse-grain electronic degrees of freedom into point charges55. Some examples of the use 

of force fields can be found in literature, both for isolated hosts and host-probe 

interactions56. As part of the work presented here, some off-the-shelf potentials were used, 

in particular the OPLS_2005 force field57. In the OPLS_2005 framework the expression for 

non-bonded interactions, which are critical in studies of molecular assemblies, is: 



∑
𝐴𝑖𝑗

𝑟𝑖𝑗
6 −

𝐵𝑖𝑗

𝑟𝑖𝑗
12

𝑖<𝑗

+ 𝐶
𝑄𝑖 · 𝑄𝑗

𝑟𝑖𝑗
2  

The first two terms correspond to classic Lennard-Jones potential. First term (r-6 term) 

models weak molecular attractive forces, whereas second term (r-12 term) stands for strong 

Pauli restriction and other repulsive forces that appear when molecules are too close to 

each other. The third term is the classic Coulomb term, which models electrostatic 

interactions between atoms. Aij and Bij are parameters that can be fitted to reproduce the 

desired reference data. C is the electric interaction constant for Coulomb law.  

 

3.2 Structural models 

Structural models define how materials’ building blocks, atoms and molecules, are arranged 

in space to form a material. Porous molecular materials can exist in crystal and amorphous 

phases. In each case, building the structural model from the corresponding molecules 

requires a different procedure.  

Crystal structure prediction 

Crystal Structure Prediction (CSP) approach predicts crystal phases expected for a given 

molecule. Generally, the procedure for CSP consists of the following steps:  

1) Multiple possible crystal structures are generated in different symmetry space groups. 

This can be done in multiple ways58. One simple approach consists on the random 

generation of trial structures. Other approaches often used involve Monte Carlo Simulated 

Annealing technique or metaheuristic algorithms (such as Genetic Algorithms). 

2) The structures generated in (1) are optimized to minimize the crystal free energy. This is 

often approximated with the potential lattice energy, e.g. the physical model described 

above. The latter can be defined in different ways40. One possible approach is to combine 



Lennard-Jones and Coulomb potentials to have a rough approximation of the molecular 

forces for a given configuration59,60. 

3) Redundant structures (i.e., final structures with similar energies and geometries) are 

clustered together. As a result, multiple possible structures appear as possible arrangements 

of a given molecule in crystal phase. The map of energy values for these multiple structures 

is commonly called the energy landscape (see Figure 1-8). Typically, structures observed 

experimentally correspond to the global minimum of the potential crystal energy, if the 

physical model has been correctly chosen. In some cases, different experimental routes for 

the same molecule, can lead to the observation of more than just one crystal structure 

featuring different symmetry. Different experimentally observed crystal structures for the 

same molecule are called polymorphs. 

Crystal structure prediction has only been recently used to successfully de novo predict 

crystal phases of covalent cage 4 (CC4)61. We validated our CSP approach by predicting 

structures for cage molecule CC1 and comparing our results with experiments. We 

employed the UPACK package for the structural model based on the OPLS_2005 force 

field to describe the physical model.  In figure 1-8 panel a we present the crystal energy 

landscape for cage molecule CC1 obtained within our CSP approach. Both experimentally 

observed polymorphs of CC1, e.g. CC1- and CC1-, are predicted in the low energy 

region of the crystal energy landscape. In Figure 1-8 panel b and c we show that our 

predicted structures are indeed good geometrical match of the corresponding experimental 

structures, therefore validating our procedure. More details can be found in the ESI 

(electronic supplementary information) of Article 1. 62 Having validated our procedure with 

cage CC1, we applied the same approach to predict the experimentally unknown crystal 

phases a set of porous molecules discovered with help of the tools developed in this work. 

These results are presented in Article 1.  



 

Figure 1-8. Crystal Structure Prediction for CC1. (a) Energy landscape for CC1 simulated structures. 

Structures corresponding to the experimentally observed polymorphs are labeled as CC1-’ (red 

point) and CC1-’ (blue point). (b-c) Geometrical match of the predicted (red) and experimental 

(blue) structures corresponding to CC1-’ (panel c) and CC1-’(panel b). Figure taken from 

reference with permission of the authors62. 

Amorphous structure prediction 

Porous molecular materials in the amorphous phase may exhibit interesting properties and 

higher porosity than their crystal counterparts due to less efficient molecular packing. 17 

Predicting structures of amorphous phases has been already applied to study several porous 

molecular materials63. The procedure consists of four steps: 1) Random placement of 

molecules in the space defined by a proposed simulation box to very low density 

(approximately 0.1 g/cm3); 2) Molecular dynamics step at constant volume and temperature 

to predict molecular assembly; 3) Compression of the periodic simulation box at constant 

temperature to achieve density values comparable with experiments; 4) Final relaxation of 

the system achieved by energy minimization. 



As the practical implementation of this approach involves periodic boundary conditions set 

for the simulation box, large simulation boxes with many molecules as well as many box 

replicas are necessary to properly model the disorder of the amorphous system. The 

application of this scheme to systems with large molecules requires parallelization (e.g. high 

GPU acceleration) to carry out calculations in a reasonable time. For example, Evans et 

al.63 applied these methods to study the amorphous phase of the previously mentioned cage 

CC3, obtaining surface area between 600-700 m2/g, whereas experimental BET test 

provides values of around 800 m2/g. Thus, predictions reasonably agree with experimental 

observations. 

3.3 Computational analysis of material porosity 

Characterization of porosity of a material is critical to understanding how the material 

structure will perform in related applications. In this section, we review computational 

approaches and relevant definitions used in studies of porous materials.  

Pore limiting diameter and largest cavity diameter 

Two main parameters informing of material porosity are the pore limiting diameter (PLD) 

and largest cavity diameter (LCD). The LCD is the diameter of the largest sphere that can 

lie within the host structure without intersecting any atoms. PLD, on the other hand, is the 

diameter of the largest sphere that can diffuse through the periodic pore network. These 

concepts are depicted in Figure 1-9. These terms are also referred as largest included sphere 

and largest free sphere. 

 



Figure 1-9. Material porosity descriptors. Black color represents the material, white color represents 

empty space of the material. Red circles indicate position of spheres determining both LCD and 

PLD. Taken from www.maciejharanczyk.info/Zeopp with the consent of the author. 

Several approaches exist in the literature in order to compute these two parameters. First 

implementations involved Delaunay triangulation, a computational geometry technique that 

triangulates a set of points favoring non-sharp triangles. Delaunay triangulation involves 

the construction of a set of circumscribing spheres, which must contain no point but those 

forming the circumscribed tetrahedron. The spheres radii and the radii of their 

intersections can be used to find both LCD and PLD, respectively64,65. Alternatively, grid-

based methods construct a grid of evenly distributed points within the host material, 

computing distances from those points to the nearest atoms. That information can be used 

to reconstruct both LCD and PLD66 using a multiple labeling algorithm from Hoshen and 

Kopelman67. This approach has the inconvenience of being computationally expensive, 

especially if accurate, dense grids are involved. The most recent approach seeks to 

overcome this problem by using Voronoi tessellation (see Figure 1-10), a technique that 

provides a graph-based representation of the voids within the host material68. An 

implementation of this approach is comprised in a software tool named Zeo++, available 

online. In this solution, the graph produced by Voronoi tessellation is also used to compute 

several other descriptors, such as the dimensionality of the channels within the host. All 

these approaches are somewhat related, as Voronoi tessellation is the dual of Delaunay 

Triangulation (i.e. Voronoi graph's nodes are placed in the center of Delaunay triangles). 

However, the use of Voronoi tessellation provides more direct information about the 

cavities within material structure and their distance to atoms (i.e., most probable regions for 

probes to travel through the material).  

 

http://www.maciejharanczyk.info/Zeopp


 

Figure 1-10. Voronoi tessellation in Zeo++.Voronoi tessellation is a computational geometry 

technique that, given a set of points as input, constructs a graph that partitions space letting points 

at 'center' of the partitions. This technique is central to many of the methods developed in this 

work, and will be described in detail in Section 4.3. Image taken from reference68 with the consent 

of the author. 

 

Surface area, accessible surface area and accessible volume 

The internal surface area accounts for porosity of a material. Thus, assessing this value 

computationally is useful in order to determine whether a material is porous. This problem 

is typically assessed through Monte Carlo sampling techniques69,70. One common strategy is 

to sample a fixed, uniformly distributed set of points over surface of each atom of the 

molecule. The ratio of points not lying in atom overlap regions, adjusted by atom radii and 

number of atoms, provides an estimate of the total surface area of the solid phase.  

To compute accessible surface area, a similar technique is applied. 68 The goal is to compute 

the portion of surface area accessible to a probe from the outside of the material. To do so, 

accessible Voronoi nodes are computed (i.e., nodes reachable by a probe of fixed radius). 



Then, points are sampled over these atoms only and the previously described procedure is 

followed to determine the accessible surface area.  

In order to compute accessible volume (i.e., volume that is not occupied by atoms), similar 

technique is applied, 68 with points sampled over the whole periodic box instead of just 

over the atoms surface. 

Intrinsic and extrinsic porosity 

Two main types of porosity may be identified in the context of porous molecular materials. 

On one hand, intrinsic porosity is caused by the presence of a permanent pore within the 

molecules. Cage-like (covalent cage 1 and 3)7 and belt-like (cucurbiturils71 and noria53) 

molecules build crystals with intrinsic porosity. On the other hand, inefficient packing 

causing voids to appear outside previously existing cavities are defined as extrinsic porosity. 

OMIMs molecules41 provide an example extrinsic porous molecular material. Intrinsic and 

extrinsic porosity may appear together, when intrinsic voids and inefficient packing happen 

at the same material. Computational methods to analyze nature of porosity are currently 

lacking, and therefore this property can only be identified with the aid of visualization 

packages.  

Dynamic porosity 

All the methods to characterize porosity discussed thus far assume that the host structure is 

rigid, i.e. calculate the porosity descriptors for a single configuration of atoms defining the 

material structure. In reality, porous molecular materials are rather soft, dynamically 

changing structures due to thermal fluctuations and/or external stimuli. It has been shown 

that some solids behave as porous (e.g. adsorption capacity), even though their pores 

appear to be inaccessible. This has been termed as “porosity without pores”. 72 This 

phenomenon has two explanations: 1) dynamic motions within the host cause temporary 



pores to appear, even when empty; and 2) host-guest interactions disturb the crystal 

structure temporarily creating internal voids. To explain this behavior, computational 

approaches have been taken, mainly molecular dynamics simulations73. 

3.4 Property prediction for porous molecular materials 

The current state of the art computational methodology can be used to predict vast 

spectrum of materials’ properties, e.g. mechanical, electronic and optical properties.  

However, in the context of the most common applications of porous materials, e.g. 

separations and storage, the properties of interest are ones that describe guest molecule 

adsorption and diffusion. 

Gas adsorption 

Gas adsorption in porous materials has been simulated with help of Grand Canonical 

Monte Carlo (GCMC)74, combined with lattice energy calculations based on physical 

models. GCMC is an approach that simulates the behavior of a system of particles by 

randomly adding/removing and then randomly perturbing position of particles in an 

iterative way. Two particles are not allowed to occupy the same point of space, and 

particles have more erasure probability if they belong to high concentration regions. 

Resulting GCMC configuration are scored for acceptance or rejection. Typically (e.g. in gas 

adsorption simulations), this score is based on free energy, computed with classical force 

fields (as discussed above) However, more high-level approaches, combining ab initio 

configurations and DFT simulations, have also been explored. The use of GCMC not only 

gives an estimate of material adsorption, but also highlights favorable adsorption sites. The 

main limitation of “mainstream” GCMC in porous molecular materials is the assumption 

of rigidity. This can compromise the predicted adsorption in such models75.  

Gas diffusion  



To simulate gas diffusion within a host, classical molecular dynamics (MD) simulations are 

the most common approach76,77. Molecular dynamics (MD) solve a system of Newton's 

equations for motion of the system. To establish a diffusivity value for a guest-host pair, 

hundreds of diffusion events need to be observed during simulation, typically involving few 

nanoseconds of physical time. However, in the cases where diffusion is a rare event, larger 

simulation times may be needed (up to 1000ns). Due to the computationally demanding 

nature of MD simulations, this poses a problem that has been addressed through other 

approaches, such as transition state theory. 78 

 

4. Machine Learning 
 

In this section, we give an introduction to the field of machine learning, with special focus 

to their applications in chemistry and materials science. Machine learning is a field of 

research that focuses on the development of algorithms capable of “learning” from data. 

The techniques provided by this field have been successfully applied in many scientific 

areas, including chemistry. Some recent advances in machine learning applied to 

computational chemistry include the use of neural networks79 and random forest80,81 for 

various applications. Some interesting approaches, that attempt to improve the 

computationally demanding CSP, have been presented82–84. The work of Schütt et. al.82  

replace DFT calculations with a machine learning model that enhance solid phase 

predictions. In another work, Turcani and coworkers85 developed a machine learning 

model to predict molecular properties based on the nature of their building blocks, 

anticipating cage-like molecule behavior and, potentially, improving the step of candidate 

selection for a discovery pipeline like the one discussed in this dissertation. These and other 

works demonstrate how modern machine learning techniques can improve challenging 



tasks in material science. In order to provide with a reliable framework to realize neural 

network models in the context of computational chemistry, drug discovery and materials 

science, Korshunova and coworkers introduced OpenChem86. This framework is prepared 

to build a variety of neural models with different architectures, allowing to move from 

different chemistry formats (e.g. SMILES) directly towards predictive models of properties 

of interest, offering a promising tool that should ease the burden of accessing ML and 

neural networks to scientists who lack the technical knowledge for complex software 

implementations.  

In the following sections, some technical aspects about machine learning are introduced. 

Machine learning techniques are commonly classified in two main groups: unsupervised 

and supervised.  

4.1 Unsupervised learning 

Unsupervised learning techniques aim to identify underlying structures in the data without 

the need of a prior classification. One common form of unsupervised learning is clustering, 

which attempts to group the data based on the similarity of different elements of the 

dataset. Some examples of clustering algorithms are density-based clustering87 and k-means. 

Another commonplace approach to unsupervised learning is the set algebraic methods. An 

example of such methods is principal component analysis (PCA).88 PCA redefines the 

frame of reference axis based on eigenvectors of the dataset, selecting novel directions that 

encode more variance than the original axes. The use of PCA allows to re-orient highly 

dimensional data, obtaining a representative way to project it in lower dimensional spaces, 

enhancing data visualization and allowing for dimensionality reduction with minimal loss of 

information in the process.  

4.2 Supervised learning 



Supervised learning techniques aim to construct models that link given inputs (predictors) 

with properties of interest. Supervised learning ranges from classical regression methods, 

such as linear and logistic regression, to modern artificial intelligence techniques, such as 

neural networks (with a wide presence in modern problems in the form of deep 

networks)79,89 and random forest models90. Classical statistical regressors are widely used in 

many research areas, due to their simplicity. The linear nature of the mathematical function 

produced by these techniques makes them very limited when the data presents complex 

interactions and non-linear relationships. Modern AI techniques, such as random forest or 

neural networks, have a much higher predictive power, due to their capacity to represent 

more complicated mathematical functions, at the cost of reducing model interpretability.  

Generally, supervised learning models tend to produce predictions that are not completely 

accurate. To assess their performance, several measures have been introduced. These 

measures vary if the model is a regressor (i.e. it attempts to predict a numeric outcome) or a 

classificator (i.e., it attempts to predict the element belonging to a specific class). For 

regression models, some common measures are: 

- Coefficient of determination (R2): This number is interpreted as the fraction of 

the variance explained by the model, and takes value in the interval (-∞, 1], with 

negative values meaning that the model has poorer predictive capacity than just 

taking the mean of the sample as prediction, and a value of 1 meaning a perfect 

prediction.  

- Root mean squared error (RMSE): The squared root of the mean squared error 

(the sum of the distances from the predicted to the real value for the test set). This 

number needs to be considered on the scale of the data and it indicates a better 

performance when is lower. This measure is sensitive to outliers and can be used as 

a double check for such. 



- Mean absolute error (MAE): The mean absolute difference between the 

predicted and the real value. As RMSE, must be considered on the scale of the 

data. It is, however, less sensitive to outliers and should be considered accordingly. 

For binary classificators (i.e. classificators that consider only two possible output 

categories), some used measures of performance are: 

- Area under the ROC curve: The Receiver Operator Characteristic (ROC) curve 

represents the sensitivity vs 1-specificity for the model, using a moving probability-

of-acceptance threshold. The area under this curve takes a value between 0 and 1, 

with a value of 0.5 representing a predictive capacity equal to tossing a coin, and a 1 

representing a perfect (no error) prediction. Typically, 0.7 is taken as the threshold 

of acceptance of this measure. This measure is more reliable in balanced datasets 

(i.e. similar number of elements of each class).91 

- Area under the PR curve: The precision-recall (PR) curve represents the precision 

vs the recall. The area under this curve takes a value between 0 and 1, with its lower 

boundary on the data skew (ratio of cases). It should be compared with this value 

in order to realize the improved capacity of the model on retrieving cases from the 

data. Due to its nature, this measure is more relevant when the controls outnumber 

the cases.91,92  

 

In order to assess the performance of the model, the discussed measures should be 

computed, ideally not on the same dataset used for training the data. Otherwise, the risk of 

overfitting appears (i.e., the model learns the data in a very accurate manner but predicts 

poorly elsewhere). The most basic approach to deal with this problem is to randomly split 

the dataset in two subsets: one for training (typically containing 70-80% of the data) and 

one for testing (containing the remainder of the data). This approach allows to train and 



test the models with different data, at the cost of reducing the data available for training. 

Moreover, this approach introduces some risks of bias if an “unlucky” split is taken. 

Alternatively, more advanced methods, such as cross validation and bootstrapping, can be 

utilized. These shuffle the dataset, taking random candidates and constructing multiple new 

datasets from the original one. Then, the models are trained and validated using these 

datasets. This way, the performance measures can also be provided with some statistics 

(e.g. confidence intervals) that allow to assess model stability. On random forest models, 

the algorithm itself uses what is called an out-of-bag (OOB) sample: subsets of predictors 

and subsets of entries used to construct different part of the forest. Thus, the OOB error 

can be observed as an unbiased, cross validation-like measure of random forest 

performance. 

  



5. Overview on the molecular porosity algorithms 
 

Determination of molecular porosity is a task that so far has required a trained chemist to 

visually inspect molecular structure. Instead, we aim to provide the community with 

definitions and tools to determine whether a molecule is intrinsically porous, removing 

ambiguity and speeding up the analysis process, therefore enabling high-throughput studies 

of large sets of molecules. In this PhD work, I developed several algorithms to characterize 

molecular porosity. These algorithms, with their corresponding mathematical definitions, 

are introduced mainly in Chapters 2 and 3 of this work. In this section I introduce a brief 

overview of these algorithms, which summarizes the methods detailed later. There are 

several aspects of the molecular porosity analysis, which are presented below. Each of them 

will be addressed by developing a specific molecular descriptor. Main challenges of this 

work, highlighted in Figure 1-11, are the following: 

• Detection of internal voids in a provided molecule, and their characterization with a 

pore exposure ratio (PER) descriptor, which measures the exposure of internal 

voids to the surroundings of the molecule. This is required to classify voids as 

molecular pores.  

• Detection of molecular windows that connect the internal space of the molecule 

with its surroundings; as the result, the number of windows present in the molecule 

is provided. 

• Detection of paths of maximal distance to atoms that connect the surroundings of 

the molecule to its internal voids; as the result of solving this problem, the number 

and size of entry paths can be calculated. 

• Calculations of probe sizes that could access/occupy pores; as the result of solving 

this problem, the molecular largest cavity diameter (LCD) and pore limiting 

diameter (PLD) are calculated. 



• Computation of internal surface of a molecule; as the result of solving this 

problem, internal surface area (ISA) is computed.  

 

 

 

Figure 1-11. Schematic view of molecular porosity features. Bonds are represented as purple lines, 

and atoms as purple circles. Atoms are displayed as points in figures A-C for simplicity. (A) 

Concept of internal space: Purple lines represent chemical bonds of an idealized cube-like 

molecular cage. Inner space is the region placed surrounded by bonds and atoms. This space is 

separated from outside by a surface bounded by atoms and bonds. (B) Concepts of entry path and 

chemical window: A chemical window is a set of bonds and atoms that surround a region of void 

space through which internal cavities may be accessed; an entry path is a segment connecting one 

outer point with one inner point. This segment is the one with maximal distance to atoms, among 

all possible segments. This distance (DR) is typically known as restriction. (C) Example of irregular 

window: Top view of a chemical window (bonds as purple lines) with irregular shape. Chemical 



bonds bound a single surface, but two entries with different restriction values (referred to as D1 and 

D2 respectively) can be identified. This kind of window will have two associated entry paths, 

marked as red empty crosses. (D) Internal surface area: In here, atoms are represented as purple 

circles (purple lines stand for bonds). Red colored regions of the atoms represent the points on 

their surface that are internal. S1 to S4 are the surfaces of the red colored regions. Internal surface 

area is the sum of the surfaces of the internal region/s of each atom. 

 

 

 



Contributions 

 

Facilitating discovery of new porous molecular materials is the long-term goal of this work. 

In Figure 1-12, a general discovery pipeline is outlined with further highlight of our 

contributions. At the start of this PhD thesis, molecular porosity detection and 

characterization was done by trained chemists with the aid of visualization tools. After the 

introduction of the tools presented in this dissertation, our group replaced visual inspection 

by automated analysis at various levels, and we expect this work to serve to other scientists 

interested in similar molecular properties.  

The work developed in this thesis demonstrated that automated molecular porosity analysis 

aids several key aspects of the porous molecular materials discovery pipeline, as is 

highlighted in Figure 1-12. For example, by screening of chemical databases (such as 

PubChem93 or the Cambridge Structural Database94) we discovered porous molecules that 

had never been considered in this context. Another application of molecular porosity 

algorithms is the study of molecular interlocking in solid phase (e.g. crystal structures 

involving several molecules in a periodic box), facilitating CSP and amorphous structure 

prediction by decreasing the number of possible initial configurations. Moreover, with help 

of the introduced random forest models, our pipeline shall overcome the need of 

performing CSP, or, at the very least, bring data-driven guidelines to select the most 

promising candidates to be either studied via this method or experimentally synthesized, 

saving time and resources for the scientists.   



 

Figure 1-12. Contributions of this PhD work to the pipeline of porous molecular materials 

discovery. Analysis of molecular porosity (bottom, left) contributes in multiple steps to the process 

of discovery of new porous molecular materials: 1) Facilitation of candidate identification by 

dramatically narrowing down the existing molecules in databases (from millions to thousands); 2) 

Detection of molecular interpenetration for  improved crystal structure prediction; 3) Automated 

analysis of candidate molecules generated via in silico assembly (rational and automatic). The 

integration of random forest models (bottom, right) can bypass the computationally expensive steps 

of solid phase prediction. Other key early steps on the pipeline, taken throughout this work, are 

also reflected. Projects in Chapters 2, 5, 6 and 7 also involved structure prediction (CSP in 2, 5 and 

6, ASP in 7). Purple arrows point towards key steps of the pipeline, boosted within the 

corresponding chapters. 

 



This PhD thesis contributes to the community of porous molecular materials researchers in 

three forms.  First, it introduces definitions and algorithms to study molecular properties 

(mainly porosity, but also molecular shape), bringing cheminformatics tools for automatic 

calculation of molecular descriptors. Second, it discovers novel materials aided by the tools 

and definitions previously introduced, also demonstrating their applicability. More 

particularly, we demonstrate the discovery of several novel porous molecular materials 

throughout different studies. Third, it introduces a computational toolbox and online 

resources readily available for their use by researchers that aim to take advantage of its 

results. 

On the molecular characterization side, we introduce seven molecular descriptors for 

molecular porosity, namely:  

• Pore Exposure Ratio (PER): This novel definition provides a measure of how 

exposed a given point is to its surroundings. The algorithm studies relative position 

of atoms and bonds, assigning a value between 0 and 1 (the closer to 0, the more 

surrounded it is). With the help of this value and a threshold (empirically selected), 

we can decide if a point is inside the molecule.  

• Molecular cavity characterization: Via an algorithm that combines PER and 

Voronoi tessellation, we provide a list of relevant molecular cavities, along with 

their size (i.e., distance from the center of the cavity to closest atom). 

• Molecular windows definition: Definition of what a chemical window is, 

understood as a set of atoms and bonds that separate inner and outer space. Along 

with the definition, an algorithm to discover chemical windows is presented.  

• Entry paths: Trajectory of a probe molecule that enters or leaves a cavity of the 

molecule. An algorithm, based on Voronoi tessellation and cavity detection, is 

provided along with the definition. Entry paths have associated the distance to 



closest atom, which determines the “entry size”. The largest among the entry sizes 

defines the Maximum Window Size descriptor. The Number of Entry Paths is 

another descriptor. 

• Internal surface area: Based on the PER definition, provides information on the 

amount of molecular surface that is oriented towards the inside. A Monte Carlo 

approach is provided to compute this value. 

We introduce the following contributions in form of applications in the field of porous 

molecular materials: 

• Twenty novel porous molecular materials: We introduced a total of 20 

computationally predicted novel PMMs, 6 of which came from direct screening 

(Chapter 2),  10 more obtained via in silico automated design combined with 

candidate analysis (Chapter 4), another 3 coming from a combined 

screening/rational modification of candidates (Chapter 5) and one more based on a 

rationally designed, large imine cage which is also demonstrated to serve for water 

desalination purposes.  

• Two repositories of porous molecules: Our efforts allowed us to introduce the 

largest existing repository of porous molecules, consisting on 6020 molecules 

extracted from PubChem plus another 17832 molecules extracted from CSD. 

These repositories were obtained throughout the whole PhD work and are 

discussed in Chapters 2, 3 and 8   

Finally, we introduce the following online resources, available to be used by the scientific 

community. In particular:  

  



• A chemoinformatics C/C++ software tool, named Molipor, available online 

(http://www.nanoporousmaterials.org/programs/) ready to be used for 

characterization of molecular porosity in various contexts. 

• A family of random forest models, available online, for improved prediction of 

material properties based on molecular descriptors (computable with Molipor). 

These are provided alongside the scripts to compute them with R.   

• A library of functions to compute shape descriptors for belt-like molecules, 

available online.  

 



 



Discussion  
 

1. Understanding porosity: A mathematical challenge 
 

Characterization of molecular porosity is a challenging task. In our model, atoms are solid 

spheres, and bonds are segments connecting atoms’ centers. Thus a molecule is considered 

a 3-dimensional object that may have voids between the regions of space occupied by 

atoms. It is precisely the presence of these voids (and how are they surrounded) what 

determines whether a molecule can is porous, and thus, identification of such regions is our 

main interest. An intuition of this is given in Figure 1-12A, where an ideal cage molecule is 

shown (bonds only). The space within the cube (called “inner space” in the diagram) would 

be empty, but somehow surrounded by bonds and atoms.  The founding of this PhD work 

is on detecting this scenario, introducing definitions (and corresponding algorithms) that 

formalize this concept and resolve boundary cases. 

Classical mathematical theories have a lot of tools to deal with the idea of a point being 

interior to an object. Such tools can operate in very arbitrary spaces, but don't adjust well to 

this problem. The reason for this is that, even though we look for 'internal space', that 

space is, in the set-theory sense, 'outside' the object of our interest, as it does not intersect 

with atoms. This constitutes the main challenge in this study: finding a criterion that tells us 

which part of the space, not being part of the molecule, is trapped by it. To turn this idea 

into a working method, we exploit atom positions and bonding information, analyzing how 

would the surroundings of the point would look if observed from that position. From an 

actual cavity within the molecule, this vision should be restricted to one or several 

“patches” of space, which should not be too large. On the other hand, from outside the 

molecule, the surroundings should be easily visible. This intuition is what led us to the 

definition of Pore Exposure Ratio.  



As it can be seen, PER is a completely novel technique, which addresses two difficult 

challenges as finding the space trapped by a solid object and detecting windows to that 

space. This technique could be extended, potentially, to many other structure-related 

problems, ubiquitous in chemistry and biochemistry. We hope to explore that in the future. 

 

2. Molecular descriptors 
 

Throughout this PhD work, we defined several molecular descriptors that provide 

information about molecular porosity based on geometry. All these six descriptors are 

based on the algorithms and have been implemented in form of a software tool and 

validated over a big subset of example molecules. Thus, we consider them to be reliable 

enough to be utilized by the scientific community in characterization and exploration tasks. 

However, some issues due to implementations have arisen, and are discussed in this 

section. 

 

2.1 Molecular cavities 

In this work, we developed three molecular descriptors of internal cavities. The PER 

threshold selected (0.45) plays a major role in the identification of such cavities. This 

influence both the molecules detected as porous, and other parameters that depend on 

whether certain points are accounted as internal (e.g. LCD, PLD and molecular PER). As 

threshold is chosen empirically, some situations could have been not accounted for. To the 

best of our knowledge, the elected value fulfills its expected role in terms of molecular data 

mining and pore characterization. Moreover, the PER definition has unlocked the 

possibility of detecting thousands of “forgotten” cage molecules that were lying within 

molecular databases, increasing by two orders of magnitude the amount of readily available 

molecules of such kind. 



2.2 Chemical windows 

We developed a method that successfully retrieves the number of windows of a molecule 

for every regular cage-like (including belt-like, cup-like and so on) molecule. This method 

relies on the same spherical subgrid used to calculate PER. The choice of the point of 

reference is a key issue when computing windows. In this work, several options were 

investigated, and finally the largest cavity was considered the most effective point of 

reference for the molecules of our interest (namely cage molecules). Moreover, in very 

asymmetric molecules, this point may not be an adequate reference for all windows, 

negatively impacting their detection and reconstruction. We identified some such cases, 

especially when multiple cavities happen within the same molecule. This problem could be 

addressed by detecting such situations, and then calculating windows from different 

perspectives (i.e. center of each independent cavity). This direction is still open and may be 

of interest for future applications.  

Traditionally, molecular windows are thought as macrocycles that encapsulate one (or 

several, as discussed in this thesis work) access route/s to molecular cavity. However, our 

experience throughout this work has shown us that, very commonly, such idealization does 

not reflect reality. In many cases, it is difficult to decide whether a given atom or bond 

should be considered part of a window, and both multicyclic graphs or non-cyclic graphs 

can arise from our window computing algorithm. This may be seen as a limitation, but it is 

just a consequence of a bond not being restrictive for an access path, or of several 

“parallel” bonds together limiting such access.  

 

 

 

 

 



2.3 Entry paths 

We developed a method that successfully identifies trajectories towards the inner voids of 

molecules, detecting cases where elongated windows allow for multiple efficient entry 

paths. Computing these involves the Voronoi graph and clustering techniques, including 

the need for selection of a proximity threshold that is adequate for our problem. As usual, 

this selection affects the results, and in our case is done with a double goal in mind:: 1) 

avoid two paths to be closer to each other than their distance to atoms, and 2) Keep only 

paths that add relevant entry options compared to the largest one.  To the best of our 

knowledge, our choice satisfies the expected goal of identifying molecules with largely 

elongated windows.  

 

2.4 Internal Surface Area 

We developed a method that efficiently calculates the internal surface area of a molecule, 

exploiting a classical stochastic approach such as Monte Carlo, combined with our PER 

algorithm. Since PER calculation is the most computationally demanding step of our set of 

algorithms, we approached this problem with the heuristic of checking which was the 

closer Voronoi node to each sampled point and classify that point accordingly. As a 

consequence, some points may be indeed internal (i.e. PER < 0.45) and classified as 

external (and conversely). However, this is only expected to happen in border regions of 

each atomic surface, and the effect will probably compensate in both directions, having 

little to no impact in the actual ISA estimate.  

 

 

 

 



3. Database screening for new Porous Molecular Materials 
 

Throughout Chapter 2 of this work, we present new porous materials based on cage 

molecules, which have stayed out of the sight from the community, e.g., ones that have 

been introduced and/or synthesized in the past but for which the porosity of the 

corresponding solid forms has not been discussed. Identification of these cages was 

facilitated by the development of molecular porosity characterization tools and approaches. 

Application of this methodology to the PubChem repository of a ca. 94 million molecules 

led to identification of six molecules fulfilling our oblivion criteria; e.g., in many cases their 

PubChem entries point to national conferences, non-English journals, or commercial 

laboratories, and they do not have any corresponding entry in the current version of the 

Cambridge Structure Database. Through computational crystal structure prediction, we 

observed that the six molecules identified can form low-energy polymorphs with different 

porosity and therefore are good candidates to form porous molecular crystals. Our effort 

highlighted the potential of tailor- made material informatics tools to mine chemical 

databases to identify rare building blocks of porous cage materials.  

Moreover, in Chapter 6, a set of novel molecular belts forming tube-like structures is 

presented. Although these molecules are newly introduced by our group, their discovery 

relies on the previous database screening and detection of molecular belts alongside 

literature analysis.   

 

4. Acceleration of material property characterization with machine 
learning 
 

In Chapters 1, 4, 5 and 6 of this work, material discovery is fulfilled with a combination of 

molecular candidate selection (achieved via database screening, computational screening of 

unknown candidates, rational modification of existing molecules and pure rational design, 



respectively). All these works rely on Crystal Structure Prediction and further 

characterization to confirm the material-level properties of the candidate molecules. In 

Chapter 3 we demonstrate the possibility of bridging this computationally demanding step 

with help of machine learning techniques. In particular, we show a family of random forest 

models capable of predicting material properties with high level of accuracy solely from 

molecular porosity descriptors. This novel approach represents one of the first attempts to 

overcome the burden of CSP in the context of porous molecular materials and introduces a 

valuable contribution in the latest step of our material discovery pipeline.  

 

5. General conclusions 
 

This PhD work has been developed with the goal of constructing a pipeline for the 

discovery of porous molecular materials. The working hypothesis is the idea that molecular 

property (i.e. molecular porosity in all its variants) plays a major role in material properties 

in terms of porosity, and thus the discovery of novel porous molecular materials can be 

guided solely by the characterization of their building blocks. Throughout this work, we’ve 

demonstrated this hypothesis to be true, while introducing novel materials obtained via 

different ways, and establishing computational tools such as the Molipor software, which is 

available online, and a variety of random forest models that allow for the identification of 

material properties based on those of the molecules that conform them. We expect this 

work to serve as the foundation of valuable findings in the field of materials science, both 

leading the way in the discovery of novel porous molecular materials, and serving as a 

reference for similar strategies in other similar areas of interest in materials science. 

 



References 
 

 

1. Kitagawa, S. Porous Materials and the Age of Gas. Angew. Chemie - Int. Ed. 54, 10686–

10687 (2015). 

2. Ou, R. et al. A sunlight-responsive metal–organic framework system for sustainable 

water desalination. Nat. Sustain. (2020) doi:10.1038/s41893-020-0590-x. 

3. Simon, C. M. et al. The materials genome in action: Identifying the performance limits 

for methane storage. Energy Environ. Sci. 8, 1190–1199 (2015). 

4. Sumida, K. et al. Carbon dioxide capture in metal-organic frameworks. Chem. Rev. 112, 

724–781 (2012). 

5. Stock, N. & Biswas, S. Synthesis of metal-organic frameworks (MOFs): Routes to various 

MOF topologies, morphologies, and composites. Chem. Rev. 112, 933–969 (2012). 

6. Matito-Martos, I. et al. Discovery of an Optimal Porous Crystalline Material for the 

Capture of Chemical Warfare Agents. Chem. Mater. acs.chemmater.8b00843 (2018) 

doi:10.1021/acs.chemmater.8b00843. 

7. Tozawa, T. et al. Porous organic cages. Nat. Mater. 8, 973–978 (2009). 

8. Tian, J., Thallapally, P. K. & McGrail, B. P. Porous organic molecular materials. 

CrystEngComm 14, 1909 (2012). 

9. Mitra, T. et al. Molecular shape sorting using molecular organic cages. Nat. Chem. 5, 

276–281 (2013). 

10. Joseph, A. I., Lapidus, S. H., Kane, C. M. & Holman, K. T. Extreme confinement of xenon 

by cryptophane-111 in the solid state. Angew. Chemie - Int. Ed. 54, 1471–1475 (2015). 



11. Barrer, R. M. & Shanson, V. H. Dianin’s compound as a zeolitic sorbent. J. Chem. Soc. 

Chem. Commun. 333 (1976) doi:10.1039/c39760000333. 

12. Taylor, R. G. D. et al. Triptycene-based organic molecules of intrinsic microporosity. 

Org. Lett. 16, 1848–1851 (2014). 

13. Evans, J. D. et al. Computational identification of organic porous molecular crystals. 

CrystEngComm 18, 4133–4141 (2016). 

14. Hasell, T. & Cooper, A. I. Porous organic cages: soluble, modular and molecular pores. 

Nat. Mater. 1, 16053 (2016). 

15. Degueldre, C., Dawson, R., Cooley, I. & Besley, E. Fission gas released from molten salt 

reactor fuel: the case of noble gas short life radioisotopes for radiopharmaceutical 

application. Med. Nov. Technol. Devices 10, 100057 (2021). 

16. Solano-Umaña, V. & Vega-baudrit, J. R. Micro, Meso and Macro Porous Materials on 

Medicine. J. Biomater. Nanobiotechnol. 6, 247–256 (2015). 

17. Cooper, A. I. Porous Molecular Solids and Liquids. ACS Cent. Sci. 3, 544–553 (2017). 

18. Allcock, H. R. & Siegel, L. A. Phosphonitrilic Compounds . 111 Molecular Inclusion 

Compounds of Tris ( o-pheny1enedioxy ) phosphonitrile Trimer. J. Am. Chem. Soc. 80, 

5140–5144 (1964). 

19. Little, M. A. & Cooper, A. I. The Chemistry of Porous Organic Molecular Materials. Adv. 

Funct. Mater. 30, 1–30 (2020). 

20. Zhang, G., Presly, O., White, F., Oppel, I. M. & Mastalerz, M. A permanent mesoporous 

organic cage with an exceptionally high surface area. Angew. Chemie - Int. Ed. 53, 

1516–1520 (2014). 

21. Chen, L. et al. Separation of rare gases and chiral molecules by selective binding in 



porous organic cages. Nat. Mater. 13, 954–960 (2014). 

22. Taggart, G. A., Lorzing, G. R., Dworzak, M. R., Yap, G. P. A. & Bloch, E. D. Synthesis and 

characterization of low-nuclearity lantern-type porous coordination cages. Chem. 

Commun. 56, 8924–8927 (2020). 

23. Pan, S., Mandal, S. & Chattaraj, P. K. Cucurbit[6]uril: A Possible Host for Noble Gas 

Atoms. J. Phys. Chem. B 119, 10962–10974 (2015). 

24. Basavarajappa, A., Ambhore, M. & Anand, V. G. Three Dimensional Isophlorinoid 

Tetrapodal Molecular Cage. Chem. Commun. 1–4 (2021) doi:10.1039/d1cc01002f. 

25. Greenaway, R. L. et al. Organic cage dumbbells. Chem. - A Eur. J. 26, 3718–3722 (2020). 

26. James, S. L. The Dam Bursts for Porous Liquids. Adv. Mater. 5712–5716 (2016) 

doi:10.1002/adma.201505607. 

27. Tominaga, M. et al. Solvent-Dependent Self-Assembly and Crystal Structures of a Salen-

Based Macrocycle. Org. Lett. 19, 1508–1511 (2017). 

28. Tsukanov, A. A. & Psakhie, S. G. Nanopore wall-liquid interaction under scope of 

molecular dynamics study: Review. AIP Conf. Proc. 1909, (2017). 

29. Shimizu, T., Kameta, N., Ding, W. & Masuda, M. Supramolecular Self-Assembly into 

Biofunctional Soft Nanotubes: From Bilayers to Monolayers. Langmuir 32, 12242–12264 

(2016). 

30. Sakamoto, H. et al. Cycloparaphenylene as a molecular porous carbon solid with 

uniform pores exhibiting adsorption-induced softness. Chem. Sci. 7, 4204–4210 (2016). 

31. McCann, B. W. et al. Computer-aided molecular design of bis-phosphine oxide 

lanthanide extractants. Inorg. Chem. 55, 5787–5803 (2016). 

32. Frontera, A. & Bauzá, A. Concurrent aerogen bonding and lone pair/anion-π 



interactions in the stability of organoxenon derivatives: A combined CSD and ab initio 

study. Phys. Chem. Chem. Phys. 19, 30063–30068 (2017). 

33. Lakshmanan, V. I. & Vijayan, S. A Review on Application of Crown Ethers in Separation 

of Rare Earths and Precious Metals. Miner. Met. Mater. Ser. (2018) doi:10.1007/978-3-

319-95022-8_159. 

34. Wang, J. & Zhuang, S. Cesium separation from radioactive waste by extraction and 

adsorption based on crown ethers and calixarenes. Nucl. Eng. Technol. 52, 328–336 

(2020). 

35. Smith, B. W., Monthioux, M. & Luzzi, D. E. Encapsulated C60 in carbon nanotubes. 

Nature 396, 323 (1998). 

36. Hilder, T. A., Gordon, D. & Chung, S. H. Computational modeling of transport in 

synthetic nanotubes. Nanomedicine Nanotechnology, Biol. Med. 7, 702–709 (2011). 

37. Kameta, N., Masuda, M. & Shimizu, T. Soft nanotube hydrogels functioning as artificial 

chaperones. ACS Nano 6, 5249–5258 (2012). 

38. Hisaki, I., Nakagawa, S., Tohnai, N. & Miyata, M. A C3-symmetric macrocycle-based, 

hydrogen-bonded, multiporous hexagonal network as a motif of porous molecular 

crystals. Angew. Chemie - Int. Ed. 54, 3008–3012 (2015). 

39. Groom, C. R., Bruno, I. J., Lightfoot, M. P. & Ward, S. C. The Cambridge structural 

database. Acta Crystallogr. Sect. B Struct. Sci. Cryst. Eng. Mater. 72, 171–179 (2016). 

40. Evans, J. D., Jelfs, K. E., Day, G. M. & Doonan, C. J. Application of computational 

methods to the design and characterisation of porous molecular materials. Chem. Soc. 

Rev. 46, 3286–3301 (2017). 

41. Mastalerz, M. & Oppel, I. M. Rational construction of an extrinsic porous molecular 



crystal with an extraordinary high specific surface area. Angew. Chemie - Int. Ed. 51, 

5252–5255 (2012). 

42. Bennett, S. et al. Materials Precursor Score : Modelling Chemists ’ Intuition for the 

Synthetic Accessibility of Porous Organic Cages. ChemArxiv 1–42 (2021) 

doi:10.26434/chemrxiv.14345729.v1. 

43. Jelfs, K. E. et al. Large self-assembled chiral organic cages: Synthesis, structure, and 

shape persistence. Angew. Chemie - Int. Ed. 50, 10653–10656 (2011). 

44. Santolini, V., Miklitz, M., Berardo, E. & Jelfs, K. E. Topological design of porous organic 

molecules. 4–10 (2017). 

45. Krishnapriyan, A. S., Haranczyk, M. & Morozov, D. Topological Descriptors Help Predict 

Guest Adsorption in Nanoporous Materials. J. Phys. Chem. C 124, 9360–9368 (2020). 

46. Turcani, L., Berardo, E. & Jelfs, K. E. stk: A python toolkit for supramolecular assembly. J. 

Comput. Chem. 39, 1931–1942 (2018). 

47. Greenaway, R. L. & Jelfs, K. E. High-Throughput Approaches for the Discovery of 

Supramolecular Organic Cages. Chempluschem 85, 1813–1823 (2020). 

48. Sturluson, A., Huynh, M. T., York, A. H. P. & Simon, C. M. Eigencages : Learning a latent 

space of porous cages. ArXIV 1–16 (2018). 

49. Cui, P. et al. Mining predicted crystal structure landscapes with high throughput 

crystallisation: Old molecules, new insights. Chem. Sci. 10, 9988–9997 (2019). 

50. Miklitz, M. et al. Computational Screening of Porous Organic Molecules for 

Xenon/Krypton Separation. J. Phys. Chem. C 121, 15211–15222 (2017). 

51. Miklitz, M. & Jelfs, K. E. Pywindow: Automated Structural Analysis of Molecular Pores. J. 

Chem. Inf. Model. 58, 2387–2391 (2018). 



52. Kier, L. B. A Shape Index from Molecular Graphs. Quant. Struct. Relationships 4, 109–

116 (1985). 

53. Kudo, H. et al. Molecular waterwheel (noria) from a simple condensation of resorcinol 

and an alkanedial. Angew. Chemie - Int. Ed. 45, 7948–7952 (2006). 

54. Li, Z. J. Expanding carbon capture capacity : uncovering porous organic cages. Phys. 

Chem. Chem. Phys. (2021) doi:10.1039/d0cp06708c. 

55. Jelfs, K. E. & Cooper, A. I. Molecular simulations to understand and to design porous 

organic molecules. Curr. Opin. Solid State Mater. Sci. 17, 19–30 (2013). 

56. Li, W., Grimme, S., Krieg, H., Möllmann, J. & Zhang, J. Accurate computation of gas 

uptake in microporous organic molecular crystals. J. Phys. Chem. C 116, 8865–8871 

(2012). 

57. Banks, J. A. Y. L. et al. Integrated Modeling Program, Applied Chemical Theory 

(IMPACT). J. Comput. Chem. 26, 1752–1780 (2005). 

58. Day, G. M. Current approaches to predicting molecular organic crystal structures. 

Crystallogr. Rev. 17, 3–52 (2011). 

59. Van Eijck, B. P. & Kroon, J. Structure predictions allowing more than one molecule in 

the asymmetric unit. Acta Crystallogr. Sect. B Struct. Sci. 56, 535–542 (2000). 

60. Price, S. L. Predicting crystal structures of organic compounds. Chem. Soc. Rev. 43, 

2098–2111 (2014). 

61. Pyzer-Knapp, E. O. et al. Predicted crystal energy landscapes of porous organic cages. 

Chem. Sci. 5, 2235–2245 (2014). 

62. Gómez García, I., Bernabei, M., Pérez Soto, R. & Haranczyk, M. Out-of-Oblivion Cage 

Molecules and Their Porous Crystalline Phases. Cryst. Growth Des. 17, 5614–5619 



(2017). 

63. Evans, J. D. et al. Molecular design of amorphous porous organic cages for enhanced 

gas storage. J. Phys. Chem. C 119, 7746–7754 (2015). 

64. Foster, M. D., Rivin, I., Treacy, M. M. J. & Friedrichs, O. D. A geometric solution to the 

largest-free-sphere problem in zeolite frameworks. Microporous Mesoporous Mater. 

90, 32–38 (2006). 

65. Lach-hab, M., Yang, S., Vaisman, I. I. & Blaisten-Barojas, E. Novel approach for clustering 

zeolite crystal structures. Mol. Inform. 29, 297–301 (2010). 

66. Haldoupis, E., Nair, S. & Sholl, D. S. Efficient calculation of diffusion limitations in metal 

organic framework materials: A tool for identifying materials for kinetic separations. J. 

Am. Chem. Soc. 132, 7528–7539 (2010). 

67. Hoshen, J. & Kopelman, R. Percolation and cluster distribution. I. Cluster multiple 

labeling technique and critical concentration algorithm. Phys. Rev. B 14, 3438–3445 

(1976). 

68. Willems, T. F., Rycroft, C. H., Kazi, M., Meza, J. C. & Haranczyk, M. Algorithms and tools 

for high-throughput geometry-based analysis of crystalline porous materials. 

Microporous Mesoporous Mater. 149, 134–141 (2012). 

69. Düren, T., Millange, F., Férey, G., Walton, K. S. & Snurr, R. Q. Calculating geometric 

surface areas as a characterization tool for metal - Organic frameworks. J. Phys. Chem. C 

111, 15350–15356 (2007). 

70. Shrake, A. & Rupley, J. A. Environment and exposure to solvent of protein atoms. 

Lysozyme and insulin. J. Mol. Biol. 79, 361–371 (1973). 

71. Masson, E., Ling, X., Joseph, R., Kyeremeh-Mensah, L. & Lu, X. Cucurbituril chemistry: a 



tale of supramolecular success. RSC Adv. vol. 2 (2012). 

72. Barbour, L. J. Crystal porosity and the burden of proof. Chem. Commun. 1163 (2006) 

doi:10.1039/b515612m. 

73. Holden, D. et al. Understanding static, dynamic and cooperative porosity in molecular 

materials. Chem. Sci. 7, 4875–4879 (2016). 

74. Dubbeldam, D., Torres-Knoop, A. & Walton, K. S. On the inner workings of monte carlo 

codes. Molecular Simulation vol. 39 1253–1292 (2013). 

75. Dubbeldam, D., Calero, S., Ellis, D. E. & Snurr, R. Q. RASPA: Molecular simulation 

software for adsorption and diffusion in flexible nanoporous materials. Mol. Simul. 42, 

81–101 (2016). 

76. Krishna, R. Describing the diffusion of guest molecules inside porous structures. J. Phys. 

Chem. C 113, 19756–19781 (2009). 

77. Dubbeldam, D. & Snurr, R. Q. Recent developments in the molecular modeling of 

diffusion in nanoporous materials. Mol. Simul. 33, 305–325 (2007). 

78. Laio, A. & Gervasio, F. L. Metadynamics: A method to simulate rare events and 

reconstruct the free energy in biophysics, chemistry and material science. Reports Prog. 

Phys. 71, (2008). 

79. Goh, G. B., Hodas, N. O. & Vishnu, A. Deep learning for computational chemistry. J. 

Comput. Chem. 38, 1291–1307 (2017). 

80. Da Silva, F., Desaphy, J., Bret, G. & Rognan, D. IChemPIC: A Random Forest Classifier of 

Biological and Crystallographic Protein-Protein Interfaces. J. Chem. Inf. Model. 55, 

2005–2014 (2015). 

81. Cano, G. et al. Automatic selection of molecular descriptors using random forest: 



Application to drug discovery. Expert Syst. Appl. 72, 151–159 (2017). 

82. Schütt, K. T. et al. How to represent crystal structures for machine learning: Towards 

fast prediction of electronic properties. Phys. Rev. B - Condens. Matter Mater. Phys. 89, 

1–5 (2014). 

83. Musil, F. et al. Machine learning for the structure-energy-property landscapes of 

molecular crystals. Chem. Sci. 9, 1289–1300 (2018). 

84. Faber, F., Lindmaa, A., Von Lilienfeld, O. A. & Armiento, R. Crystal structure 

representations for machine learning models of formation energies. Int. J. Quantum 

Chem. 115, 1094–1101 (2015). 

85. Turcani, L., Greenaway, R. L. & Jelfs, K. E. Machine Learning for Organic Cage Property 

Prediction. Chem. Mater. 31, 714–727 (2019). 

86. Korshunova, M., Ginsburg, B., Tropsha, A. & Isayev, O. OpenChem: A Deep Learning 

Toolkit for Computational Chemistry and Drug Design. J. Chem. Inf. Model. 61, 7–13 

(2021). 

87. Ester, M., Kriegel, H.-P., Sander, J. & Xu, X. A Density-Based Algorithm for Discovering 

Clusters in Large Spatial Databases with Noise. Proc. Second Int. Conf. Knowl. Discov. 

Data Min. 1, 226–231 (1996). 

88. Jolliffe, I. T. Principal Component Analysis. Springer-Verlag New Yor 93 (2002) 

doi:https://doi.org/10.1007/b98835. 

89. Lecun, Y., Bengio, Y. & Hinton, G. Deep learning. Nature 521, 436–444 (2015). 

90. Segal, M. R. Machine Learning Benchmarks and Random Forest Regression. (2004). 

91. Saito, T. & Rehmsmeier, M. The precision-recall plot is more informative than the ROC 

plot when evaluating binary classifiers on imbalanced datasets. PLoS One 10, 1–21 



(2015). 

92. Jesse Davis & Mark Goadrich. The Relationship Between Precision-Recall and ROC 

Curves. Proc. 23rd Int. Con- ference Mach. Learn. 73, 55 (2007). 

93. Kim, S. et al. PubChem substance and compound databases. Nucleic Acids Res. 44, 

D1202–D1213 (2016). 

94. Jamin, C., Pion, S. & Teillaud, M. 3D Triangulation Data Structure, in: CGAL User and 

Reference Manual, 4.6.1 ed. CGAL Editor. Board. (2015). 

 

  



Chapter 2 – Out of Oblivion Cage 
Molecules and Their Crystalline Phases  

 

  



Research Article 

Out-of-oblivion Cage Molecules and their Porous 

Crystalline Phases 

 Ismael Gomez Garcia,a,b Marco Bernabei,a Raul Perez Soto,a Maciej 

Haranczyka,c* 

 a IMDEA Materials Institute, C/Eric Kandel 2, 28906 - Getafe, Madrid, Spain 

b Universidad Carlos III de Madrid, Avda. Universidad 30, 28911 Leganés, Spain 

c Lawrence Berkeley National Laboratory, One Cyclotron Rd, Berkeley, CA 94720, USA 

 

Crystal Growth and Design, 2017, 17, 11, 5614–5619 

  



Abstract 

An automated molecular porosity detection approach was developed and applied to 

PubChem, a repository of ca. 94 million molecules, to discover intrinsically porous cage 

molecules, which, although previously considered by chemists, have remained in oblivion 

to the porous solids community as neither their crystal structures nor solid-state porosity 

have been previously reported. The effort led to identification of six such cage molecules 

reported over the span of the last two decades. The following crystal structure prediction 

effort suggests that these molecules can form stable low-energy porous crystalline phases. 

One of the identified lowest energy phases exhibit zeolite-range porosity with pore 

diameters of ca. 8Å and internal surface area of 1070 m2/g. 
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Crystal structure prediction for six cage molecules, which are identified by a tailor-made 

screening approach, suggests that these molecules can form stable low-energy porous 

crystalline phases. One of the identified lowest energy phases exhibit zeolite-range porosity 

with pore diameters of ca. 8Å and internal surface area of 1070 m2/g. 

 

  



1. Full work presentation 
 

Materials composed of molecules exhibiting intrinsic porosity are rare. Examples of the 

latter include Noria1 and triptycenetrisbenzimidazolone2 as well as families of calixarines,3 

cucurbiturils,4 cyclodextrins,5 cryptophanes6 and porous organic cages (POC).7 Porous 

molecules can be classified as ‘belts’ or ‘cages’ depending whether they have, respectively, 

two or more windows on the perimeter of the internal pore. Unlike network polymers and 

framework materials, porous molecules can be synthesized first and then assembled into 

crystalline and amorphous solid state phases. Many properties of recently reported porous 

molecular materials are in par in those reported for framework materials such as metal 

organic frameworks. For example, Covalent Cage 3 (CC3) material exhibits high 

xenon/krypton selectivity8 while a cage-based material reported by Zhang et al.9 was 

reported to have the surface area of 3758 m2/g. Porous molecular materials are subjects of 

intensive investigations, and a number of recent review articles summarizing these efforts 

are available.10  

The introduction of a porous molecule to the porous solids community requires three 

steps: (i) the molecule has to be synthesized, (ii) the corresponding solid material 

(amorphous or crystalline) needs to be obtained, and (iii) its porosity needs to be confirmed 

and, preferably, further characterized by, for example, Brunauer-Emmett-Teller (BET) 

surface area measurement. In the case of recent rational synthesis efforts,¡Error! Marcador no d

efinido.,11 all three steps were completed, and these molecules can be easily identified by a 

routine literature search. A recent study by Milkitz et al.11 relied on review articles to identify 

41 intrinsically porous molecules, for which the corresponding crystal structures were 

available from the Cambridge Structure Database(CSD). In the case of molecules, for 

which only the first two steps were completed, their identification is more challenging.  

Although databases of experimental crystal structures are available, the crystals are often 

reported with solvents, which makes the structures non porous. Two studies of the 



CSD12,13 have either removed solvent or focused only on single-entity crystals, and used low 

density as a key to identify porous molecules. For example, the latter study of Evans and 

coworkers¡Error! Marcador no definido. has identified 481 porous molecular materials though the f

raction of the number corresponding to intrinsically porous molecules have not been 

reported, i.e. the number of 481 also includes molecules with extrinsic porosity as well as 

ones that do not pack efficiently in the crystal structure.   

In this study, we seek to identify porous molecules for which only step (i) has been 

completed. As the crystallographic information is not available in this case, these molecules 

scatter the scientific literature, patents and other databases in a form of structural formulas 

and the corresponding electronic formats. Fortunately, the scattered molecules are being 

collected into large repositories such as PubChem14 or ChemSpider15. Our effort focuses on 

the larger of these two, i.e. PubChem  (ca. 94 million compounds). The identification of the 

targeted molecules relies on a porosity detection approach, which is based on the limited 

information available in PubChem. Our search approach is therefore agnostic of the form, 

year and language in which the questioned porous molecules were originally introduced. By 

doing so, we can target molecules that could not be identified in previous searchers.  

Our core algorithm for detection in intrinsic porosity requires 3D molecular model, e.g. 

Cartesian coordinates of atoms composing the molecule. It then identifies the void regions 

within the perimeter of the molecule, and characterizes them to determine if they 

correspond to intrinsic pores. The latter are defined on the basis of their exposure to the 

surroundings of the molecule. Our algorithm, described in detail in the Supporting 

Information (SI), can be highlighted as follows. First, a set of candidate voids for a given 

molecule is detected with the help of Voronoi tessellation, i.e. they are defined by Voronoi 

vertices. Then, for each of the vertices, we check whether it is an intrinsic void by 

calculating its Pore Exposure Ratio (PER, see Fig. 2-2). PER provides a measurement of 

the exposure of a Voronoi vertex is to the surroundings of the molecule, approximated by 



a spherical perimeter, see Fig. 2-2. PER is defined as a ratio between the surface area of the 

largest fragment of the sphere exposed to the candidate void (Voronoi vertex), and the 

surface of the sphere. In practice, a spherical mesh is used to represent the sphere and the 

exposed regions are defined by a set of triangles formed within this mesh. By setting a PER 

threshold value, pore candidates can be identified as intrinsic, and in particular, cage-type. 

Visual analysis of a large set of molecules allowed setting the threshold empirically, i.e. PER 

below 0.36 identifies molecules with an internal pore.  

 

Figure 2-1. Intrinsic porosity detection with Pore Exposure Ratio. A) Method overview in 2D: A 

caricature of linear (left) and cage (right) molecules. A point (black dot) representing a void within 

the perimeter of the molecule (heavy black line) is partially exposed to the circle of the radius R 

surrounding the molecule. Colored regions in the circular boundary, L, correspond to openings that 

expose the internal void. Their size w.r.t the circular boundary, PER, represents how open is the 

space to access the point from the surrounding. Thus, too high PER values may indicate no actual 

cage is being observed (linear or close to linear objects). B) PER calculation in 3D: a linear (left) 

and cage (right) molecule. Spherical boundary mesh used in computing PER, i.e. PER is computed 

as the ratio of the surface of the biggest connected component, Cx, and the total surface area, S, 

being the sum of surface areas of all triangles forming the mesh. The illustrated linear molecule has 

PER of 0.81 while the cage molecule has a PER value of 0.15.  



PubChem Compound Database (herein referred to as PubChem) stores 94 333 141 unique 

records of which only 80 828 441 have 3D coordinates available (referred to as 

PubChem3D).16 

The coordinates of the molecules in PubChem3D were generated by the OpenEye 

Scientific’s OMEGA tool using the MMFF94 force field.17 We filtered PubChem database 

to discard: records with more than one molecule (mostly accompanied by solvents or salts), 

non-organic molecules, charged molecules, radicals, molecules without rings and lastly, 

molecules with more than 8 rotatable bonds in their ramifications (“flexible arms” increase 

degrees of freedom and render the corresponding crystal structure prediction 

computationally unfeasible (see the SI and references therein). For the remaining molecules 

that did not have a corresponding entry in Pubchem3D, we generated 3D structures using 

Ligprep tool from Schrodinger18. However, the latter step was executed only for those 

molecules with 48 or more atoms. The latter cutoff was based on the size of the smallest 

calixarene (i.e. calix[4]arene, 56 atoms) corrected for a ‘safety margin’ of 8 atoms.  

Technical details of the 3D generation with LigPrep are provided in the SI, 

The resulting database of 1 258 975 molecules with 3D coordinates was characterized to 

predict their corresponding PER value. Out of that set, only 4 767 molecules were 

identified with PER below 0.36, corresponding to their cage-like nature. Upon further 

inspection, the set was further pruned to remove carbon nanostructures, e.g. buckyballs 

and buckybowls, belt-shaped molecules, cages with very small internal pores (i.e. diameters 

less than ca. 2.0Å) and molecules  whose  corresponding crystal structures were already 

deposited in the CSD. For the remaining structures, the search for the low energy 

conformers was carried out using Schrodinger’s MacroModel suite with the OPLS_2005 

force field19 (see the SI for additional details). The latter search was performed in vacuum 

to exclude any solvation effects that could stabilize the internal pore. Finally, the lowest 

energy conformers were investigated again using the PER descriptor to confirm that they 



were indeed porous. The final set of structures contained six entries, herein called M1 

through M6, depicted in Fig 2-2. Although not in the scope of this work, we note that the 

above conformer search approach can be also performed in the presence of solvent, i.e. 

targeting molecular cages that are suitable for encapsulation and transport of molecular 

guests in liquid phases despite being non-porous in vacuum and (likely) desolvated 

crystalline phases. 

  

 

Figure 2-2. Porous organic molecules identified in this work. Gray, blue, red and yellow atoms 

represent carbon, nitrogen, oxygen and sulfur, respectively. Hydrogen atoms are omitted for clarity. 

 

Molecules M1-M6 show different chemistries,20 two of which were not highlighted in a 

recent review of porous molecules (M2, M6).21 M1 belongs to the family of the porphyrin 

box cages. M2 includes ester and ketone functional groups in the structure. The cage M3 is 

a carbon-carbon cage that includes thiophene groups which clearly affect the shape of the 

cage forcing the sulfur atoms to point towards the center of the cage. M4 and M5 are, 

respectively, a symmetric and an asymmetric variation of the well known imine cages such 

as CC3, where the imine bond is one bond further from the aromatic ring. M6 is a tertiary 

amine cage.  

In order to investigate whether M1-M6 can form crystalline porous materials, a crystal 

structure prediction study (CSP) was executed. The CSP was limited to 13 space groups 

(P21/c, P-1, P212121, P21, Pbca, C2/c, Pna21, Cc, Pca21, C2, P1, Pbcn, Pc) which 



account for about 90% of the observed crystal structures for organic molecules. Within 

each group, 5000 random solvent-free configurations with one molecule in the asymmetric 

unit were generated and subsequently relaxed (see section SI for further details). The free 

energy of the crystal was approximated with a static lattice energy, defined as the sum of an 

intermolecular cohesive pair-wise potential energy, consisting of Lennard-Jones and 

Coulomb terms, and a combination of intramolecular energy terms which account for 

molecular flexibility. All calculations involved OPLS_2005 force field¡Error! Marcador no definido. a

nd were executed in the UPACK program.22 The porosity of the crystal structure, i.e. pore 

limiting and largest cavity diameters (PLD and LCD, respectively) and the nitrogen surface 

area (SA) were characterized using Zeo++ program.23,24 Nitrogen probe radius was set to 

1.86 Å. 

As mentioned above, a random search for possible solvent-free crystal structures and the 

subsequent minimization of the static lattice energy are at the core of the UPACK method 

for CSP calculations. CSP results are often presented as an energy landscape, i.e. a plot of 

the predicted lattice energy w.r.t the structure density for each predicted phase, which is a 

very useful crystal engineering tool. It does not, however, contain information on the 

phases’ physical properties required to discover materials for a specific application. To 

address the latter, the energy-structure-function (ESF) maps25 were recently introduced and 

successfully applied to guide the experimental discovery of porous molecular crystals with 

targeted properties. 

If a large number of low energy distinct structures are found at the end of the CSP 

procedure, it might suggest the presence of a rich polymorphism, i.e. the existence of 

several crystal phases with different properties and/or porosity despite comparable values 

of the lattice energy. Recent calculations on over 1000 crystal structures of small organic 

molecules demonstrated that the free energy difference between pair of polymorphs 

seldom exceed the value of 7 kJ/mol.26 However, molecules that can form host-guest 



complexes and more generally crystallize in porous phases, show the tendency to pack less 

effectively giving rise to different polymorphs within and energy range of up to 50kJ/mol 

from the lowest predicted structure27,¡Error! Marcador no definido. and a relative energy difference t

hat can exceed 20kJ/mol.28 Moreover in some cases a reversible/irreversible switch 

between different polymorphs can be experimentally observed by exposure to different 

solvents.29 Therefore, it is not surprising that experimental structures do not always 

correspond to the predicted lowest energy phase(s).  

Our CSP approach was first verified by predicting the different solvent-driven polymorphs 

of cage molecule CC1 (see section in the SI for more exhaustive discussion).  The non-

porous polymorph CC1-’ and the H2-porous polymorph CC1-’ were predicted 

approximately 7kJ/mol and 26 kJ/mol above the global minimum, respectively. A closer 

inspection of the energy-density plot (Fig. 2-S6) reveal that despite their energy difference 

both polymorphs lie in what is called the leading-edge of the landscape, defined as the set 

of structures with the lowest predicted energy at a certain density.  Experimental accessible 

structures are indeed often identified in this region of the landscape.  

We applied the sample CSP methodology to obtain possible experimentally accessible 

crystal phases for molecules M1-M6, and characterize their porosity. Fig. 2-3 shows the 

PLDs for the predicted structures for molecules M1-M6 within the energy range of 

50kJ/mol w.r.t. the lowest predicted phase. The horizontal line at 2.32 Å represents the 

PLD of the experimental polymorph CC1- of the imine cage CC1, which indeed is 

selectively porous to H2.  For molecule M1 we observe that 100% of the structure predicted 

in the 50kJ/mol range are at least porous to H2. This result is mainly due to the rectangular 

box-shape of the molecule and the absence of phenyl, pyrrole or thiophene cyclic groups, 

present in the other molecules, which can partially reduce the size of the windows 

connecting intrinsic molecular pores and hence a decrease in the value of the 

corresponding PLD. The fraction of predicted structures in the 50kJ/mol range, with PLD 



larger than 2.32 Å for molecules M2, M3, M4, M5 and M6 are, respectively, 2.6%, 16.2%, 

41.3%, 9.4% and 9.4%. 

 

Figure 2-3.  Pore limiting diameter (PLD) as a function of the relative lattice energy w.r.t. the 

corresponding lowest energy structures for molecules M1-M6. The horizontal line at 2.32 Å 

corresponds to the  PLD  of cage molecule CC1. 

 

The lowest energy predicted structures with PLD larger than 2.32 are depicted in Figure 2-

4, and are referred to as α-phases. As in may practical applications, it is required that the 

materials are also porous to larger guest species, we selected phases that compromise larger 

PLDs and low energy. They are referred to as β-phases, and are shown in Figure 2-5. The 

corresponding space group information and coordinates CIF files are collected in the SI. 

The porosity α- and β-phase polymorph were characterized in terms of PLDs, LCDs, and 

SAs, with the resulting highlighted in Figs. 2-4 and 2-5.  Further void space analysis, 

including the void channel dimensionality and the visualizations of pore landscapes, are 

placed in the SI. The most porous of identified the lowest energy phases is assembled from 

molecule M1. αM1 has pores of 8.17 Å in diameter and the internal surface area of 1070 

m2/g. These features make it comparable with inorganic zeolites.  

The predicted energy landscape for molecules M1-M6 are depicted in Fig. 2-6. They 

resemble the typical ones observed for organic molecules, i.e. the leading-edge of the 

landscape as a function of density decreases almost monotonically. Except for the βM2 and 



the αM5 structures, all the other α- and β-phase polymorphs belong to the leading-edge of 

the predicted crystal landscape. Thus, they constitute an example of possible crystal phases 

that could be experimentally accessible by crystal engineering procedures. Recrystallization 

or exposure to different solvent might lead to the discovery of other phases possibly 

comprised in Fig. 2-3 and Fig. 2-6.  

Finally, it is important to comment on the synthetic feasibility of the identified six 

molecules. In the effort to confirm the previous reports on M1-M6, we followed their 

PubChem source information (see the SI). We were only able to directly identify the 

corresponding literature sources for M2 and M3. Neither of them reported the synthesis of 

these molecules (though a methyl-substituted M3 was synthesized). We could confirm, 

however, a previous synthesis of M4 though it required a rather extensive Web search, 

starting from a Google-based translation of the M4’s PubChem-listed Japanese source 

article. Clearly, it can be noted that the discovery potential of the approach presented 

herein is significantly limited by the reference data included in the screened database, i.e. 

PubChem. This observation highlights the need for further development of community-

available databases such as PubChem as well as tools used to mine the literature to create 

such databases. 

 

 



 

Figure 2-4. Lowest energy and porous (PLD>2.32Å) crystalline structures for M1-M6. The 

information in the captions includes the lattice energy w.r.t the lowest energy phase (ΔE), density 

(ρ), PLD, LCD and the nitrogen surface area (SA). 

 

In the article, we presented new porous materials based on cage molecules, which have 

stayed out of the sight of the community, i.e. ones that have been introduced and/or 

synthesized in the past but for which the porosity of the corresponding solid forms has not 

been discussed. Identification of these cages was facilitated by the development of 

molecular porosity characterization tools and approaches. Application of this methodology 

to PubChem repository of a ca. 94 million molecules led to identification of six molecules 

fulfilling our oblivion criteria, e.g. in many cases their PubChem entries point to national 

conferences, non-English journals or commercial labs, and they do not have any 

corresponding entry in the current version Cambridge Structure Database. Through 



computational crystal structure prediction, we observed that the identified six molecules 

can form low-energy polymorphs with different porosity and therefore are good candidates 

to form porous molecular crystals. Our effort highlighted the potential of tailor-made 

material informatics tools to mine chemical databases to identify rare building blocks of 

porous cage materials.  

 

 

Figure 2-5. Examples of M1-M6 phases that combine low lattice-energy (ΔE<50 kJ/mol) and 

large PLDs.  



 

Figure 2-6.  Energy landscape of molecules M1-M6. The -phases and the -phases are labeled 

and indicated. Except for the predicted M2 and M5, the identified -phases and the -phases 

belong to the leading-edge of the predicted landscape. 
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3. Supporting information 
 

3.1 Molecular porosity detection - Algorithm and its implementation  

General overview. Four important steps of the molecular porosity detection and 

characterization approach are depicted in Figure 2-S1. They are as follows:  

1. The algorithm starts with a given molecule, which is specified as a list of atoms 

with their Cartesian coordinates. The molecule can be preprocessed to remove 

atoms not relevant to the analysis, e.g. hydrogen atoms;  

2. Voronoi tessellation is executed using the atoms of step (1), and as a result the 

Voronoi network is generated (built from vertices and edges of the individual 

Voronoi cells). The Voronoi network provides a graph representation of the void 

space around the atoms, i.e. the Voronoi nodes highlight the position of cavities 

formed by sets of 4 atoms as the nodes are positioned at the center of spheres that 

circumscribe the quadruplets of atoms; 

3. For each node, Pore Exposure Ratio (PER) is calculated. It measures the exposure 

of a given Voronoi node to the surroundings of the molecule, integrating both 

geometrical and topological information about the molecule’s structure;  

4. Finally, a threshold PER value is used to determine if the Voronoi nodes 

correspond to internal or external cavities.  

 



 
Figure 2-S1. Outline of the pore detection algorithm: In order to detect the pores of a molecule 

(top left), empty space is first characterized with the help of Voronoi tessellation (top, right). Then, 

each Voronoi node’s PER is computed (bottom, right), and those below a given threshold are 

classified as internal. A map of internal porosity is obtained (bottom, left), as a subset of the initial 

Voronoi graph. 

 

Identification of void space: Voronoi tessellation. For characterization of the empty 

space around and within the molecule, Voronoi graph of atoms is constructed. This graph 

places nodes and edges in regions where the distances to nearest atoms are all equal, 

dividing the space in several regions (one per atom) called Voronoi cells. In the interior of 

each cell, distance from any point to the associated atom is always smaller than to any other 

atom of the molecule. Cell boundaries correspond to shared regions, where points are at 

equal distance to two or more atoms. An example Voronoi tessellation is depicted in Figure 

2-S2. 



 
Figure 2-S2. 2D Voronoi tessellation. Left, a set of points (grey). Right, 2-dimensional Voronoi 

tessellation constructed around the points within a rectangular boundary. Blue lines represent 

Voronoi edges, blue dots represent Voronoi nodes. 

 
The algorithm starts with a set of points S (in our implementation, the set of points is the 

set of molecule's atoms). For each point s in S, a Voronoi cell is computed as the region of 

space that is closer to that point than to any other in S. That is: 

 x in Voronoi_cell(s) if dist(x, s)  ≤  dist(x, s') for every s' in S-{s} 

 
where dist(x, s) stands for the distance between point x and atom s. The points on the 

boundary of the Voronoi cell are those at the exact same distance to the corresponding 

neighbor, thus being part of another point cell (see Figure 2-S2). This process constructs a 

graph in space that covers regions of maximal separation between atoms. Thus, is to be 

expected to represent voids around and within the molecule.  

 
To take into account atom radii, the radical Voronoi tessellation was used following our 

past experience in developing Zeo++ software tool.1 This technique changes the distance 

function to add atomic radii information. When using radical Voronoi tessellation, cells are 

given by the equation: 

 

 x in Voronoi_cell(s) if dist 2(x, s) − rad 2(s)  ≤  dist 2 (x, s’) − rad 2(s’) for every s' in S-{s} 



 
Where rad 2(s) stands for the square radius of atom s, and dist 2(x, s) stands for the square of 

the distance from the atom s to the point x. 

 

Several open source implementations of Voronoi tessellation are available and well 

described in the scientific literature.2 In our work, we used Voro++ library.3  

Identification of internal regions: Pore Exposure Ratio. To identify the internal space 

of a molecule, we introduce the Pore Exposure Ratio (PER) descriptor, which characterizes 

how exposed a given point is with respect to a defined surrounding, i.e. spherical perimeter 

around the molecule. A point buried inside a molecule will be fully encapsulated by the 

molecule’s atoms, therefore, its PER will be zero. A point in a shallow, “on-surface”, 

molecular cavity will be exposed to the molecule’s surroundings and its PER will approach 

a value close to 1. In our approach, we calculate PER only for points defined by the 

Voronoi nodes as they highlight centers of cavities.  

The workflow of the algorithm is depicted in Figure 2-S3. Given a point of space, x, a 

spherical grid (it can be also seen as a mesh of triangles) G is constructed around x (see 

Figure 2-S3, top), centered at the point, and with the radius equal to 1.5 times the largest 

value of the distance between x and each of the atoms (thus G completely encapsulates the 

entire molecule). The algorithm decides whether x is an intrinsic pore of the molecule by 

studying its accessibility from the outer sphere without crossing any chemical bonds or 

atoms. To do this, it modifies the outer grid, erasing some of its triangles, according to the 

following criterion: for each triangle T in G, a tetrahedron P formed by T and the point x is 

constructed (see Figure 2-S3, right). If P intersects any bond of the molecule, T is erased, 

being kept otherwise. As a result, a subgrid with one or more connected components is 

obtained. Pore Exposure Ratio is then computed as the ratio among the biggest connected 

component’s (BCC) surface and the total surface of the grid G. I.e: 



 
PER(x) = S(BCC)/S(G) 

 
The algorithm for computation of PER can be described in terms of pseudocode as 

follows: 

 

 
 
The functions are defined as follows: 

spheric_grid(Molecule, Point): Constructs a spherical grid around the point 

and the molecule. The grid is centered at the point, and has radius equal to 1.5 times the 

maximum of the distances from the point to the atoms. Thus, it surrounds the molecule. 

To make it regular, grid is constructed using Vogel’s method.4  

surface(Grid): Computes the surface of a set of triangles, by computing each 

triangle surface individually and then summing them all. 

erase_triangles(Molecule, Point, G): Computes subgrid for the given 

point and molecule, erasing triangles from the grid surface if there is a bond in between 

them and the reference point. This procedure is depicted and explained in Figure 2-S3, 

right side. 



connected_components(Grid): For a given set of triangles in space, computes 

the set of connected components of those triangles. Two triangles are considered to be 

connected if they share an edge. Result is returned in form of a linked list. 

 

 
 
Figure 2-S3. Pore Exposure Ratio algorithm description. PER is computed for a given point of 

space with respect to the given molecule (top, left). First, a spherical grid is built centered at the 

point and surrounding the molecule (top, center). Then, every triangle of the grid is studied 

separately. Two cases are shown in the figure: one triangle that is kept (T1) and one that is erased 

(T2). Resulting object is a grid with some missing triangles (bottom, left). Connected component 

with highest surface is chosen, and PER is computed as the ratio of that surface and total grid 

surface. 



Pore identification with help of PER and Voronoi tessellation: In order to identify 

molecule’s pores, previously described methods are combined. The algorithm for such 

identification can be described in terms of pseudocode in the following way: 

 

 
 
A molecule is considered to have internal porosity (i.e., being a porous molecular cage) if it 

has at least one internal Voronoi node. The threshold for determination porosity is 

selected empirically (see next Section). 

 
With the previous classification of internal Voronoi nodes, the pore size of a porous 

molecule can be determined as well as the molecule’s PER can be assigned. This process 

can be described in the following pseudocode: 

 

 



Above, the radius of a given Voronoi node is the minimum of the distances from that node 

to the atoms minus the atom radius. This value is returned directly from the Voronoi 

library (Voro++). 

Comparison of Pore Exposure Ratios for selected molecules. Threshold selection. 

In order to establish a threshold value for the PER, many molecules were examined. In 

Figure 2-S4, few example of molecules are presented along with the PER values associated 

to either their pores (if any) or the center of the box (for non-porous molecules). Porous 

molecules in Figure 2-S4 have PER values between 0.1 and 0.31. On the other hand, PER 

values for non-porous molecules are much larger, i.e. above 0.75. By inspecting more than 

300 molecules from PubChem, a PER threshold of 0.36 was chosen. We note here that it is 

quite challenging to capture the tremendous shape diversity of possible porous molecules 

with just one descriptor. The selected value is, therefore, rather conservative to favor the 

selection of porous molecules at the cost of increase of the false positives during the 

PubChem screening (i.e. filtering of the PubChem database and collected in the “PER 

prediction set” (see  Figure 2-S5)). 



 

 
Figure 2-S4. Examples of PER for selected molecules. Several molecular schemes are shown, 

all with their PubChem CIDs. Top three molecules are identified as cage molecules while bottom 

two molecules are non porous molecules. PER values are computed for the center of the box 

containing the molecule and for the position of the largest pore for non-porous and porous 

molecules, respectively. 

3.2 Screening of PubChem database 

The PubChem Compound Database (PubChem) was downloaded in the SDF data format 

from the PubChem FTP server. Molecules in each SDF file were converted to the SMILES 

format by using the OpenBabel Software to facilitate processing.5 The resulting set of 94 

333 141 compounds was filtered to remove molecules that were irrelevant to our search for 

cage molecules. The filtering consisted of 6 steps, which are outlined below and were 

implemented in Python. They are also and depicted in Figure 2-S5. 

 



Step 1. Single Molecule filter:  Each compound with more than one molecule was identified 

by detecting a “.” in the corresponding SMILES sequence and discarded.  

Step 2. Organic Molecule filter: In order to reduce our set to only organic molecules we used 

the same criteria described in the PubChem3D release notes,6 i.e. molecules with at least 

one match of the following SMARTS pattern 

“[!#1;!#6;!#7;!#8;!#9;!#14;!#15;!#16;!#17;!#35;!#53]”  in their SMILES  were labeled  as 

non-organic and discarded. 

Step 3. Neutral Molecule filter: The total charge of a compound was deduced directly from 

the SMILES sequence. Molecules with and absolute charge larger than 0 were labeled as 

charged and discarded. 

Step 4. Non-radical Molecule filter: Radicals were identified using the SMARTS pattern 

“[X5v4,X5v3,X5v2,X5v1, X4v3,X4v2,X4v1,X3v2,X3v1,X2v1]”.  Those molecules with at 

least one match of the former pattern were labeled as radical and discarded. 

Step 5. Core-based Molecule filter: Here, we refer to the “core” of a molecule as a 

substructural unit that can encapsulate internal space due to its topology.  The "core" is a 

subgraph of the molecular graph that fulfills either of the following: 1) it is a non-planar 

graph or 2) it is a non-planar graph after adding a universal vertex. Molecules with at least 

one “core” were identified using an algorithm of Boyer and Myrdov,7 implemented in the 

graph-tool module of Python.8  

Molecules without a “core” were labeled and discarded. 

Step 6. Molecule with more than 8 rotatable bonds filter:  First, the largest core (from Step 

5) in a molecule is detected. Then, all the atoms and their connecting bonds that emanate 

from the previously identified largest core substructure are identified. Those bonds were 

considered to be rotatable if they were single bonds and were not part of a small ring 

structure (we consider a ring as small if its size is smaller than 8).  Bonds involving 

hydrogen atoms were not included in the counting of rotatable bonds. 

Molecules with more than 8 rotatable bonds emanating from the largest core were labeled 

and discarded. This step allowed us to keep only possible good candidate for which crystal 

structure prediction (see below and main text) calculations were computationally feasible. 

 

The above 6-steps of sequential filtering reduced the PubChem set to 1 417 637 molecules. 

Among them, 308 018 molecules did not have an entry in PubChem3D database, hence 

their 3D coordinates were not available in the original PubChem database. For those 

structures, 3D coordinates were generated only for those molecules with 48-or-more 

atoms. The cutoff of 48 was chosen based on the size of the smallest calix[4]arene (a basket 

molecule with and internal pore and extensively investigated in the field of guest-host 

chemistry and porous materials). 



The final set of compounds suitable for the internal porosity analysis contained 1 258 975 

molecules. 

 

 

Figure 2-S5. PubChem database screening flow-chart. A 6-steps sequential filtering protocol is 

applied to the PubChem data base, searching for candidates for porous organic molecules. The 

initial number of 94 333 141 compounds was reduced to a final set of 1 258 975 molecules that 

were further analyzed with our molecular porosity detection algorithm.  

3.3 Crystal structure prediction 

Approach. Crystal structure prediction (CSP) calculations were performed using a random 

search technique implemented in the UPACK (Utrecht Crystal Package) program suite.9 

UPACK provides hypothetical crystal structures by approximating the free energy of the 

crystal with a static lattice energy and minimizing it by using a molecular force field (FF). 

The latter is defined as the sum of an intermolecular potential, consisting of van der Waals 

and Coulomb terms, and a combination of intramolecular energy terms, which account for 

molecular flexibility.  

We employed the widely used transferable OPLS_2005 force field10 to model the lattice 

energy for the systems considered in this study. In the OPLS_2005-FF framework, the 



cohesive energy is modeled as the sum of Lennard-Jones and Coulomb terms while 

intramolecular interaction include stretching, bending and torsional terms. OPLS_2005 FF 

is an enhanced version of the original OPLS force field,11 and is developed by the 

Schrodinger12 company to provide a bigger coverage of organic functionality. In particular, 

intramolecular parameters have been fit to reproduce the conformational energies derived 

at a higher level of quantum theory for a large set of organic molecules.  

As stated above, static lattice energy minimization is at the core of the UPACK method for 

crystal structure prediction simulations.  Energy minimization steps are normally 

performed by a combination of the steepest descendent method followed by a certain 

number of conjugated gradient minimization steps. Intermolecular interactions are 

truncated at a certain cut-off based on the charged groups distance and the Ewald 

summation method is employed for Coulomb and Lennard-Jones r-6 dispersion terms. 

A full CSP study with UPACK was carried out in three steps: 

Step 1. In the first step, we generated candidate structures (5000 are usually sufficient) by 

means of a random search method combined with a rough energy minimization (using a cut-

of 8Å for intermolecular interactions). Initial structures are generated for a set of selected 

space groups with Z’=1 molecules in the asymmetric unit cell. 

The number of degrees of freedom for the random search comprehends up to 6 variables for 

the unit cell plus 6 degrees of freedom that describe global translation and rotation of the 

molecule in the unit cell. For molecules with rotatable bonds further degrees of freedom are 

considered during the random search to account for different molecular conformations.   

The total number of degrees of freedom, D, cannot be arbitrarily large for the random search 

method to be successful. Indeed, it was empirically noticed¡Error! Marcador no definido. that the r

andom search method started to fail when the total number of random variables is around 

20. 

Step 2. During this step, a minimization of the static lattice energy with a larger cut-off of 

20.0Å w.r.t all the degrees of freedom was used to further refine the structures generated in 

Step 1. 

Step 3. Equivalent structures resulting from different initial orientations of Step 1 were 

grouped together by the means of a clustering algorithm based on interatomic radial 

distribution functions as implemented in UPACK. The final set of unique structures was 

finally ranked according to their lattice energy relative to the lowest minimum found.  

 



Validation. In the last few years, OPLS_2005 FF was successfully employed to investigate 

the lowest energy conformers of shape persistent molecules with large cavities and their 

ability to form guest inclusion complexes in permanent porous liquids.13 In this work, we 

adopt OPLS_2005 parameters to predict the packing behavior of such cage-like molecules 

in the crystal phase, and as it is the first such application, we have carefully validated it. We 

tested our aforementioned procedure by performing the CSP calculations for the well-

known porous imine cage CC1. CC1 cage molecule is one of a series of porous organic 

shape-persistent cages with large internal cavities synthesized in the group of Prof. Cooper 

of University of Liverpool, UK. These molecules have been of great interest especially for 

their capacity to tune porosity when exposed to different solvents.14  

 The energy landscape of cage CC1 has been already investigated in two independent CSPs 

works employing different approaches such as Monte Carlo simulated annealing and quasi-

random sampling for generating the initial trial set of structures.15 In both cases the final 

minimization procedure was carried out with the DMACRYS crystal structure modeling 

software for rigid molecules, which employs anisotropic atom-atom model potentials.16 In 

both studies, the two experimentally observed polymorphs CC1-’  (non-porous) and 

CC1-’(H2 selectively porous) were found in the low energy region of the phase landscape. 

Currently, all the triclinic, monoclinic and orthorhombic space groups are available to be 

searched in UPACK but in this work we limit our CSP calculations to a subset of 13 space 

groups (P21/c,P-1,P212121,P21,Pbca,C2/c,Pna21,Cc,Pca21,C2,P1,Pbcn,Pc), which 

account for about 90% of the observed crystal structures for organic molecules with Z’=1 

molecules in the asymmetric cell. For a group with internal symmetry, the generated 

structures can actually belong to a space group with higher symmetry. In such cases, the 

full symmetry was determined by post-processing the structures with the program 



PLATON.17 Finally, the interatomic interactions cut-offs during the first and the second 

stages of our procedure were set equal to 8Å and 20Å respectively. 

The obtained potential energy-phase landscape for cage CC1 is shown in Figure 2-S6. 

Both polymorphs are found by the UPACK search. Polymorph CC1-’ is correctly 

predicted in the space group P21/c (see Table 2-S1). On the other hand, polymorph CC1-

’ was predicted in the P1 space group, which reduced to higher symmetry R3 after analysis 

with PLATON. A closer inspection of the energy landscape reveal that ’ and ’ structures 

lie approximately 7kJ/mol and 26 kJ/mol above the global minimum, respectively. More 

precisely, UPACK predicted energy difference between the two polymorphs is E = E(’) 

– E(’) = -19.88 kJ/mol.  This energy difference, its value and sign, is within generally 

acceptable difference from the corresponding -9.57 kJ/mol value obtained after further 

relaxation of the structures by means of dispersion-corrected solid state DFT-D 

calculations performed with QuantumEspresso.18 A difference of 20 kJ/mol or more 

between the experimentally recognized polymorphs was predicted for other organic porous 

molecular materials,15,19 and its order of magnitude is well maintained between anisotropic 

atom-atom model potentials and DFT-D approaches. 

Our predicted structures for cage CC1 present comparable geometrical match to the 

experimental polymorphs, see Figure 2-S7 and 2-S8, when compared with the DMACRYS 

results of reference 15. Comparisons for unit cell parameters, root mean square 

displacement RMSD30 for a cluster of 30 molecules, and values of the pore limiting 

diameter (PLD) are resumed in Table 2-S1. 

Motivated by the results for cage CC1, we decided to apply UPACK prediction procedure 

to study the porosity properties of the predicted structures for the molecules selected in 



this work. In particular we will focus on the porosity properties of all the structures 

predicted in a 50kJ/mol range above the global minimum.   

 

 

Figure 2-S6. Energy-density plot for porous cage  CC1.  Energy density map for cage CC1 as   

predicted by UPACK with OPLS_2005 force field. Each point corresponds to a unique structure. 

Predicted structures that geometrically match the experimental polymorphs CC1-’ and CC1-’ are 

labeled and highlight with a filled red and blue point, respectively. Geometrical parameters are given 

in Table 2-S1. 

 
Cell axes length  

(Å) 
Cell angles 

Density 

(g/cm3) 

RMSD30 

(Å) 

PLD 

(Å) 

Material Structure 
a b c    

   

CC1 

𝛂'(P21/c) 

Exp. 12.810 10.910 36.810 90.00 97.49 90.00 1.033 
 

1.675 

UPACK + 
OPLS_2005 

12.725 10.865 37.689 90.00 101.72 90.00 1.032 0.749 1.495 

Quasi-
random 
+rigid 
DMACRYS 

13.425 11.156 37.761 90.00 94.45 90.00 0.934 0.812 2.025 

           

CC1 

𝛃'(R3) 

Exp. 21.015 21.015 10.491 90.00 90.00 120.00 0.988 
 

2.318 

UPACK + 
OPLS_2005 

21.119 21.119 10.730 90.00 90.00 120.00 0.953 
0.191 

2.469 

Quasi- 21.623 21.623 
10.851 

90.02 90.02 119.98 0.899 0.603 2.405 



random+rigid 
DMACRYS 

Table 2-S1. Geometrical parameters from our CSP study with UPACK-OPLS_2005 FF, compared 

to experimental values and CSP results from reference 15. Polymorph CC1-’ was predicted in P1 

space group but showed the full R3 space group symmetry after analysis with PLATON. RMSD 

over a cluster of 30 molecules where computed with the RMS module implemented in the 

GROMACS package.20 Pore limiting diameters (PLD) were evaluated with the Zeo++ code.¡Error! M

arcador no definido.,21 

 
 

 
 

Figure 2-S7. Structural comparison for experimental and UPACK-predicted CC1-’ structures. 

Structural overlay of a cluster of 30 molecules for experimental (blue) and predicted (red) CC1-’ 

structures.  The root mean square displacement, computed without taking into account the 

hydrogen atoms, takes a value of  RMSD30=0.749 Å. 

 



 
Figure 2-S8.  Structural comparison for experimental and UPACK-predicted CC1-’ structures. 

Structural overlay of a cluster of 30 molecules for experimental (blue) and predicted (red) CC1-’ 

structures.  The root mean square displacement, computed without taking into account the 

hydrogen atoms, takes a value of RMSD30=0.191 Å. 

  



3.4 Source information for the identified molecules M1-M6 

The PubChem Compound Database contains validated chemical information provided to 

describe substances in PubChem Substance database. The latter contains descriptions of 

samples from a variety of sources. By inserting the corresponding CID (Compound-Index) 

in the web page  https://pubchem.ncbi.nlm.nih.gov/#  is possible to retrieve information 

about the source, the deposit date and possible scientific publications that make reference 

to  a specific compound  object of study. In the table below we resume such information 

for molecules M1-M6, respectively. 
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PubChem Source Reference 

So
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M1 101377082 The Japanese 
Science and 
Technology 
Agency. 

Oniki, Y. and Kenta, G., Structural and 
Organic Chemistry Discussion Paper 
Preliminary Proceedings, Volume 35th, Page 
377 (2005). 

Japanese 

M2 102021452 The Japanese 
Science and 
Technology 
Agency 

Colquhoun, H. M., Arico, F., Williams, D. 
J.  One-step syntheses of very large cage-
type molecules from aromatic sub-units. 
Chem. Comm., 2574-2575 (2001). 

English 

M3 102210546 The Japanese 
Science and 
Technology 
Agency 

Kurata, H., Haruki, K.m Oda, M. Stilbene-
Extended Trithienylmethanophanes: A 
novel C3-symmetric cage molecule capable 
of accommodating and organic molecule as 
well as three Silver(I) ions.  Chemstry 
Letters 34, 484-485 (2005). 

English 

M4 102263757 The Japanese 
Science and 
Technology 
Agency 

Iwasaky, Y., Nagata, K. Inomata, T. Ozawa, 
T. Proceedings from the Symposium on 
Complexation Chemistry, Volume 64th, 
Page 127 (2014). 

Japanese 

M5 102333795 The Japanese 
Science and 
Technology 
Agency 

Publications:Yonaga, S., Tange, K., 
Hatanaka, T., Funahashi, Y.  Proceedings 
from the Symposium on Complexation 
Chemistry, Volumet 64th, Page 332 (2014). 

Japanese 

M6 16148678 Thomson-Pharma   
 
  

https://pubchem.ncbi.nlm.nih.gov/
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Abstract. The emerging advanced porous materials, e.g. extended framework materials and 

porous molecular materials, offer an unprecedented level of control of their structure and 

function. The enormous possibilities for tuning these materials by changing their building 

blocks mean that, in principle, optimally performing materials for a variety of applications 

can be systematically designed. However, the process of finding a set of optimal structures 

for a given application requires computational high-throughput tools to analyze and sieve 

through many candidate materials. In particular, in the case of porous molecular materials, 

the analysis and selection of a molecule is one of key aspects as the structure of the 

molecule determines the structure of the resulting material, and very often the porosity of 

the molecule significantly contributes to the porous properties of the resulting material. In 

this work, we introduce definitions and algorithms to characterize porosity at the molecular 

level, along with a software implementation of these algorithms. We demonstrate 

applications of the software tool in the discovery and characterization of porous molecules 

among ca. 94 million molecules currently enlisted in PubChem database. 

 

 

  



1. Introduction 
 

Advanced porous materials, e.g. extended framework materials and porous molecular 

materials, are being prototyped, and in some cases used,  in various applications including 

gas separations1,2, gas storage3,4, sensing5 and catalysis6. The modular chemistry underlying 

these materials has given the enormous possibilities for tuning their properties by changing 

their building blocks. Although, optimally performing materials for a variety of applications 

can be systematically designed, the process of finding a set of optimal structures for a given 

application is challenging due to the enormous search space of candidate materials, e.g.  

1060 small organic molecules could serve as candidates for porous molecular material 

phases7. There is a substantial payoff for developing novel tools and approaches to 

accelerate the search and discovery processes. In particular, molecular simulations, crystal8,9 

and amorphous structure prediction10, automated workflows11–13, dedicated descriptors14,15 

and machine learning tools16,17 have been investigated as components of such accelerated 

discovery efforts. Although a number of such tools and approaches have been combined 

into complex discovery workflows in applications to porous framework materials3,4,18 

similar tools and approaches dedicated to porous molecular material have been lagging 

behind.   

Porous molecular materials (PMMs) are solids built from discrete, likely rigid, molecules 

interacting with each other through non-covalent bonds (Fig. 3-1). Porosity of PMM 

emerges as a combined effect of the geometry of the molecule itself and the molecular 

packing in the solid. Porous molecular materials19 have been discussed in literature for 

about half-century, i.e. since the gas absorption capacity of molecule (tris(o-phenylenedi-

oxy)cyclophosphazene, TPP) molecular crystal was reported in 196420. Since then, the 

number of known porous molecular materials has been raising though the porosity of the 

vast majority of them19, e.g. measured by internal surface area, has been rather limited when 

compared with framework materials. A recent survey of Cambridge Structure Database 



identified 481 porous molecular materials and this number should be treated as lower 

bound due to the limitations of the methodology.16  

In the last decade, the field of advanced porous molecular materials has entered a new era 

with the introduction of porous organic cage (POC) materials (Fig. 3-1b, 3-1d). POC is an 

organic molecule with an internal cavity and at least two windows granting access to it. 

POCs rely on modular chemistries such as imine condensation reaction21, boronic ester 

condensation22, or alkyne metathesis23, which allow to achieve materials with high surface 

areas and large pores, e.g. up to mesoporous levels24. The major advantage of POCs is their 

solution processability. The resulting materials can be either crystalline or amorphous while 

the molecular porosity can be also exploited in solution6. 

Porosity in porous molecular materials can arise in multiple ways. First, the material 

porosity may be the result of its molecules being porous themselves, as is the case of cage 

molecules such as the family imine cages21. This case is often referred as intrinsic porosity, 

where there is a porous network connecting internal molecular pores. Second, the material 

porosity may be the result of inefficient packing of molecules in space, such that the voids 

between molecules are present even if the molecules themselves are not porous. This case 

is often referred as extrinsic porosity (Fig. 3-1a, 3-1c). Both intrinsic and extrinsic material 

porosity can coexist in the same solid as in, for example, porous organic cage material 

CC1325. Furthermore, there are other, less specific terms in use when referring to porous 

molecules of various chemistries, e.g. belt-like molecules, such as noria26 or molecular 

squares27–29; or cup-like molecules such as calixarene molecules30.  

With such a variety in porous molecules and the corresponding porous solid phases, 

computational techniques can be used to predict properties of any materials ahead of 

synthesis, accelerating the discovery process. A discovery pipeline may consist of mainly 

three steps: (1) Molecule selection; (2) Solid-state structure prediction; (3) Properties and 

performance prediction for the materials from step (2) in the context of a given application. 



Computational tools to perform Steps (2) and (3), e.g. electronic structure methods, 

molecular simulations and crystal structure predictions, are available and a recent review 

captures their state of the art in the context of PMMs7. Step (1) includes identification and 

characterization of porous molecules, which can serve as suitable candidates for porous 

materials. In some cases, molecular structure may even reflect material properties (for 

instance, the window size of a cage molecules may correlate with diffusion of a given 

species into the material or the internal cavity of a cage molecule can be a strong guest 

binding site). Automation of Step (1) with appropriate computational tools can streamline 

this step and thus enable high-throughput discovery of porous molecular materials adapted 

to different applications. 

Until very recently, characterization of porous molecules was limited to standard molecular 

descriptors, e.g. mass, outside molecular dimensions (e.g. length, width), surface area, and 

ad hoc-developed descriptors that address porosity, e.g. pore diameter, which had to be 

taken ‘by hand’ with help from a visualization package. Only recently, the first effort to 

develop basic molecular porosity descriptors was presented by Miklitz et al. in the context 

of POCs for xenon/krypton separations31. Specifically, a methodology to calculate several 

molecular descriptors was introduced, in particular: 1) the maximum diameter of the 

molecule, understood as the largest distance between any two atoms of the molecule; 2) 

Intrinsic void diameter, defined as twice the distance between the center of mass of the 

molecule and its closest atom (corrected with Van der Waals radii); 3) Spherical void 

volume, defined as the volume of the sphere placed at the center of mass with the radius 

equal to the half of the intrinsic void diameter; 4) Number of windows for the molecule; 5) 

Window sizes. The number of windows and window sizes are defined through an 

algorithm that distributes probing rays uniformly from the center of mass of the molecule 

towards an outer sphere, then checks whether these rays come close enough to any atom, 

discarding those. Afterwards, the remaining rays are clustered with a density-based 



clustering algorithm. The number of windows equals the number of clusters. Each cluster 

is then used to reconstruct a plane that represents the entry window, giving an estimate of 

window size. The approach by Miklitz et al.  represents the first attempt to provide 

molecular porosity descriptors. As such, it offers a rather simple description, where one 

molecular pore is assumed per molecule with its center coaligned with the center of mass 

of the molecule; similarly, windows are assumed to be regular, having their size determined 

by the average of the set of rays that determines them.  

In a recent publication, our group introduced a method to identify porous cages, along 

with their pore sizes32. In this work, we aim to extend our methods to establish definitions 

of molecular porosity and its numerical descriptors as well as present the corresponding 

algorithms. Our aim is to provide robust algorithms, which can detect and characterize 

diverse cases of molecular porosity.  

Our algorithms and tools: 1) detect and characterize the internal voids of a molecule. Void 

characterization includes information about pore size and pore exposure; 2) detect and 

characterize windows and entry paths connecting the external space with the molecule’s 

internal voids. As a result, the number of windows and entry paths with their 

corresponding sizes are provided; 3) calculate the diameter of a spherical probe that can  

access and/or occupy pores; as a result of solving this problem, the largest cavity diameter 

(LCD) and the pore limiting diameter (PLD) are calculated; 4) compute the internal surface 

area of the molecule. The algorithms and their implementation are demonstrated by 

performing high-throughput screening of PubChem 3D database to identify and 

characterize the porous molecules it contains.  

 

  



2. Methods 
 

2.1 Molecular representations 

Formally, we define a molecule, M as a set of bonds and atoms, i.e.: 

 M ≡  𝐴𝑀  ∪  𝐵𝑀         (1) 

Where AM = {a1, …, an} is the set of atoms, and BM = {b1, …, bm} is the set of chemical 

bonds. Each atom, ai = (xi, yi, zi, ri), is defined by its coordinates (i.e. the geometrical center 

of the atom) and its radius. In this representation, atoms are assumed to be hard spheres. 

Each bond is defined as a pair bj = (k, l), by the indices of the atoms it connects (k, l in {1, 

…, n}, where n is the number atoms; k ≠ l).  

Molecular information (i.e. atom positions and type, chemical bonds) is provided as input, 

and molecules can origin from any chemical repository such as such as PubChem33 or the 

Cambridge Structural Database34. Molecules are treated as rigid objects. Molecular probes 

(i.e., candidates to enter the cavities of a studied molecule) are also assumed to be hard 

spheres with user-specified radii. 

 

2.2 Identification of void space: Voronoi tessellation 

In order to analyze the space around atoms, we use Voronoi tessellation14, a computational 

geometry technique that, given a set of points, constructs cells, the boundaries of which are 

defined by points being in equal distance to the neighboring points. Vertices and edges of 

the Voronoi cells form a graph (set of nodes connected by edges), which represents the 

space between the points. In particular, given the set of atoms, AM, we obtain a graph, 

named Voronoi graph, defined as: 

V(𝐴𝑀)  ≡  𝑉𝑁  ∪  𝑉𝐸        (2) 

where VN = {n1, …, nk} is the set of Voronoi nodes, and VE = {e1, …, ej} is the set of 

Voronoi edges. Each node ni = (xi, yi, zi, di) is defined by its 3D coordinates and the 



distance di to the surface of closest atom. Each edge ei = (na, nb, Di) is defined by the 

indices of the two Voronoi nodes connected by the edge (na, nb, with a,b in {1, …, k},    a 

≠ b), and the distance Di to the surface of the closest atom. In order to take into account 

atom radii to estimate the distances di and Di, two approaches can be used: 1) Radical 

Voronoi tessellation, which modifies the distance function to correct nodes positions in an 

approximate manner, or 2) “High accuracy” Voronoi tessellation35, which substitutes each 

atom by a set of smaller spheres of fixed radii. The former is faster, whereas the latter is 

more precise. Details about different versions of Voronoi tessellation can be found in the 

Supporting Information (SI) file. In this work, we used the Voro++ library36 to compute 

Voronoi tessellation. 

 

2.3 Point Exposure Map 

Our approach is based on the observation that a molecular pore is created by atom-made 

boundary(ies). In particular, the boundaries not only need to limit the space but also 

surround the space in order to create an internal void – the pore. Alternatively, in order to 

determine if a given point in space is inside a molecule, we need to determine how exposed 

the point is to the surroundings of the molecule. Intuitively, this can be done as follows: a 

sphere, centered at the point of interest, large enough to surround the molecule, is defined. 

Over that sphere, we define the point exposure map (with respect to the molecule) as the 

complement of the shadow of the molecule taking the studied point as a non-directional 

light source. Next, we outline how to formally define this idea.  

Let M be the molecule defined as in Eq. (1), and x the point to be studied. Let S be a 

sphere with center x and radius R =  max({dist(x, a) ∶  a ϵ 𝐴𝑀}), and Ps = {s1, …, sn} a 

set of points over S, distributed according to Vogel’s method37. Vogel’s method allows to 

distribute a set of points over the surface of a sphere in an even manner (any such method 

would serve to our purpose). A set of N points with Vogel’s method is distributed 



constructing a spiral over the surface of the sphere. Using cylindrical coordinates each 

point i is defined as follows: the angle 𝜌𝑖 = 𝜃𝑖 , where 𝜃𝑖 is a multiple of the golden angle; 

the radius 𝜏𝑖 = √1 − 𝑧𝑖
2 ; and 𝑧𝑖 = (1 −

1

2
)(1 −

2𝑖

𝑁−1
). 

Let T be a triangulation of Ps. In T, all triangles have similar surface areas (see Fig. 3-2). We 

want to erase triangles from T to obtain a surface that reflects how much the molecule M 

surrounds the point x. Let Hs be the set of tetrahedrons defined as: 

𝐻𝑠 ≡  {(x, t) ∶  t ∈ T}        (3) 

The set of “triangles to be erased”, Te, is defined as: 

 𝑇𝑒  ≡  { t: (x, t) ∩ M ≠ ∅, (x, t) ∈ 𝐻𝑠}     (4) 

Finally, the set of remaining triangles, to which we will refer as the exposure map for point x, 

is defined as the subtraction of triangles: 

 𝐸𝑚𝑎𝑝(x, M)  ≡  T −  𝑇𝑒       (5) 

An example of the exposure map for three different molecules representative of different 

molecular motifs can be seen in Fig. 3-2. This set of triangles may have several connected 

components (two triangles are connected if they share an edge). Also, we refer to the 

surface of a triangle t as S(t), and to the surface of a component C as S(C). The surface of 

the initial triangular grid is S(T).  

 

2.4 Identification of internal space: Pore Exposure Ratio 

In order to decide whether a given point in space is either internal or external with respect 

to the molecule, we introduce a technique to assign any given point x a number between 0 

and 1. We define this as the Pore Exposure Ratio (PER). Briefly speaking, PER is the ratio 

between the surface area of largest connected component on the exposure map and the 

surface of the initial surrounding sphere. This number will never be larger than 1 (as all 

connected components are subsets of the initial spherical grid), and it will tend to be 



smaller when the point is surrounded from many different directions, approximating our 

intuition of what is being “inside the molecule”. To compute the PER, we make use of the 

Point Exposure Map, defined in the previous section. Computing the connected 

components of PEM is done through a standard depth-first algorithm.  

Let x be any point, and M the reference molecule. Let Emap(x, M) be the exposure map for 

x. The exposure map can be defined as the union of its n connected components, i.e.: 

 𝐸𝑚𝑎𝑝(x, M)  =  ⋃ 𝐶𝑖
𝑛
𝑖=1        (6) 

We consider two triangles to be connected if they share at least an edge. For simplicity, we 

assume the components to be inversely sorted by surface (i.e., S(Ci) < S(Cj) if j>i). Then, 

the component with maximum surface is C1, and Pore Exposure Ratio for x is defined by 

the formula: 

 PER(𝑥) ≡  
𝑆(𝐶1)

𝑆(𝑇)
        (7) 

PER(x) is a number between 0 and 1 as C1 is a subset of T, and it defines “how much the 

molecule M surrounds the point x”.  

The pseudocode of PER algorithm is described in Scheme 1 included in the SI. The Pore 

Exposure Ratio provides an insight on how much exposed the x point is with respect to 

the molecule.  The PER when combined with a criterion to classify the points as internal 

(described in next section), and with Voronoi tessellation, allow us to detect molecular 

cavities.  

 

2.5 Threshold selection 

In order to decide if a point is to be considered ‘internal to the molecule’, we set a 

threshold for the PER value, such that any point with PER below that threshold will be 

considered ‘internal’. To select a threshold, PER value was computed for the center of 

mass of 337 molecules extracted from PubChem and Cambridge Structural Database. 



Visual inspection led us to set PER threshold at 0.45, in order to include molecular cages, 

belts and cups as porous molecules. 

Selection of PER threshold provides us with a uniform criterion to decide whether any 

point in space is inside or outside a molecule. This is crucial for the task of finding 

molecular cavities, and has other applications, discussed in section 4. 

 

2.6 Cavity detection and characterization 

Characterization of the internal space of a molecule is a key task in identifying porous 

molecules, and characterizing their porosity in terms of pore size, entry paths, windows, 

and internal surface area. Our algorithm for characterization of the molecular internal space 

combines the different techniques discussed in the previous sections: 1) Voronoi 

tessellation to find empty space; 2) PER to determine which Voronoi nodes (i.e. pore 

candidates) are internal.  

Our objective is to find a set of internal Voronoi nodes, i.e., best candidates to be 

molecular pores. The set of internal Voronoi nodes, VIN, is defined as follows: 

 𝑉𝐼𝑁  ≡  {n ∈ 𝑉𝑁: PER(n) ≤ 0.45}      (8) 

An algorithm to compute this set is described in Scheme 2 in the SI and depicted as part of 

Fig. 3-3.  

2.6.1 Largest molecular cavity and its two descriptors. Characterization of molecular cavities 

permits identification of the molecule’s largest cavity. In summary, the largest cavity will 

correspond to the internal Voronoi node with the largest distance to atoms. Let VIN = {n1, 

…, np}, and dmax = max ({d1, …, dp}). Let nmax = (xmax, ymax, zmax, dmax) be the internal 

Voronoi node with d = dmax (i.e., with maximum distance to atoms). nmax is the largest 

cavity of the molecule. Now we can define Largest Cavity Diameter (LCD) for the 

molecule as the distance from the largest cavity to its closest atom (corrected by atom 

radii). Formally: 



 LCD(M)  ≡  2𝑑𝑚𝑎𝑥        (9) 

We can also define the molecule’s PER as the PER value assigned to the largest cavity: 

 PER(M)  ≡  PER(𝑛𝑚𝑎𝑥)       (10) 

LCD(M) and PER(M) are two molecular descriptors of interest in this study. LCD(M) 

provides general information about molecule’s porosity (i.e. size of largest probe that can 

lie inside the molecule). The molecule's PER gives an intuition of the shape of the 

molecule: lower PER vales are associated to cage-like molecules, and with more 

constrained pores, whereas higher PER values are associated with belt-like molecules and 

less constrained pores. Algorithm for LCD and molecular PER is described in Scheme 2 in 

the SI. 

 

2.7 Access to molecular pores 

In many applications of porous molecular materials, molecular cavities have to be accessed 

by a guest molecule, which is represented by a spherical probe of a given radius. Due to the 

molecular shape, there may be several access routes, and they may restrict the size of the 

probe. In order to describe pore accessibility, we introduce two definitions. A chemical 

window is a set of connected atoms and the corresponding chemical bonds that form an 

opening connecting the outside of the molecule with its internal cavity. An entry path is a 

possible trajectory of entering the internal cavity that corresponds to locally-largest probe. 

Entry paths help with the detection of irregular windows that may allow access of 

molecular probes in multiple ways, as described in Fig. 3-4. Chemical windows and entry 

paths are related concepts. Every entry path will cross through exactly one chemical 

window, and every chemical window must have at least one entry path crossing it. Irregular 

windows are expected to have more than one entry path.  

 

 



2.8 Detection of chemical windows 

We want to identify chemical windows, i.e., bonds and atoms restricting access to the 

molecule. To detect chemical windows, we rely on the definition of exposure map (see 

Section 2.3) of a special point.  

Let M be the molecule, and c the "center of the molecule" (𝑐 =  
1

𝑛𝑎
∑ 𝑎𝑖

𝑛𝑎
𝑖=1 , ai being 

coordinates of atoms, na being the number of atoms). We can write the exposure map as 

the union of its n connected components as in formula (6). Each connected component is 

a set of triangles, and can also be expressed in terms of the edges of those triangles: 

 𝐶𝑖  =  ⋃ 𝑒𝑖𝑗
𝑛
𝑗=1         (11) 

Where {ei1, ..., ein} are the edges associated to Ci. For each edge of the component, we 

define the associated bond bij, as follows: 

 𝑏𝑖𝑗  =  {𝑏 ∶  𝑑𝑖𝑠𝑡(𝑏, 𝑒𝑖𝑗)  =  min
𝑏 ∈ 𝐵𝑀

𝑑𝑖𝑠𝑡(𝑏, 𝑒𝑖𝑗)}     (12) 

In words, bij is the chemical bond with least distance to eij. Due to molecular geometry, this 

bond is unique. The chemical window associated to the component Ci is then defined as 

the set of chemical bonds associated to its edges, along with the atoms. We define the set 

of bonds for window i (with n edges) as: 

 𝐵𝑖  =  ⋃ 𝑏𝑖𝑗
𝑛
𝑗=1         (13) 

Notice that two component edges could share a bond. Thus, Bi does not necessarily have n 

elements (this will very rarely happen). The set of atoms for window i corresponds to those 

atoms connected by the bonds retrieved in previous step. Formally: 

 𝐴𝑖  =  {𝑎 ∶  ∃𝑏 ∈ 𝐵𝑖 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝑎 ∈ 𝑏}     (14) 

The window associated to Ci, Wi, is defined as: 

 𝑊𝑖  ≡  𝐴𝑖  ⋃ 𝐵𝑖        (15) 



The set of windows of the molecule, W, is defined as the union of the windows associated 

to each component of the exposure map of the center of mass, i.e., if the molecule has n 

windows: 

 𝑊  ≡   ⋃ 𝑊𝑖
𝑛
𝑖=1          (16) 

The pseudocode for chemical window detection algorithm is described in Scheme 4 in the 

SI. This process is also depicted as part of Fig. 3-3. 

 

2.9 Detection of entry paths 

We want to identify entry paths, i.e. ones that lead from the surroundings of the molecule 

to its internal cavities that not cross any chemical bonds or atoms, and move across the 

largest openings in the molecular structure. To identify entry paths, we first consider the set 

of Voronoi edges connecting internal nodes with external nodes (i.e., nodes with PER > 

0.45). We call this the set of “potential entries”, VEPE. 

 𝑉𝐸𝑃𝐸  ≡  {(𝑛𝑎, 𝑛𝑏)  ∈ 𝑉𝐸 ∶  (𝑎 ∈ 𝑉𝐼𝑁)∇ (𝑏 ∈ 𝑉𝐼𝑁)}    (17) 

Potential entries are then grouped by the window they traverse through. This is decided by 

a total distance criterion, i.e., e in VEPE crosses through Wi if: 

 ∑ 𝑑𝑖𝑠𝑡(𝑒, 𝑎)  =  min
𝑊𝑗∈𝑊

{∑ 𝑑𝑖𝑠𝑡(𝑒, 𝑎)𝑎∈ 𝐴𝑗⊂𝑊𝑗
} 𝑎 ∈ 𝐴𝑖⊂𝑊𝑖

    (18) 

Ai defined as in section 2.8.1. For each window, the set of potential entries traversing 

through that window is defined as WEPE. Consider this set to be sorted by edge distance to 

atoms (i.e., edge with maximum Di first), and let eW1 the first edge of the list and DW1 its 

distance value. A subset of the previous one, called “relevant entries”, WRE, is defined as: 

 𝑊𝑅𝐸  ≡  { (𝑛𝑎, 𝑛𝑏 , D) ϵ 𝑊𝐸𝑃𝐸: 𝐷 ≥ 0.8 · 𝐷𝑊1}    (19) 

Another subset, called “far enough entries”, WFEE is defined as: 

 𝑊𝐹𝐸𝐸  ≡  { e ϵ 𝑊𝐸𝑃𝐸: 𝑑𝑖𝑠𝑡(e, 𝐸𝑊1) ≥ 𝐷𝑊1}     (20) 

The set of “entry paths for Window Wi”, EP(Wi), is defined as: 



  EP(𝑊𝑖)  ≡  𝐸𝑊1  ∪  𝑊𝑅𝐸 ∪ 𝑊𝐹𝐸𝐸      (21) 

This construction obeys to the need of deleting an excess of Voronoi edges, keeping only 

the one furthest to atoms, and those far enough from atoms (at least 0.8 times the distance 

of the most relevant) and far enough from the most relevant to be accounted for. The 0.8 

threshold was chosen empirically.  

The set of molecule’s entry paths corresponds to the union of entry paths of all its 

windows, i.e.: 

 EP(M)  ≡  ⋃ 𝐸𝑃𝑊𝑖∈𝑊 (𝑊𝑖)       (22) 

Information on the number of paths across a given window can provide information on 

how irregular its shape is (regular windows will have only one entry path, whereas 

elongated or bending windows may have more). More generally, the number of entry paths 

to the molecule corresponds to the cardinality of the EP(M) set. The algorithm to compute 

the entry paths is described in Scheme 5 of the SI. This process is also depicted as part of 

Fig. 3-3. Entry paths are also used to compute Pore Limiting Diameter of the molecule, as 

it will be discussed in Section 2.11.  

 

2.10 Window size 

To determine the size of the largest molecular probe that can pass through a chemical 

window, we define window size. It corresponds to twice the largest distance from any entry 

path obtained for this window to its atoms. It is given by the expression: 

 WS(W)  ≡  2 max
({𝑛𝑎,𝑛𝑏,D) ϵ W}

𝐷      (23) 

Window size allows introducing a molecular descriptor called the maximum window size, 

defined as the largest size among all window sizes in the molecule. Formally: 

 𝑀𝑊𝑆(𝑀)  ≡ max
𝑊𝑖∈𝑊

𝑊𝑆(𝑊𝑖)      (24) 

 



2.11 Pore limiting diameter 

Pore Limiting Diameter (PLD) is defined as the twice the radius of the largest (spherical) 

probe that can enter any molecular cavity, and lie within it. Such value is determined by 

both the size of the cavities inside the molecule, and the size of the entry paths used to 

reach those cavities.  

To compute PLD, we consider a subset of Voronoi graph. First, consider the set of 

internal Voronoi nodes (VIN, see Eq. 8) and the set of entry paths (MEP, see Section 2.8.2). 

The restricted Voronoi graph, VR, is defined as: 

 𝑉𝑅 ≡ 𝑉𝐼𝑁 ∪ 𝑀𝐸𝑃 ∪ 𝑉𝐼𝐸       (25) 

Where VIE is the set of internal edges, i.e., edges connecting internal nodes. Formally: 

 𝑉𝐼𝐸 ≡ { (n𝑎, n𝑏 , D) ϵ 𝑉𝐸 ∶  (n𝑎 ϵ 𝑉𝐼𝑁) ˄ (n𝑏 ϵ 𝑉𝐼𝑁) }    (26) 

This restricted graph contains all the relevant information about accessibility to molecular 

cavities: restrictions to access the molecule are provided by distances associated to entry 

paths (contained in MEP), whereas restrictions associated with cavities are provided by 

internal pores (VIN), and restrictions in movements inside the molecule are provided by 

internal edges (VIE). To compute PLD, a modified Dijkstra algorithm is applied to VR.  

Classical Dijkstra algorithm38 explores a graph, and aims to find a path (i.e., a list of edges) 

with minimum total ‘weight’. In our case, weight for each node and edge is the associated 

distance to atoms (d for nodes, D for edges). Our variant of the algorithm aims to find the 

path with largest opening (i.e., the path that allows the largest probe to get in). Formally, let 

p = {e1, …, en} be a path of length n, the restriction of p, r(p), is defined as: 

r(p)  ≡  min( {𝐷1, 𝑑1𝑎, 𝑑1𝑏 , . . . , 𝐷𝑛, 𝑑𝑛𝑎, 𝑑𝑛𝑏})    (27) 

Where Di is the distance associated to the edge ei, and dia, dib are the distances associated to 

the nodes ai and bi connected by the edge ei (for i in {1, … , n}). Now, if P is the set of all 

possible paths in VR (i.e., connected sequences of edges), we want to find pmax, the path 

with maximum restriction, I.e.: 



𝑝𝑚𝑎𝑥  ≡  { p ϵ P ∶ r(p) = max
𝑝𝜖𝑃

(r(p)) }     (28) 

Then, the pore limiting diameter for the molecule, PLD(M), is defined as the restriction of 

pmax, i.e.: 

PLD(M)  =  2 r(𝑝𝑚𝑎𝑥 )       (29) 

Details about modified Dijkstra algorithm are provided in Scheme 6 of the SI. More 

information about how Dijkstra algorithm works can be found in SI.  

Information about PLD for a molecule provides information about the maximum intrinsic 

storage capacity of that molecule. Comparing PLD with LCD, for example, it can be seen if 

intrinsic pores are accessible.  

 

2.12 Internal Surface Area 

To compute the internal surface area, we introduce a (Monte Carlo)-based method, divided 

in four steps. First, a fixed number of random points are sampled over each atom's surface. 

Points are sampled to guarantee uniform distribution per surface unit. To do so, for each 

point, two random numbers 𝑢 and 𝑣 are uniformly sampled in the range [0,1]. The 

spherical coordinates for the random point are then obtained as 𝜃 =  2𝜋𝑢, 𝜙 =

𝑎𝑟𝑐𝑐𝑜𝑠(2𝑣 − 1) and 𝑟 =  𝑟𝑎𝑡𝑜𝑚. Second, each point is tested to be outside the 

intersection of atoms, checking distance from the point to every other atom: if it's lesser 

than atom radius, point is not in atom's overlap region. Third, each point is tested to be 

internal or external. To avoid overload due to computation of PER value for so many 

points, sampled points are classified as internal if closest Voronoi node from Voronoi 

graph is internal, and as external otherwise (see Fig. 3-5 for more details). Fourth, the ratio 

of internal points is calculated (i.e., the fraction of internal points divided by total number 

of sampled points) for each atom. Internal surface area of that atom is defined as atom’s 

surface multiplied by ratio of internal points sampled. Internal surface area of the molecule 



is defined as the sum of all internal surface areas of its atoms. The pseudocode description 

of this algorithm is shown in Scheme 7 of the SI. 

 

2.13 Implementation 

All the previously outlined algorithms were implemented in Molipor tool 

(www.nanoporousmaterials.org/programs/), which has been written in C++ language, 

with help of the Eclipse IDE for C/C++ developers (version 1.3.2)39. The g++ compiler 

(clang-700.1.76) was used for compilation tasks. Debugging tasks were performed with 

help of gdb40. For the task of Voronoi tessellation computing, Voro++ library was 

integrated with our code36. 

 

2.14 Validation  

Validation of the presented algorithms was performed using a set of ca. 337 molecules, 286 

of which can be found in the PubChem database, and 51 of which can be found in CSD. 

These molecules represent four groups based on their structure: cage-like, belt-like, cup-like 

and non-porous molecules, respectively. The results obtained from applying our tool over 

these molecules were evaluated against visual inspection. 

2.14.1 PER Validation. In Fig. 3-6, six example molecules are presented along with the PER 

values associated with either their pores (if any) or the center of the box (for non-porous 

molecules). The box is defined when computing Voronoi tessellation, as the minimum 

rectangular box parallel to axis that contains the molecule. Porous cages have PER values 

under 0.36, with lesser values for molecules with more constrained internal space. For cup-

like and belt-like molecules, PER values are close to 0.45. Differentiation between cup-like 

and belt-like is not achieved solely by studying PER. For the non-porous molecule shown, 

PER value goes far beyond, reaching 0.8. This is a common feature of such molecules. 



2.14.2 Chemical window validation. To confirm that the chemical windows are being correctly 

identified, a visual inspection was conducted over the set of 337 molecules. The chemical 

window algorithm computed the correct number of windows for each molecule. Results 

for five example molecules are shown in Fig. 3-7. 

 

2.15 Dataset for high-throughput analysis 

Dataset construction was performed starting from the PubChem Compound Database. 

Several filters were applied, keeping only molecules that appeared alone (e.g. excluding 

salts), were organic, non-charged, non-radical, with less than 8 rotatable bonds (to favor 

rigid molecules) and with more than 48 atoms (estimated minimum size of porous 

molecule). A set of 1 258 975 candidates for porous molecules was identified. The database 

construction process is discussed with more details in a recent publication by our group32 

3. Results 
 

We demonstrate the developed algorithms by statistical analysis of an initial set of 1 258 

975 molecules, out of which 6020 showed porosity levels of interest (i.e. pore size > 1.4 A). 

We analyzed this set of 6020 molecules, observing structural and porosity features of the 

molecules present in the set, including: 1) Histograms with number of molecules within a 

given range, for the six developed molecular porosity descriptors (see Fig. 3-8); 2) 

Graphical representation of PER value versus other four parameters: LCD, PLD, the 

number of windows and surface area (see Fig. 3-9); 3) Pairwise correlations of the six 

molecular descriptors (see Fig. 3-10). 

 

3.1 Molecular descriptors distribution 

Our molecular database study revealed several patterns among the different descriptors 

developed in this work, as highlighted in Figs. 3-8 and 3-9. Interestingly, the number of 



molecules featuring exactly 2 windows outnumbers the others, indicating a high number of 

belt-like molecules. These molecules are, potentially, building blocks for porous materials. 

Our analysis revealed more than 4000 of these belt-like molecules. 

 

3.2 Molecules and PER values 

We also represented PER values against different molecular descriptors (see Fig. 3-9), 

expecting that PER would help identifying different types of molecules. By observing PER 

histogram (see Fig. 3-8), most molecules have values close to 0.4, which corresponds to the 

intuition of belt-like molecules having such value. When comparing number of windows 

with PER, this intuition gets reinforced: molecules with exactly 2 windows accumulate after 

0.28 (with few exceptions corresponding to bending belts). It can also be seen that, the 

higher the number of windows, the lesser the PER values around which molecules 

accumulate, although for 3 and 4 windows PER values are widespread. When studying 

PER compared to LCD and PLD, there can be multiple pore sizes around one given PER 

value, although there’s a tendency of higher PER to be associated with higher pore size. 

Molecules with pores bigger than 10 Å are accumulated PER values over 0.4. Visual 

inspection revealed that this corresponds to belt-like molecules. 

 

3.3 Correlations among descriptors 

We studied the pairwise correlations between the six descriptors developed during this 

work (PER, LCD, PLD, number of windows, number of entries and internal surface area) 

plus maximum window size (see eq. 24). Correlation values are presented in Fig 3-10.  

Several strong positive correlations between several parameters were found: 

• LCD, PLD and maximum window size are strongly correlated with each other 

(all three pairwise Spearman correlations are higher than 0.89, with 0.99 

Spearman correlation for PLD and maximum window size), indicating that pore 



size and restriction to pore access (determined by PLD) are typically of similar 

magnitude. High correlation between PLD and the maximum window size 

indicates that the window size is playing an important role on determining PLD.  

• Number of windows and number of entries also show a high positive correlation 

(0.92 Spearman correlation). This indicates that, in most cases, windows are 

regular enough to consider them to have just one entry path (recall that every so-

called chemical window has at least one entry path).  

• Moderate positive correlation was found between PER and PLD and the 

maximum window size (>0.4 Spearman correlation), although not between PER 

and LCD, indicating that low PER is expected to be associated with more 

restricted access routes, although not with smaller cavities. Internal surface area 

correlates weakly (absolute value <0.3 Spearman correlation) with all the other 

parameters.  

 

4. Discussion 
 

Molecular descriptors developed in this work are based on a geometry-based approach. A 

different approach would be the use of topology-based techniques such as graph-theory41 

and/or homology groups42. Graph theory, for instance, would allow studying the molecule 

as if it was a graph, thus reducing the problem of window detection to a cycle detection. 

Homology groups represent another way to approach the same problem, as they are a 

natural way to describe holes in the surface of an object. Although topology-based 

techniques may seem attractive at first sight, we see a major drawback to their use. Under 

topological approaches, any deformation of the structure that does not imply breaking the 

structure (i.e., that leaves bonds untouched) would remain undetectable, whereas it is 

obvious that deformations on molecular structures affect critical aspects such as window 



size, pore size, number of entries, or even number of windows. Thus, we based our 

approaches on geometry-based techniques, limiting the involvement of graph theory to a 

modified version of Dijkstra algorithm is used to find the least restricting path towards the 

insides of the molecule. 

Compared to the recent publication of Miklitz et al.31, our approach has the advantage of 

not assuming molecules to be porous at the first place. In Miklitz's work, the molecular 

pore is assumed to be in the center of mass of the molecule, which works for cage 

molecules but is not generally true for porous molecules and/or molecules in porous 

molecular materials. In our work, we avoid this assumption by first computing the Voronoi 

graph (which gives a list of potential cavities) and then studying nodes of this graph to see 

which ones are inside the molecular pore, using the largest (i.e., the one placed furthest 

away from atoms) as the largest cavity of the molecule. In the case of detection of 

molecular windows, our approach is similar to the one of Miklitz et al. as it requires a 

reference point (geometrical center) to perform analysis. However, our approach goes into 

greater level of detail when it comes to window characterization. All geometrically 

restricting atoms and bonds (and thus detailed geometry of the window) are recovered, and 

allow accurate characterization of non-symmetric windows, i.e. by analyzing the Voronoi 

graph, in particular its nodes and edges going through the to-be-analyzed window, it is 

possible to detect a number of geometrically-relevant, independent entry paths and the 

corresponding largest spherical probe diameters that can pass through the window 

following these paths.  

Finally, we note that two of our algorithms, one for detection of porous molecules using 

PER and one for identification of entry paths, rely on threshold selection. Through the 

presented work, i.e. analysis of hundreds of examples, we have come up with thresholds 

that in our view best represent the chemical intuition required in high-throughput studies 



of large databases. However, future studies that may focus on specific aspects of molecular 

porosity may require a refinement of these thresholds.  

 

5. Conclusions 
 

In this work, we presented a set of definitions and algorithms to describe porosity at the 

molecular level. Six descriptors of molecular porosity were introduced the Largest Cavity 

Diameter (LCD), the molecular PER, the Pore Limiting Diameter (PLD), the number of 

windows, the number of entry paths, and the Internal Surface Area (ISA). Calculation 

thereof relies on the geometry representation of a molecule, i.e. the molecule is defined as a 

set of hard sphere atoms with a given coordinates and radii. An implementation of our set 

of algorithms was used to identify porous molecules in PubChem database, and 

subsequently characterize a set of 6020 molecules. It was observed that majority of porous 

molecules in this repository have 2 windows, and that their PLDs and window sizes are 

highly correlated.  Also, high correlation between the number of windows and the number 

of entry paths indicates that most windows are regular in shape. 

The presented contributions can be integrated with high-throughput discovery workflows 

for porous molecular materials43 as well as employed in detailed characterized on particular 

porous molecules of interest. 

  



6. Figures 
 

 

Figure 3-1. Two molecules that build up into porous molecular materials. (a) Trypticene OMIM 

molecule with extrinsic porosity44. (b) Covalent cage 3, cage molecule with intrinsic porosity21. (c) 

Crystal structure for tryticene OMIM presented in (a), showing porosity at material level. (d) Crystal 

structure for Covalent cage 3 presented in (b), showing porosity at material level.  



 

 

Figure 3-2. Point exposure map. (a) Triangular grid of a sphere (orange) with two triangles (blue) 

selected as examples for map generation. (b) Study of the two triangles: left, tetrahedron formed by 

reference point (grey dot) and the triangle T1 does not intersect the molecule, thus T1 is kept; 

rightm tetrahedron formed by the point and the triangle T2 does intersect the molecule, thus is 

erased. (c) Three examples of exposure map for the center of mass of three different molecules: 

left, a cage molecule; center, a belt molecule; right, a linear molecule. Left, map is formed by six 

connected components, each represented in a different color (orange, yellow, pink, light brown, 

light yellow, dark pink); middle, map is formed by two components, in two colors (yellow and light 

brown); right, map is formed by a single component (brown). Molecules PubChem33 ID (left to 

right): 101377082, 235007 and 15505942. 



 

Figure 3-3. Molecular porosity analysis overview. Molecular porosity analysis to compute 

molecular pores and access routes can be sumarized in few steps (a) Example molecule (grey 

spheres as atoms, lines as bonds). PubChem33 ID: 101377082 (b) Voronoi tessellation of the 

molecule is an intermediate step (blue lines) to obtain molecular pores and entry paths. (c) 

Exposure of map of the geometrical center of the molecule is an intermediate step to compute 

molecular windows. Colors as in Fig. 2c left (d) Combining PER and Voronoi graph, molecular 

cavities can be identified. This allows to compute LCD and molecular PER. In the figure, internal 

Voronoi nodes and edges are shown in red. (e) Chemical windows can be identified from exposure 

map of molecule’s center. In the figure, each window is shown in a different color (red, orange blue 

and purple). (f) Combining information from Voronoi tessellation, internal cavities, and molecular 

windows, entry paths can be identified. In the figure, entry paths are shown as blue lines. 



 

Figure 3-4. Schematic view of an irregular window. Window (bonds only) viewed from the top 

(black lines). Black dots represent entry paths for the irregular window. Two entry paths (E1 and 

E2) with different restriction distances (D1 and D2, in red) are available for this window.  

  



 

 

Figure 3-5. Internal surface area of an atom in a porous molecule. To compute internal surface 

area for one atom, random points on its surface are sampled. Each sampled point is accounted as 

internal if: 1) it’s not placed inside another atom and 2) the closest Voronoi node from Voronoi 

graph is an internal node (according to Section 2.6 definition) – internal Voronoi nodes represented 

as red dot. Step 2 is taken instead of computing PER for each sampled point for efficiency reasons. 

In the figure, example random points are represented as crosses further hlighted by colors: green 

for those placed inside another atom (i.e., not fullfiling 1), red for internal points (i.e. fullfiling 1 and 

2) and blue for external points (i.e. fulfilling 1 but not 2). Voronoi nodes are represented as circles: 

red (internal Voronoi nodes) and blue (external Voronoi nodes). The ratio of internal points over 

sampled points, multiplied by atom’s surface area, provides the value of the internal surface area of 

the atom.



 

Figure 3-6. PER examples. Representative molecules are shown, together with their PubChem33 

IDs. Top three are cage molecules. Bottom molecules represent, from left-to-right, cup-like, belt-

like and fully non-porous geometries. PER values are computed for the center of the box 

containing the molecule in the case of the non-porous molecule and for the largest pore in the case 

of the cage molecules.  



 

Figure 3-7. Chemical window computing for four example molecules. Each window is presented 

in a different color, as a set of bonds (straight lines), omitting atoms. PubChem CIDs are shown 

below each molecule. 

 



 

Figure 3-8. Number of appearances in the database. Graphics above show the number of 

molecules with PER < 0.45 placed in different ranges for the six parameters computed by the 

software, namely: (A) Pore exposure ratio; (B) Pore limiting diameter; (C) Largest cavity diameter; 

(D) Number of windows; (E) Number of entry paths; (F) Internal surface area. 



 

Figure 3-9. PER compared with molecular descriptors. Graphics above show a description of the 

population distributions for different PER values compared with LCD, PLD, number of windows 

and ISA. (A) PER vs largest cavity diameter (A); (B) PER vs pore limiting diameter (A); (C) PER vs 

maximum window size; (D) PER vs number of windows; (E) PER vs number of entries; (F) PER 

vs internal surface area (A2). 



 

Figure 3-10. Correlations among molecular descriptors Blue colors indicate positive 

correlation, red colors indicate negative correlation. Color intensity is associated with 

strength of correlation.  

TABLES 

Molecule LCD (A) PLD (A) PER NW NEP ISA (A2) 

10137782 9.06 5.64 0.16 4 4 45.51 

101402792 3.04 2.54 0.26 4 5 15.25 



102211772 5.34 4.02 0.2 5 5 17.61 

70680111 5.84 4.04 0.17 4 4 24.63 

235007 7.4 7.18 0.4 2 2 14.34 

Table 3-1. Parameter values for 5 molecules from PubChem. 
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8. Supporting information 
 

8.1 Voronoi tessellation (detailed algorithm) 

 The algorithm for construction of Voronoi graph starts with a set of points S. For each 

point s in S, a Voronoi cell (see Fig. 3-S1, bottom right) is computed as the region of space 

that is closer to that point than to anyone else in S. That is: 

 x in Voro_cell(s) if dist(x, s)  ≤  dist(x, s') for every s' in S-{s} 

where dist(x, s)  stands for the distance between point x and atom s. The points in the 

boundary of the Voronoi cell are those at the exact same distance to some neighbor, thus 

being part of another point cell (see Fig. 3-S1). This process constructs a graph in space 

that covers regions of maximal separation between atoms. Thus, is to be expected to 

represent voids between atoms, and as such also around and within the molecule.  

To consider atom radii, we used radical Voronoi tessellation1. This technique works similar 

as Voronoi tessellation does, but it changes the distance function to add radii information. 

Atoms are assumed to be hard spheres with a given radius. When using radical Voronoi 

tessellation, cells are given by the equation: 

 x in Voro_cell(s) if dist2(x, s)-rad2(s) ≤dist2 (x, s’)-rad2(s’) for every s' in S-{s} 

Where rad2(s) stands for the square radius of atom s, and dist2(x, s) stands for the square of 

the distance from the atom s to the point x. 

Several open source implementations of Voronoi tessellation are available and well 

described in the scientific literature 2,3. In this work, we used Voro++ library.  



 

Figure 3-S1. Voronoi tessellation detail. Detail of the construction of a Voronoi cell (blue 

lines) around a given point (red dot). The diagram shows the entire process for a single 

point (top, bottom right), and then shows the result of constructing the full Voronoi 

diagram for a set of points (bottom left). 

 

8.2 High accuracy in Voronoi tessellation 

Radical Voronoi tessellation approximates Voronoi tessellation considering atom radii. 

Unfortunately, this approach is not exact, and may cause computed nodes to be out-of-

place for a certain margin of error. In the case of materials, it has been observed that use of 

radical Voronoi tessellation may cause pores to be out of place for distances as big as 0.1 

Å4. To address this problem, “high accuracy Voronoi tessellation” can be applied instead of 

radical Voronoi tessellation. High accuracy tessellation consists on substituting each atom’s 

rigid sphere by a fixed number of smaller spheres around its surface. All these spheres have 

the same radius. After this replacement, regular Voronoi tessellation is applied over the 

new set of points (made of the replacement spheres). Regular Voronoi tessellation is 

described in the previous section. In our work, we used N=50 spheres per atom 



replacement. For efficiency reasons, high accuracy Voronoi tessellation should not always 

be applied (especially when exploring a big dataset). In this work, we used radical Voronoi 

tessellation to perform high throughput database analysis and high accuracy Voronoi 

tessellation for the studies of molecules shown in results section. In the software tool, both 

options are available. 

 

8.3 Spherical grid construction and selection of number of triangles 

Construction of spherical grid for point exposure map (see Section 2.3) is guided by two 

criteria: triangles should be as regular as possible, and their surfaces should be similar. To 

achieve this goal, a three-step algorithm is applied: 1) An icosahedron (20-sided 

polyhedron), centered at the reference point, is constructed; 2) each facet of the 

icosahedron is subdivided in a number of self-similar triangles; and 3) vertices of the self-

similar triangles are projected over a sphere of the desired radius. Due to the nature of this 

particular triangulation, the spherical grid can only have a number of triangles N dependent 

on the number of self-similar divisions, k: 

𝑁(𝑘)  =  20 · 4𝑘 

Valid numbers of triangles include 80, 320, 1280 and 5120. Number of triangles influences 

the values computed from exposure map, in particular Pore Exposure Ratio. However, this 

number is bounded when 𝑘 → ∞. In Fig. 3-S2 we show how this number behaves for six 

example molecules, when grid triangles equal 80, 320, 1280 and 5120 respectively. Higher 

numbers of triangles forego computational capacities of regular computers due to memory 

issues and are not shown here. In this work, triangles were set at 320 to compute PER. 

This number is a compromise between accuracy at PER calculation and computation time.   



 

Figure 3-S2. PER values for largest molecular cavity (calculated at k=2, N=320 triangles) 

for different number of triangles in construction of point exposure map. Six different 

molecules are shown (CIDs from PubChem dataset used as molecular identifiers). PER 

values are typically underestimated with lower number of triangles. Small relative changes 

happen between the k=3 (N=1280 triangles) and k=4 (N=5120 triangles). This sort of 

convergence-like behavior indicates stability of PER at high number of triangles. 

 

 

 



8.4 Modified Dijkstra algorithm 

Our modified Dijkstra algorithm works in a similar manner as the classical Dijkstra 

algorithm5. It takes a given internal node as a starting point, and finds the sequence of 

nodes and edges that a probe would have to travel through to move from that node to the 

outside of the molecule. To do so: First, it assigns a weight equal to zero to every node, 

except for the target node, that gets a weight equal to its radius; second, the initial node is 

visited. Visiting the node implies exploring its neighbors, marking the node as visited, and 

assigning it a weight that is computed as the maximum value among the access routes to 

the node, or the size of the node (if all the routes are bigger). This process is repeated for 

every neighbor, prioritizing those that provide routes with larger openings. As a result, a list 

of nodes and a given weight are provided. The weight corresponds to the PLD value for 

that pore. To compute molecule's PLD, this algorithm is applied to all internal Voronoi 

nodes, and the maximum value obtained is kept.  

 

8.5 Schemes and baseline functions.  

In this section, we present algorithms in a pseudocode manner (see Schemes 1-7).  

Scheme 1. Pore Exposure Ratio algorithm 

PoreExposureRatio(Point) 

 G = spheric_grid_around(Molecule, Point) 

 GridSurface = surface(G) 

 Subgrid = erase_triangles(Molecule, Point, G) 

 CCs = connected_components(Shadow) 

 for (i in 1 to number(CCs)) 

 SurfacesList[i] = surface(CCs[i]) 

 end for 

 SurfaceMax = max(SurfacesList) 

  Rate = SurfaceMax/GridSurface 



Scheme 2. Cavity detection algorithm 

V = voro_tessellation(Molecule) 

for (v_node in V) 

 PER[v_node] = pore_exposure_ratio(v_node) 

 if (PER[v_node] < PER_Threshold) 

  v_node.type = internal 

 else 

  v_node.type = external 

 end if 

end for 

Scheme 3. LCD and molecular PER computing algorithm 

GetInternalPore(VoroGraph) 

 InternalNodes = internal_nodes(VoroGraph) 

 N = node_with_max_radius(InternalNodes) 

 MoleculePoreSize = N.radius 

 MolecularPER = N.PER 

 return(PoreSize, MoleculePER) 

 
 

Scheme 4. Chemical window detection algorithm 

ChemicalWindowDetection(Molecule) 

 Point = get_center(Molecule) 

 G = spheric_grid_around(Molecule, Point) 

 Subgrid = erase_triangles(Molecule, Point, G) 

 CCs = connected_components(Shadow) 

 for (CC in CCs) 

  B = get_closest_bonds(CC, Molecule, Point) 

  Win = window_reconstruct(B) 



  Molecule.insert_window(Win) 

 end for 

Scheme 5. Entry path computing algorithm 

EntryPathDetection(Molecule, VoroGraph, CCs) 

 EC = entry_candidates(VoroGraph) 

 for (Window in Molecule.windows()) 

  EC_Win = get_window_entries(Window, EC, CCs) 

  EC_Win = cluster_entries(EC_Win) 

  Window.insert_entries(EC_Win) 

 end for 

Scheme 6. Pore limiting diameter algorithm 

PoreLimitingDiameter(VoroGraph, Pore) 

 PQ = priority_queue() 

 Visited = visited_list(VoroGraph.nodes().external()) 

 W = assign_weights(W, VoroGraph.nodes()-Pore, 0) 

 W = assign_weights(W, Pore, Pore.radius()) 

 visit_node(Pore, PQ, W, Visited) 

 while(!empty(PQ)) 

  NextP = p_with_max_weight(W, Visited) 

  PQ = extract_from_pq(PQ, NextP) 

  visit_node(NextP, PQ, W, Visited) 

 end while 

 return(Maximum(W)) 

 
Scheme 7. Internal surface area algorithm 

InternalSurfaceArea(Molecule, NP) 

 Surface = 0 

 for (Atom in Molecule)  



  R = Atom.radius() 

  Center = Atom.center() 

  AtomSurf = 2*PI*R^2 

  Points = sample_points(R, Center, NP) 

  Points = PER_classify(Points) 

  RatioInternal = ratio_of_internal(Points) 

  Surface = Surface + AtomSurf*RatioInternal 

 end for 

 return Surface  

 
 

Algorithms depend on a set of baseline functions, described also in this section. These 

functions include computational geometry, graph and topological techniques that allow 

performing the analysis described above. In this section, we briefly describe such functions 

to provide a better understanding on them: 

• spheric_grid(Molecule, Point): Constructs a spherical grid around the point and the 

molecule. The grid is centered at the point, and has radius equal to 1.5 times the 

maximum of the distances from the point to the atoms. It is guaranteed that the 

spherical grid will fully cover the molecule. The grid is constructed in such a way 

that triangles in the surface are as regular as possible. This is done using the Vogel’s 

method34. 

• surface(Grid): Computes the surface of a set of triangles, by computing each 

triangle surface individually and then summing them all. 

• erase_triangles(Molecule, Point, G): Computes subgrid for the given point and 

molecule, erasing triangles from the grid surface if there is a bond in between them 

and the reference point.  



• connected_components(Grid): For a given set of triangles in space, computes the 

set of connected components of those triangles. Two triangles are considered to be 

connected if they share an edge. Result is returned in form of a linked list. 

• get_center(Molecule): Computes the center of a box containing the molecule. 

• get_closest_bonds(CC, Molecule, Point): Returns those bonds that are closer to the 

connected component than to the point given as reference. 

• window_reconstruct(B): Reconstructs the window, adding potentially missing 

bonds by checking if they connect two atoms already present in the window.  

• entry_candidates(VoroGraph): Collects all the edges from Voronoi graph that 

connect nodes classified as internal with nodes classified as external. 

• get_window_entries(Window, EC, CCs): Associates entry candidates with their 

window, using the connected component associated to that window. The entry 

edge is linked to the window with the closest connected component to edge's mid 

point. 

• cluster_entries(EC_Win): Clusterizes edges associated with the given window. 

Algorithm described in more detail below. 

• priority_queue(): Creates an empty priority queue, where the nodes to be visited are 

inserted in a way that their weight is taken into account, so the best candidate is 

popped first. 

• visited_list(Points): Creates a list of visited nodes. Nodes in this list will act as 

search limits (they will be taken into account, but search won't continue from 

them).  

• assign_weights(W, Points, Radius): Creates or modifies a weights list, by adding 

elements to it and assigning the given weight to all those elements.  



• visit_node(Pore, PQ, W, Visited): The core function in this algorithm. Visits a 

node, exploring all its neighbors and assigning a new weight to it. The way this 

weight is assigned is explained below. This function also adds the node to the list of 

visited nodes. 

• p_with_max_weight(W, Visited): Returns the point with maximum weight from the 

list of weights, and removes that value from it. 

• extract_from_pq(PQ, NextP): Extracts a given point from priority queue. 

• sample_points(R, Center, NP): Samples NP random points around the atom's 

center, at distance R. These points are sampled in such a way that they get evenly 

distributed around the surface. 

• PER_classify(Points): Classifies the list of points given as an argument as internal 

or external using the PER method. 

• ratio_of_internal(Points): Returns the ratio of internal by total number of points, as 

an estimate of the percentage of the atom's surface to be accounted as internal. 

 

 

8.6 Set of molecules for validation 

The set of molecules for validation of the tool are extracted from both PubChem and 

Cambridge Structural Database. Identifiers for these molecules are provided in table 3-S1. 

 

Table 3-S1. Identifiers for PubChem and CSD molecules utilized as validation set for the 

tool. 

PubChem CSD 
015505942 044224624 058350525 10008508 
100988307 100997889 101011409 101011411 
101017099 101025558 101031605 101032051 
101053160 101079888 101124917 101161596 
101171364 101199196 101243160 101249402 
101249403 101257027 101270176 101272100 
101358818 101369893 101377081 101377082 
101402791 101402792 101402793 101408774 
101408775 101415269 101429981 101457313 
101465341 101504996 101510168 101569102 

CSD_ABINOP CSD_ACDMFM 
CSD_ACEZEP CSD_ADOPUG 
CSD_AFUVAZ CSD_ATATIZ 
CSD_BAGTAG CSD_BALNIM 
CSD_BATVUP CSD_BIJYUP 
CSD_CECDAR CSD_CIYVOW 
CSD_COFKIS CSD_DIHGOR 
CSD_DUCMUL CSD_EPIRUR 
CSD_ERUFAY CSD_FAQWOJ 
CSD_FEQXAC CSD_FIFTAR 



101569103 101569105 101569107 101570056 
101580482 101771978 101838948 101843402 
101894046 101929323 101949060 101949067 
101964660 102030692 102047080 102047081 
102151215 102168016 102177430 102188020 
102188100 102211772 102211773 102217538 
102218044 102221570 102221571 102284634 
102319015 102374965 102430937 102444682 
102503341 102580403 10508428 10510568 
10604658 10671385 10675159 10897925 
11018236 11072634 11123511 11125941 
11181815 11192627 11193642 11238464 
11262018 11354378 11377685 11408158 
11455902 1152252 11635702 11786744 
117959245 11966537 11981753 1401986 
14342511 1440050 1627906 162966 1727514  
19010533 1936358 194283 21204034 2245469 
2309856 235006 235007 2377096 24879595 
25139831 262197 2628943 2751912 
2847949 3015217 3127689 3133374 316664 
3178126 320089 3206470 3212855 325973 
3288857 3302848 3321396 335130 3355454 
3363079 336926 3397505 3399625 3430237 
3440068 3447911 3448986 3463783 3463811 
3471501 3475323 3539556 3552088 3607042 
3616454 3633032 3633034 3644803 3649866 
3656660 3667731 3702418 3708959 3714638 
3726133 3751837 3757803 3771103 3784932 
3785796 388227 393564 394061 3941478 
3985941 4033423 403709 4046549 4088964 
4091745 4098246 4106264 4117009 4117256 
4119225 4132867 4137416 4162866 4177481 
4185072 4196425 4208441 4218223 4221128 
4232100 4243367 4256554 4262335 4280375 
4282568 4289933 4290317 4291730 4361048 
4363723 437681 4383060 4385097 4410067 
4412015 4433099 4441323 44516222 44534936 
44534938 4457151 44598704 4486432 4575069 
4586720 4587761 4589286 4599659 4623661 
4624122 4625518 4681551 4681928 4686419 
4688503 4691007 4703365 471312 4749974 
4749975 4773429 4861346 4868273 4872414 
489601 4921811 4960924 5017719 50229583 
5041139 50416199 50417518 5046678 5048702 
5054207 5055060 5055061 5058767 5079641 
5087983 5092887 50940581 5121841 5190517 
5192190 5223577 5226940 5234922 5251414 
53309855 53392482 53392483 542442 542566 
57587102 57731024 57878841 58224486  
58224491 58421114 58843877 59248899 
60055778 635857 635933 636323 640060 
653801 6696405 69868224 71573529 72423321 
85871078 87120 88543151 88963072 

CSD_FIFTEV CSD_FIFTIZ 
CSD_FIFTOF CSD_FOMLUQ 
CSD_FOQTEM CSD_FOQTOW 
CSD_FUYHEN CSD_FUYHIR 
CSD_GANDAC CSD_GANDUW 
CSD_GANKIR CSD_GUMCIB 
CSD_LUXVAB CSD_MAVVAI 
CSD_MESTUA CSD_NOVNAP 
CSD_NUNRIX CSD_NUXHIZ 
CSD_OJITOR CSD_OZECAY03 
CSD_PAQFES CSD_PUDWUH 
CSD_PUDXAO CSD_PUDXES 
CSD_REQXES CSD_SATJAA 
CSD_SATJEE CSD_UTEVOF 
CSD_VOLZON CSD_VOMPAQ 
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Abstract 

Crystalline porous solids based on molecules with intrinsic porosities are a diverse group of 

materials that have been investigated in the context of adsorption-based separations and 

other applications. Novel computational approaches are being developed to identify 

structures with desired properties by sieving through large sets of candidates. Recently, 

both in silico synthesis of new porous molecular species and identification of alike in large 

molecular databases have become possible. However, assessing the porosity of the 

corresponding crystalline materials has been based on performing crystal structure 

prediction (CSP), followed by the characterization of the porosity of the resulting phases. 

CSP has a significant computational cost, which seriously limits the possibility of high-

throughput computational screening applications. Herein, we present an avenue to 

circumvent the need for CSP for every investigated molecular structure by introduction of 

molecular-based crystalline material porosity estimators. In particular, our analysis of 

previously-reported crystalline porous materials involving porous molecules uncovered the 

correlations between the molecular porosity descriptors and the porosity descriptors of the 

corresponding crystalline phases. We exploit these correlations by building random forest 

classifiers and regressors to estimate the material porosity based on the structure of its 

porous molecular building block. 

 



  

1. Introduction 
 

Materials composed of molecules exhibiting intrinsic porosity are chemically diverse 

and can be porous. They include, for example, families of calixarines,1 cucurbiturils,2 

cyclodextrins,3 cryptophanes4 and porous organic cages (POC).5 Many properties of 

recently reported porous molecular materials are in par with those reported for 

framework materials such as metal organic frameworks.6 For example, imine cage 

molecule referred to as Covalent Cage 3 (CC3) forms a crystalline phase which 

exhibits high xenon/krypton selectivity7 while a cage-based material reported by 

Zhang et al.8 was reported to have the surface area of 3758 m2/g. Unlike framework 

materials, porous molecules can be synthesized first and then assembled into 

crystalline phases (though amorphous solids have also been reported).9 Porous 

molecular materials are a subject of intensive investigations, and a number of recent 

review articles summarizing these efforts are available.10–12 

Recently, significant efforts have been put into the development of computational 

approaches to discover new porous molecular materials.13–15 They typically involve 

two steps: (1) identification or synthesis of new porous molecules, and (2) prediction 

and analysis of the corresponding material structures to determine their porosity. So 

far, Step (1) has been realized by three different approaches. In the first approach, in 

silico synthesis of porous molecules is performed by connecting molecular building 

blocks into the desired cage topologies, followed by conformer search and relaxation 

steps.16–19 The second approach to Step (1) is the screening of molecular repositories 

such as PubChem.20 The latter approach has enabled the discovery of six new porous 

molecular materials based on molecules of identified in PubChem dataset.15 The third 

approach to Step (1) involves the analysis of known crystals. Evans and coworkers21 

analysed the Cambridge Structural Database (CSD)22 to identify 481 molecules 

forming porous molecular materials (although these were not formed exclusively by 



 

porous molecules). Another approach by the Jelfs group analysed the porous 

molecular materials literature to identify cage molecules to be investigated in the 

context of Xe/Kr separation.23  

Crystal structure prediction (CSP) is commonly applied to execute Step (2). CSP is a 

technique to explore the configuration space of a molecule when forming a 

crystalline phase. The results of CSP are typically shown in the form of energy 

landscapes, i.e. plots of the predicted energy against the crystal density for each 

predicted crystalline phase. The set of structures with lowest energy for each density 

value are called the leading edge of the landscape, and they typically coincide with the 

experimentally obtained structures.24,25 The analysis of material porosity can then be 

applied to this structure, for which the Zeo++ tool can be used.26 This combined 

approach has recently been applied to predict and describe the structure of two new 

porous molecular materials.27 Despite few case studies, wide-scale applications of 

CSP to porous molecules of diverse chemistries are challenging due to immense 

computational cost.  

Recent advances in the field of machine learning have demonstrated the potential of 

modern supervised learning techniques in the ambit of computational chemistry. 

This is the case for neural networks28 and random forest29,30 in order to produce data-

driven models that establish relationships between different properties. Machine 

learning (ML) has been applied in the ambit of molecular crystals to improve the 

prediction of crystal structure31–33. For instance, Schütt et al.31 proposed the use of 

ML as a replacement of DFT calculations in the prediction of solid-state properties. 

Similarly, Faber et al.32 introduced ML to predict formation energies of solids. In 

another work, Musil et al.33 demonstrated the use of ML methods to improve 

predictions of stability of polymorphs, comparing their methods with heuristic 

approaches. Recently, Tucani et al. presented a ML-based approach to predict porous 



 

molecular properties based on the properties of their building blocks.34 Despite the 

broad application of these techniques in different domains, to the best of our 

knowledge there have not been any systematic efforts directed at the particular 

problem of prediction of material porosity based on the properties of the molecular 

building blocks of the material.  

In this study, we probe molecular porosity as a precursor of the crystalline porosity. 

In particular, we investigate the correlations between the molecular porosity and the 

porosity of the corresponding solid, and demonstrate that the molecular porosity 

descriptors can be used to guide the design of porous materials. Our analysis is 

focused on a subset of Cambridge Structural Database, which has been analysed to 

identify structures formed by intrinsically porous molecules. The study is performed 

in five stages: 1) Porosity of crystal structures and their building blocks are 

characterized via geometry-based approaches; 2) Correlation between molecular and 

material porosity is investigated; 3) Complex relationships between molecular 

porosity descriptors are identified; 4) Classification models to identify structures 

corresponding to the top 10% most porous are trained and tested; 5) Regression 

models to provide more accurate predictions of porosity are trained and tested. 

Through this process, we demonstrate that material porosity can be anticipated from 

molecular properties. Our observation can be directly applied to high-throughput 

discovery workflows, for example, by enabling filters that determine if a candidate 

structure is worth spending precious resources for a CSP study.  

 

 

2. Materials and Methods 
 

Molecular porosity determination  



 

Molecular porosity is determined by Pore Exposure Ratio (PER) calculation 

introduced by our group.15 PER is a measure of how exposed a point is with respect 

to a molecule, and it is computed in three steps: (1) a sphere centred at the point and 

involving the molecule is constructed; (2) using the point as light source, the shadow 

of the molecule over the sphere is computed, and the enlightened regions are 

considered as separate components; (3) the PER is computed as the surface area of 

the largest component divided by the total surface area of the sphere. PER is a 

number in the range between 0 and 1, with 0 being the point totally secluded by the 

molecular structure and 1 being fully exposed. Our analysis of hundreds of example 

molecules led us to a threshold PER value of 0.45. Any point with PER below that 

value is considered to be located in a cavity of the molecule. In our approach, we 

apply Voronoi tessellation first, to identify the most relevant points within and 

around the molecule, and then analysed them using PER. This allows us to determine 

which molecules are porous, where are the cavities located, and what are their 

properties (porosity descriptors). These are described in detail in the following 

section. 

 

Porosity descriptors 

Molecular porosity of each considered molecule is computed using our Molipor35 

software tool. It takes a file with coordinates of atoms as input and returns a set of 

molecular porosity descriptors: 

• Molecular PER: The PER value of the largest cavity of the molecule. 

• Molecular largest cavity diameter (mLCD): the diameter of the largest sphere 

that fits inside a molecular cavity. 

• Molecular pore limiting diameter (mPLD): the diameter of the largest sphere 

that can access a molecular cavity from outside. 



 

• Number of windows (NW) that provide access to molecular cavities. 

• Number of entry paths (NEP), which may be different from NW in the case 

of non-circular windows.  

• Maximum window size (MWS): the diameter of the largest sphere that can fit 

within one of the windows. This value may coincide with mPLD, although 

they are defined differently. MWS is defined as twice the maximum distance 

from the entry paths to their corresponding windows, whereas mPLD can 

also be limited by the size of molecular cavities and the restrictions on the 

paths between cavities. 

• Internal surface area (ISA): the surface area of the exposed part of the atoms 

that are interior to the molecule. 

• Convex hull surface area (CHSA): Surface area of the convex hull of the 

molecule, computed with the Computational Geometry Algorithms Library 

(CGAL).36 Atom radii are not taken into account in this calculation.  

• Entry-window ratio (NEP/NW): This number is derived from number of 

entries (NE) and number of windows (NW) and is an indicator of the 

presence of irregular/elongated windows in the molecule. If the molecule is 

symmetric, it will have NEP/NW = 1 (one entry per window). 

 

We supplemented the above descriptors with a number of chemistry-based 

descriptors, including a binary variable indicating whether a metal is present within 

the molecular structure, and the ratio of carbon atoms w.r.t. other atoms within the 

molecular structure (a number between 0 and 1). The latter descriptors summarize 

the ‘inorganic character’ of the investigated molecule. 

 

 



 

 

  

 

Figure 4-1. Molecular porosity descriptors demonstrated on an example molecule extracted from 

CSD’s SIHJID structure.44 Our analysis tool, Molipor, detects the internal cavities (bottom left, 

highlighted with a red sphere) and computes the distance from the center of the cavity to its nearest 

atom (mLCD). The tool also detects windows (in blue, right) and entry paths (green line, bottom 

right). The latter are used to compute MWS, PLD, NW and NEP descriptors. 

 



 

Material porosity descriptors 

Material porosity descriptors are computed using Zeo++,26 and include the 

following:    

 

• Largest cavity diameter (LCD): Diameter of the largest sphere that can fit 

within the crystal structure. 

• Pore limiting diameter (PLD): Diameter of the largest sphere that can access 

the structure cavities from the outside. 

• Gravimetric surface area (SA): Total surface area of the material that is 

accessible by a probe of radius 1.86 Å (Nitrogen). This surface area may or 

not be accessible from the outside (some authors refers to this as total 

surface area).  

• Gravimetric accessible volume (AV): Total volume of the material that is 

accessible by a probe of radius 1.86 Å. This volume may or not be accessible 

from the outside (some authors refers to this as total volume).  

• Volume fraction (VF): Relative fraction of volume that is accessible by a 

probe of radius 1.86 Å. This volume may or not be accessible from the 

outside. 

• Density 

 

Datasets 

A set of porous molecules. We prepared a set of porous molecules to be 

investigated in this study in the following manner: First, we extracted all molecular 

crystal structures from the Cambridge Structure Database. For each structure, we 

determined porosity of all its molecules (solvent included) using Molipor. Molecules 



 

with mLCD equal or greater than 1.86 Å were identified as porous. In total, 17382 

porous molecules were identified within the CSD. 

A set of porous molecular crystals. Our initial dataset is formed by 17382 crystal 

structures involving porous molecules identified in the previous section (the "porous 

molecule-based structures" set). All the structures in the set were characterized using 

material porosity descriptors as described in previous sections.  

 

In order to investigate the strength of descriptor correlations, we have also 

considered several subsets.  First, we introduced the "no solvent subset", which 

contains only structures reported without any solvent molecules, specifically 

structures that contain only porous molecular component. This subset is formed by 

3173 crystal structures. Furthermore, we define the subset of at least two molecular 

component structures, most of which contains structures that have solvent present 

within the crystal (hence, it is referred-to as the “solvent-only” subset). This subset is 

formed by 14659 structures. Finally, we defined the "regular cage-based structures" 

subset, formed by structures that have no solvent, and are made of molecules with 

NEP/NW= 1 and with more than 2 windows. This subset is formed by 233 

structures. The aim of the first two subsets was to represent situations commonly 

faced by chemists, i.e. the (im)possibility of solvent removal (i.e. activation process). 

The last set (regular cage-based structures) was defined in order to have a subset for 

which predictions are more reliable due to less interference in the form of solvent or 

irregular ordering of the molecules in space.  

 

Identification of molecular-material porosity correlations 

To investigate the relationship between molecular porosity and the corresponding 

material porosity, we analysed classical correlations between pairs of descriptors (i.e. 



 

correlation between pairs formed by one material descriptor and one molecular 

descriptors). We considered both classical Spearman correlations and correlation 

evolution across a moving threshold of material properties. The correlation evolution 

method is presented in detail in SI.  

Formally, the correlation evolution method can be defined as follows: let da and db be 

a pair of molecular descriptors (e.g. ISA and MWS), and MD one material descriptor 

(e.g. SA). We consider a sequence of thresholds for the material descriptor, T≡{t1, ..., 

tn: ti < tj if i < j}, and a set of subsets of structures. Let C be the set of all available 

crystal structures, and Ci the set of structures that have a value higher than the step 

value for that descriptor, i.e.: 

 

  Ci ≡ {c in C: MD(c) ≤ ti}       (1) 

 

To study the evolution of the correlation, we compute the correlation associated to 

the step, Ki(da, db), as Ki(da, db) = corr(Ci$da, Ci$db), where Ci$da denotes the vector 

of values of the descriptor da for all the members of Ci. Then we have the vector 

K(da, db) ≡ {K1(da, db), ..., Kn(da, db)} of the same number of elements as the vector 

of thresholds, T. The correlation evolution diagram for the da, db descriptors is the 

plot of K(da, db) over the thresholds T. With the set of values K(da, db) we can define 

the end-to-end correlation variation (ΔK) as the difference between the correlations 

from the beginning to the end, that is: 

 

 ΔKa,b := Kn(da, db)- K1(da, db)      (2) 

 

The correlation evolution and its measure (ΔK) can provide an overview of the 

molecular porosity descriptors that gain importance as we move towards a more 

interesting, i.e. more porous, subset of porous molecules. We are not interested in 



 

just the molecular descriptors that have a final correlation at both the initial set (K1) 

and the final set (Kn), as this correlation would always be present and not indicate any 

subjacent mechanism that is related with the desired property (material porosity). 

This particular aspect is captured by the end-to-end correlation variation, which 

accounts for how much correlation appeared during the process of restricting to a 

more porous subset, rather than considering only the correlation within that subset.  

 

Quantification and exploitation of molecular-materials porosity correlations 

To study the capacity of molecular descriptors to predict material properties, 

we trained a set of supervised learning models, exploring both classification 

problems and regression problems. In particular, we analysed the data with 

help of random forest (RF) models, which can be used for both types of 

problems. Random forest is a machine learning technique that trains a set of 

decision trees, using random subsamples of the general population. The 

resulting set of trees produces votes for a given candidate to belong to certain 

class (classification) or have a given value (regression).  

All the random forest models presented in this work were trained with 500 trees, 

using the standard number of variables per tree (the squared root of the number of 

predictors) and tree depth of 3. The random forests were implemented with R 

(version 3.6.1) using the randomForest37 library.  

Classification models were trained to assess the capacity of molecular predictors to 

detect crystal structures with material porosity properties among the best 10% by 

training a set of RF classification models. Random forest models were trained for 

binary outcome (value 1 corresponding to the material being among the best 10% for 

that property, and 0 otherwise). The material properties predicted by the models 



 

were LCD, PLD, density, accessible volume (AV), surface area (SA), and volume 

fraction (VF). 

RF classification models were constructed for three datasets: the complete dataset, 

the subset of structures with solvent molecules present within the crystal, and the 

subset of structures without solvent molecules within the crystal. 

To assess the performance of the classification models, both Receiver Operating 

Characteristic (ROC) and Precision-Recall (PR) curves were studied, along with their 

areas under the curve (ROC-AUC and PR-AUC, respectively)38,39. Performance 

analysis was done using out-of-bag predictions provided by the model. ROC and PR 

curves, along with their AUCs, were computed with R (version 3.6.1), with help of 

the ROCR40 and PRROC41 packages. 

We also trained RF regression models. We explored regression models over multiple 

subsets, including the initial subset of all structures, the subset of structures with 

solvent, the subset of structures without solvent, and the final subset of structures 

formed by molecules with more regular shape  (NW/NE = 1, NW > 2, no solvent), 

which led us to a set of regression models with satisfying performance. The 

performance of the models was assessed through the coefficient of determination 

(R2) and mean absolute error (MAE) measures. Performance analysis was done using 

out-of-bag predictions provided by the model. All the graphics presented in this 

work were developed with help of the ggplot2 package42 from the R software tool. 

Besides the analysis of the data through RF models, we also consider the more 

simplistic approach of classical regression models (logistic regression for 

classification problems, and linear regression for regression problems). These are 

discussed in the SI. 

 

  



 

3. Results & Discussion 
 

Molecular-Material Porosity Correlations 

The study of basic molecular-material porosity correlations revealed a medium-to-

low association between single molecular porosity descriptors and material 

properties. The highest correlation values were found for the correlation between 

internal surface area (molecular) and material LCD (0.43). The summary of the 

investigated correlations between pairs of molecular and material descriptors can be 

found in SI. The values obtained indicate that there are no obvious associations 

between molecular and material properties. This suggests that, while a single 

molecular descriptor is not sufficient to predict material properties, a combination of 

them may be able to. Therefore, we redirected our interest to correlation evolution 

analysis. The correlation evolution and its measure (ΔK) can provide an overview of 

the molecular porosity descriptors that gain importance as we move towards a more 

interesting, i.e. more porous, subset of porous molecules. We are not interested in 

the molecular descriptors that have a high final correlation at both the initial set (K1) 

and the final set (Kn), as this would always be present and not indicate any subjacent 

aspect that is related with the desired property (material porosity). Instead, we are 

interested on the end-to-end correlation variation, which accounts for how much 

correlation appeared during the process of restricting to a subset of more porous 

materials.  Figure 4-2 presents correlation evolution for increasing thresholds of LCD 

(Fig 4-2a) and SA (Fig 4-2b). In the figure, only those pairs of molecular parameters 

that showed a ΔK value of at least 0.5 for at least one of the two discussed material 

properties.  

As can be seen in Fig. 4-2, certain pairs of molecular properties did not present high 

correlation in the more general population of structures (i.e. for lower thresholds) but 

show increasing correlations as we increase the threshold. For instance, molecular 



 

PLD and internal surface area show low correlation in the general set (0.2 

approximately), but the value increases as we restrict to structures with higher PLD, 

reaching a value of 0.75 when we restrict to substructures with LCD higher than 20 

Å. An even more interesting effect can be observed for the correlation between pore 

exposure ratio (PER) and number of windows (NW). These two parameters show 

moderate positive correlation in the general population (0.4) but their correlation 

rapidly decreases until it reaches a value of -0.6 when we restrict to subset materials 

with increasing surface area. The complete list of pairs of emerging correlations for 

the six material properties studied in this work can be found in SI. 

When analysing descriptors paired with PER for increasing SA (Fig. 4-2b), they all 

show increasing negative correlation. This is not surprising, as PER is a parameter 

that indicates how much encapsulated the pore is, with the more encapsulated pores 

having a lower PER value. Thus, it is expected to have an inverse relationship with 

other parameters, such as mLCD, when compared in the context of most porous 

materials. With the exception of PER, all the other emerging correlations are positive 

(i.e. there's a direct relationship among pairs of molecular descriptors).  

The high number of emerging correlations indicates that complex relationships 

among molecular descriptors may be hidden on the data. Thus, we expect molecular 

descriptors to be suitable to predict material properties by application of 

multivariable non-linear models. We further investigate this hypothesis in the 

following sections. 



 

 

  

 

Figure 4-2. Correlation evolution of pairs of molecular parameters. (a) Correlation evolution 

when restricting to structures with higher LCD. (b) Correlation evolution when restricting to 

structures with higher SA. Each colour line corresponds to a pair of molecular features. 



 

Machine learning-based prediction of material porosity  

Random Forest classification models. To assess the capacity of molecular 

descriptors to predict material porosity, we trained a set of random forest models. 

We first considered classification models, designed to identify structures within the 

10% with highest porosity values for the six material porosity descriptors previously 

introduced. We considered models over three subsets of structures (described in 

previous sections): (1) the porous molecule-based set of structures, (2) the subset of 

solvent-only structures and (3) the subset of no-solvent structures. The more general 

model (1) is more representative of the common situation in the experimental 

environment, where there are no guarantees of solvent to be removable. The model 

for structures with only solvent (2) would serve to assess the expectations of 

obtaining a highly porous material in the case of the solvent being impossible to 

remove, whereas the later model (3) would assess the porosity in those cases where 

the solvent can be removed. The last model is also expected to have the best 

performance, as structures without solvent better resemble the properties of their 

building blocks by not having an external agent that occludes the molecular cavities. 

In Fig. 4-3, performance of the models trained over the general set of structures (i.e. 

the 17832 structures formed by porous molecules with mLCD > 1.86 Å) can be 

found. In Fig. 4-3a we present the ROC curves for the six models, along with their 

ROC-AUCs. It can be seen that all models are performing well in terms of this 

parameter, with ROC-AUC values ranging from 0.81 to 0.86 (best value for LCD). 

In Fig. 4-3b, PR curves are shown, along with their AUCs. The values of PR-AUC 

range from 0.43 to 0.59 (best value for LCD), which represents a 4.3 to 5.9-fold 

improvement with respect to the detection power of a random classifier.  

The fact that a classifier can be successfully trained and improve the performance of 

random selection by up to 5.9-fold confirms the hypothesis that molecular porosity 



 

encodes a relevant part of the latent material porosity in porous molecular materials. 

However, this model still allows for improvement. We hypothesized that the 

presence of solvent may be interfering with the prediction, as small molecules such as 

water may be occluding material cavities that would otherwise be present. On the 

other hand, this more general model has its own value, as it considers a scenario that 

chemists may face, which is the possibility of solvent being very difficult to remove. 

From this standpoint, there are two directions that we want to consider: first, a 

model with only solvent structures, to improve the prediction power for that case; 

second, a model trained only using structures without solvent, in order to obtain a 

more accurate model to be used in the cases where solvent can be removed. 

 

  



 

 

  

 

Figure 4-3. Performance of general RF classification models. (a) ROC curves for the six 

classification models, along with their AUCs. (b) PR curves for the six classification models, 

along with their AUCs. Dashed lines (diagonal in (a), horizontal in (b)) represents the 

baseline of the model (prediction of a random classifier). 

 

 



 

We trained a random forest for classification using the subset of structures that have 

solvent in it (i.e., removing structures without solvent). The aim of this model is to 

provide more precise predictions for the case in which there is a solvent present. 

This model, however, has slightly lower prediction capacity than the general model 

(PR-AUCs ranging from 0.38 to 0.51). Although the model is still better than a 

random classifier, it may be better to just base on the general classifier instead of this 

one. 

To improve performance with respect to the general model, we trained a new model 

over the subset of structures without solvent. We hypothesized that crystals without 

solvent would resemble better the properties observed at molecular level, this making 

the model more precise. In Fig. 4-4, performance of the models trained over the 

subset of structures without solvent is presented. In Fig 4a, we present the ROC 

curves for the six models that identify materials within the best 10% of the 

population.  ROC-AUCs range from 0.86 to 0.92 (again, the highest value 

corresponds to the model for LCD), which represents an improvement over the 

previous models. More importantly, there's a relevant improvement on the PR-AUCs 

(Fig. 4-4b), which take values ranging from 0.57 to 0.73 (best values for LCD, 

accessible volume and volume fraction), with an average increment of 14% with 

respect to the PR-AUCs of the general classifier. These PR-AUCs represent an 

improvement of up to 7.3-fold of the prediction power of a random classifier. The 

improvement of performance of this model with respect to the previous ones 

supports our hypothesis of presence of solvent being an inconvenient in order to 

predict material properties out of solely molecular parameters.  

Despite the valuable increment on performance of this model, the models are not 

perfect. Even our best model (classifier for LCD) fails 27% of the times. This is due 

to effects not yet considered at the molecular level, such as the impact of molecular 



 

arrangements in space, which may result into occlusion of the intrinsic pores of the 

molecules. Thus, we expect that addition of new molecular descriptors, which 

account for other aspects of molecular geometry (such as shape) will help to predict 

this scenario.   

To assess the relevance of molecular porosity descriptors within the model, we 

studied variable importance for the all the classification models studied, using the 

accuracy-based importance measure. In all the models, mPLD accumulated the major 

amount of variable importance, having from 30% to 60% more importance than all 

other molecular porosity descriptors. The mPLD descriptor is also strongly 

correlated with MWS and mLCD, thus any of these three parameters should be 

considered analogously important. The accuracy importance for the chemistry-based 

descriptors (proportion of carbons and presence of metal) was smaller than that of 

molecular porosity descriptors in most cases, confirming our hypothesis that they 

play a less important role in predicting material porosity. 

  



 

 

 

Figure 4-4. Performance of classification models without solvent. (a) ROC curves for the six 

classification models, along with their AUCs. (b) PR curves for the six classification models, 

along with their AUCs. Dashed lines (diagonal in (a), horizontal in (b)) represent the baseline of 

the model (prediction of a random classifier). 

 



 

Random Forest regression models. We trained RF regression models over several 

subsets of porous molecular crystals, until we obtained a model with satisfying 

prediction capacity. This model worked over the subset of regular cage-based 

structures, defined in previous sections. 

The performance of the RF regression models for the six material properties studied 

during this work can be found in Fig. 4-5. The R2 values range from 0.526 to 0.724, 

with the maximum value reached for the regression model for surface area (Fig. 4-

5d). Mean absolute errors for the models are also shown and indicate the capacity to 

predict the desired measure with a reasonable error. For instance, the LCD model 

can predict the value of a material from its forming molecules with an average error 

of 1.6 Å, which is below the radius of nitrogen (1.86 Å), used as a reference to 

compute other quantities such as surface area or accessible volume. This value is also 

less than 10% of the highest LCD value of the set (approx. 20 Å). The fact that SA, 

LCD and VF have largest values is explained by these descriptors being less 

dependent on molecular arrangements than the accessibility-dependent 

descriptors (PLD, AV). The former heavily depend on molecules arranging in 

a way that molecular windows are not occluded by other molecules in the 

crystal, and are thus expected to be more difficult to predict solely from 

molecular descriptors. 

Being able to successfully train a regression model supports our hypothesis of 

molecular porosity playing a major role in determining the porosity of porous 

molecular materials. Moreover, this model can be a useful tool for chemists working 

on the design of cage-based porous molecular materials, as it may give an estimate of 

the material porosity that can be used to tune molecular properties in order to obtain 

the desired values.  These models take only few seconds to be trained, and can 

perform predictions in negligible amounts of time, making them candidates to be a 



 

replacement for the more computationally expensive CSP. In the pipeline of 

computational discovery of new porous molecular materials, CSP plays the major 

role of testing molecules to build up into porous crystal. This step represents the 

main bottleneck of the pipeline. Thus, the replacement by a data-driven model like 

the ones presented in this work is a major throughput improvement. The major 

limitation of such replacement is the predictive power of the models not being 

perfect. However, the performance of CSP is also not necessarily perfect in the 

current implementations due to limitations of techniques involved, e.g. accuracy of 

force fields. Thus, our models not only accelerate the pipeline, but also provide an 

insight of which is the probability of a proposed material to be actually porous. We 

demonstrate an application of our model in the material porosity prediction for a 

new set of porous molecules from PubChem in Section 10 of the ESI. 

The limited predictive power of the models presented in this work can be due to 

several reasons, being the main the well-known impact of molecular packing in the 

final material porosity. We envision a larger set of molecular descriptors that account 

for other aspects, such as molecular shape, to be able to improve performance of the 

models presented in this work, and thus be able to replace CSP in the pipeline of 

discovery of new porous molecular materials. 

 

 

 

 

 

  



 

 

Figure 4-5. Predicted versus real values for regression models for the six material 

porosity measures predicted: LCD (a), PLD (b), density (c), SA (d), AV (e) and VF (f). 

Colour coding reflects density (i.e. number of structures placed in that region of the 

diagram). The counts per colour are presented in the colour bar within each graph. 

Diagonal lines represent the line of perfect prediction (continuous) and margins at one 

mean absolute error distance (dashed). 

 

  



 

To assess the relevance of molecular porosity descriptors within the model, we 

studied variable importance for the six regression models through the Gini impurity 

measure43. In all the models, mPLD accumulated the major amount of variable 

importance, doubling the score of all other molecular porosity descriptors. Again, the 

high correlation between mPLD, MWS and mLCD should be considered. The Gini 

importance for the chemistry-based descriptors (proportion of carbons and presence 

of metal) was two to four orders of magnitude lesser than that of molecular porosity 

descriptors, confirming our hypothesis that they play a less important role in the 

model. 

Our regression models, even when restricted to a subset of structures expected 

to be more predictable, seem to present certain degree of error. We assessed 

how much this error can be predicted through logistic regression, using as 

positive class “having error higher than the mean”, and analysing the ROC-

AUC for these models (note that mean and median error are close to each 

other, thus the skew of the studied groups is generally close to 0.5). 

Interestingly, for 5 out of 6 error-prediction models, ROC-AUCs where higher 

than 0.7, with 0.86 for the case of accessible volume (which is also the 

parameter for which the regressor has lowest R2), surface area and volume 

fraction.  

From these models, we deduce that there are some aspects encoded in the 

molecular structures that anticipate complex behaviour when packing at the 

crystal level. This strengthens our perception that addition of new molecular 

descriptors may be useful in order to improve prediction of material porosity 

solely from molecular structure. In particular, we expect that shape-based 

molecular descriptors can be useful to anticipate the packing of molecules at 



 

crystal level (and, accordingly, the material porosity properties). We hope to 

explore this direction in the future. 

4. Conclusions 
 

In this work, we analysed a subset of molecular and material structures obtained in 

experimental analyses, in order to identify relationships between molecular and 

material porosity properties. We analysed the latter correlations and identified the 

presence of complex relationships among molecular porosity descriptors that seem 

to be related to material porosity. Our observations revealed the appearance of 

correlations among molecular descriptors when restricting to subsets of most porous 

materials that were not present in the more general population, leading us to 

hypothesize the potential of predicting material porosity properties using non-linear 

models. Based on this, we successfully trained a set of random forest models to 

confirm the possibility of predicting material porosity properties from molecular 

descriptors. The random forest models were trained successfully for both 

classification and regression. Classification models worked in a more general 

population, whereas for regression models we restricted to a subset of structures 

formed by more regularly shaped cage molecules, with the aim to improve prediction 

capacity. 

Our results indicate that material porosity is strongly influenced by the underlying 

molecular porosity. They also reflect the enormous potential of molecular porosity 

descriptors as predictors of material porosity, guiding the design process for new 

porous molecular materials. Once trained, the machine learning-based models of 

material porosity introduced in this work can be combined with molecular porosity 

analysis to provide an estimation of material porosity that has been shown to be 

reliable, thus guiding the process of design and discovery of new porous molecular 



 

materials without the need of relying on the more computationally-expensive crystal 

structure predictions with the following structure porosity analysis. Our results 

indicate, however, that this approach has still room for improvement, suggesting that 

the introduction of new molecular descriptors (i.e. new porosity descriptors, or 

others, such as shape-based descriptors) may lead to new models with improved 

prediction capacity, that may fully replace CSP in the pipeline of discovery of new 

porous molecular materials.  

Although the predictive power of our models was tested through out-of-bag samples, 

a full demonstration of the prediction power of the models developed in this work 

would require the development of a follow-up study on a proof-of-concept novel 

porous material proposed through application of these models.  
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6. Supporting information 
 

6.1 Assessing performance of classification models 
 

To assess the performance of the classification models trained during this work, both 

Receiver Operating Characteristic (ROC) and Precision-Recall (PR) curves were 

studied, along with their areas under the curve (ROC-AUC and PR-AUC, 

respectively). In this section, we discuss the selection of these methods for validation. 

 

ROC curves represent the true positive rate against the false positive rate over a 

moving classification threshold. This type of curve represents the model's 

classification power in terms of misclassification of positive cases (i.e., a model that 

has a lot of false positives will have poor ROC-AUC). Models are considered 

adequate classifiers if they have ROC-AUC higher than 0.7, and a perfect classifier 

will have ROC-AUC of 1. The PR curves are added as recent advances in model 

analysis have shown that imbalance in data testing (i.e. predominance of the negative 

class over the positive) can artificially increase the ROC-AUC statistic1. The PR 

curves measure how well the model recovers positive cases in a pool where the 

negative cases predominate, as is the case in the classification models we present in 

here (in which the skew is 0.1 for all the models). These plots represent precision 

(i.e., proportion of true positives over all positives predicted by the model) versus 

recall (i.e., proportion of true positives over the actual positives) for a moving 

classification threshold. A perfect model would have a squared shape touching the 

top-right corner and a PR-AUC of 1, whereas a random model would have a PR 

curve under the baseline, which is a horizontal line at the random precision of the 

population (shown as a dashed line in the PR diagrams). This horizontal line is placed 

at the precision of a random classifier, which coincides with the skew of the dataset2. 



 

The area under the precision recall curve (PR-AUC) indicates that the model presents 

an improvement over random structure selection if the value exceeds the skew. 

Models with higher PR-AUC perform better. A classifier must then have PR-AUC at 

least superior to the skew of the dataset to improve the prediction capacity of 

randomly selecting models. In this work, we consider the models as to be good if 

they show at least 4-fold improvement over the prediction capacity of a random 

selection (i.e. PR-AUC of 0.4 or more).  

 

6.2 Correlations 
 

In this work, we studied the pairwise Spearman correlations for all pairs of 

molecular-molecular, material-material, and molecular-material descriptors. All 

pairwise correlations are presented in the correlogram of Fig. 4-S1. It can be seen that 

the highest correlation values correspond to either molecular-molecular pairs of 

descriptors, or to material-material pairs of descriptors. The correlations for 

molecular-material pairs of descriptors are generally moderate to low. 

 



 

 
Figure 4-S1. Pairwise correlations for molecular and material descriptors analysed. Positive 

correlations are reflected in purple and blue colour, whereas negative correlations are 

reflected in orange and red. Higher colour intensity reflects higher associations. 

 

3. Correlation evolution 
 

To extend the analysis of basic correlations, we considered the correlation evolution 

for different material properties. In this section, we present the complete list of 

molecular-molecular pairs of correlations with a ΔK > 0.4 and final absolute 

correlation value of at least 0.5. It can be seen from Table 4-S1 that the two 

properties with more emerging correlations are LCD and SA. 

 

  



 

Material 
property 

Pair of 
molecular 
properties 

ΔK 

 

 

 

Largest 

Cavity 

Diameter 

ISA - 
NEP 

0.42 

ISA - NW 0.44 

mLCD – 
ESA 

0.43 

mPLD - 
ESA 

0.51 

mPLD - 
ISA 

0.62 

MWS - 
ISA 

0.63 

MWS – 
ESA 

0.53 

Pore 

Limiting 

Diameter 

None  

 

Density 

ISA - 
NEP 

0.41 

ISA - NW 0.49 

MWS - 
ESA 

0.42 

mPLD - 
ESA 

0.44 

mLCD - 
ESA 

0.41 

 

 

 

Surface 

Area 

ISA - 
NEP 

0.47 

PLD - ISA 0.59 

PER - 
NW 

1.12 

PER – 
NEP 

1.04 

PER – 
ISA 

0.6 

MWS - 
ISA 

0.59 

LCD – 
PER 

0.66 

LCD - 
NW 

0.46 

LCD – 
ISA 

0.52 

ISA - NW 0.73 

Accessible 

volume 

mPLD - 
ESA 

0.44 

MWS – 
ESA 

0.44 



 

Volume 

fraction 

MWS - 
ESA  

0.41 

 

Table 4-S1. Emerging molecular correlations (ΔK > 0.4) for the six material properties 

considered in this study. 

  



 

6.4 Performance of the classifier for structures with solvent 
 

We extend here the results from the main article, exposing the performance of the 

classification random forest model for the subset of structures with solvent (14659 

structures). This model has slightly worse performance than the model for the entire 

dataset, thus being of potentially less interest, as in the cases where solvent can’t be 

removed, the more general model should produce similar or better results. 

 



 

Figure 4-S2. Performance of the random forest model trained for the solvent-only dataset. 

(a) ROC curves, along with the AUC values for the six models trained (one per material 

property). (b) PR curves, along with the AUC values for the six models trained (one per 

material property). 

 

6.5 Error distribution for the regressor RF model 
 

To better assess the performance of the random forest models for regression, we 

studied the distribution of the absolute errors for the six models presented in the 

main text (no solvent, NW > 2, NE/NW = 1). In Fig. 4-S3, the error distribution for 

the models can be found. It can be seen that most structures group at the left of the 

mean error.  

 

 



 

 

Figure 4-S3. Absolute error distribution plots for the six random forest regression models 

(histograms). The blue dashed line indicates the mean absolute error, whereas orange bars 

indicate the number of structures placed in a given interval of error. 

 

6.6 Other RF regression models 
 

During the development of this project, several random forest models for regression 

were considered. In Figure 4-S4, the performance for the six RF models trained for 

the entire dataset can be found. The models have moderate performance (R2 between 

0.3 and 0.4), being generally worse than the models presented in the main text. For 

some of the models, this can be explained by the strong predominance of zero-

valued points, which may bias the model. The presence of solvent is also a factor that 

may difficult the prediction of porosity. Note that these models generally outperform 

the linear models (see Section 6), even using out-of-bag predictions compared with 

the internal validation used for linear models. 

 



 

 

 

Figure 4-S4. Predicted versus real values for regression models for the six material porosity 

measures predicted: LCD (a), PLD (b), density (c), SA (d), AV (e) and VF (f). Color-coding 

reflects density (i.e. number of structures placed in that region of the diagram). The models 

were trained over the 17832 structures that form our dataset. The counts per colour are 

presented in the colour bar within each graph. Diagonal lines represent the line of perfect 

prediction (continuous) and margins at one mean absolute error distance (dashed). 

 

In Figure 4-S5, a set of RF models trained for the subset of structures without 

solvent can be found. It can be seen that the models have a reasonable performance 

(except for the model for density), although inferior to the ones presented in the 

main paper. The high number of structures placed around values close to 0 in several 

models seem to bias the predictions, reducing the model accuracy. 



 

 
 

Figure 4-S5. Predicted versus real values for regressor models for the six material porosity 

measures predicted: LCD (a), PLD (b), density (c), SA (d), AV (e) and VF (f). Colour coding 

reflects density (i.e. number of structures placed in that region of the diagram). The models 

were trained over the 3173 structures without solvent. The counts per colour are presented 

in the colour bar within each graph. Diagonal lines represent the line of perfect prediction 

(continuous) and margins at one mean absolute error distance (dashed). 

 

 

6.7 Linear Regression Models 

 

As a first attempt to train classification models to predict material properties from 

molecular descriptors, we used linear models. This kind of models has the advantage 

of being simpler than random forest, with the possibility to summarize them in terms 



 

of a simple equation. Additionally, they are more interpretable in terms of the 

contribution of each molecular descriptor to the material property. To avoid 

collinearity, we selected a subset of molecular porosity descriptors as predictor 

variables, avoiding the combinations of variables that were too strongly related (i.e. 

those with absolute correlation higher than 0.7). Correlation among molecular 

predictors can be found in Section 1 of this document. We computed multiple 

regression models for the six material properties analysed during this study. The 

parameters of these models can be found in Table 4-S2, including the effect sizes 

(αi's) and significance values under Wald’s t-test. In the models, most or all predictors 

are strongly significant, indicating the existence of an association between molecular 

and material properties. Effect sizes are not scaled and should be considered in 

reference to their average value. The parameters of the model can be inserted in the 

linear model equation to obtain an estimate of the material porosity parameter of 

interest: 

 

𝑦𝑀𝐴𝑇 = 𝛼0 + 𝛼1 · 𝑀𝑊𝑆 + 𝛼2 · 𝑃𝐸𝑅 + 𝛼3 · 𝐼𝑆𝐴 + 𝛼4 · 𝑁𝑊 + 𝛼5 · 𝐸𝑆𝐴  (1) 

 

The value of this estimate, however, should be used conservatively, as the moderate 

R2 of the linear models indicate that the variance of the set of molecules is high.  

  



 

 

 

 Predictors Model 

performan

ce 
 Intercept MWS PER ISA NW ESA 

Outcom

e  

α0 p-

valu

e 

α1 p-

valu

e 

α2 p-

valu

e 

α3 p-

valu

e 

α4 p-

valu

e 

α5 p-

valu

e 

MA

E 

Adj. 

R2 

LCD 1.88 <10-5 0.32 <10-2 -2.7 <10-3 0.001

2 

<10-7 0.28 <10-4 9·10-5 <10-7 1.98 0.38 

PLD 0.77 <10-2 0.1 0.18 -1.32 0.02 3·10-3 0.07 0.16 <10-3 6·10-5 <10-7 1.24 0.21 

Density 1.9 <10-

16 

-

8·10-

3 

0.5 -0.33 0.001 8.7·1

0-5 

0.73 -3·10-

2 

<10-7 -2·10-

5 

<10-

15 

0.31 0.15 

SA -

671.3 

<10-

16 

107.9 <10-

16 

-

236.9 

0.1 0.15 0.68 114.4 <10-

16 

0.023 <10-

15 

395.

0 

0.39 

AV -0.12 <10-

15 

2·10-

2 

<10-8 -5·10-

2 

0.09 2·10-5 0.76 10-2 <10-

10 

4·10-6 <10-

11 

0.06 0.26 

VF -

6·10-

2 

<10-

14 

10-2 <10-8 -4·10-

2 

0.02 8·10-5 0.04 9·10-3 <10-

16 

2·10-6 <10-9 0.04 0.35 

 

Table 4-S2. Parameters of linear regression models. 

 

From the table, it can be seen that PER has a negative association with material 

porosity, whereas the rest of molecular porosity descriptors considered have a 

positive association. This responds to the intuition of low PER value to be associated 



 

with more encapsulated molecules (which are expected to form more porous 

materials). The rest of parameters are naturally expected to associate positively with 

material porosity. This results also demonstrate how linear models are easier to 

interpret, although their prediction capacity is generally lower than that provided by 

random forest. Even when restricting to internal validation in linear models, out-of-

bag predictions from RF outperforms the simpler approach.  

 

 

 

 

Figure 4-S6. Predicted versus real values (internal validation) for linear regression models 

for the six material porosity measures predicted: LCD (a), PLD (b), density (c), SA (d), AV 

(e) and VF (f). Colour coding reflects density (i.e. number of structures placed in that region 

of the diagram). The models were trained over the 17832 structures that form our dataset. 



 

The counts per colour are presented in the colour bar within each graph. Diagonal lines 

represent the line of perfect prediction (continuous) and margins at one mean absolute error 

distance (dashed). In the figure, the unadjusted R2 value is shown. The adjusted R2 for the 

models can be found in Table 4-S2.  

 

6.8 Logistic Regression Models 

 

As a first attempt to train classification models to identify the structures with largest 

material porosity parameters, we used logistic regression models. This kind of models 

have the advantage of being simpler than random forest, with the possibility to 

summarize them in terms of a simple equation. Thus, with a good predictive logistic 

regression model we would be able to provide simple guidelines for chemists in order 

to evaluate the potential of a given molecule to build up into a porous molecular 

material with outstanding properties. We trained a set of logistic regression models to 

identify structures within the best 10% for each of the six material properties 

analysed during this study. Logistic regression models provide with a way to compute 

the probability of a material (formed by a certain molecule) being over the threshold 

for the selected material property. To do so, the equation below should be applied: 

first, the logistic score can be calculated as follows: 

 

 𝑊𝑚𝑜𝑙 = 𝑒𝛽0+𝛽1·𝑀𝑊𝑆+𝛽2·𝑃𝐸𝑅+𝛽3·𝐼𝑆𝐴+𝛽4·𝑁𝑊+𝛽5·𝐸𝑆𝐴   (2) 

 

Then, the probability of the material parameter being over the given threshold is: 

 

𝑝(𝑦𝑚𝑎𝑡 > 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) =  
1

1+𝑊𝑚𝑜𝑙
      (3) 

 



 

The parameters of the equation correspond (for each material porosity property) 

with the odds ratios of the model, presented in Fig. 4-S7. These descriptors can be 

computed with help of Molipor.  

 

 

Figure 4-S7. Odds ratios for the logistic regression models. All the predictors are scaled by 

their own standard deviation to make them comparable. In total, six models are represented 

in the plot, with the odd-ratios of each model marked with a different colour. Error bars (in 

grey) indicate that the parameter is statistically significant if they do not cross the dashed 

vertical line in 1.  



 

 

 

Figure 4-S8. Performance of the logistic regression models trained for the entire dataset. (a) 

ROC curves, along with the AUC values for the six models trained (one per material 

property). (b) PR curves, along with the AUC values for the six models trained (one per 

material property). 

 



 

The performance (internal validation) of the six logistic regression models is analysed 

with help of ROC and PR curves, just as random forest model’s performance was 

assessed. The results can be found in Figure 4-S8. From the figure, it can be seen that 

logistic regression models are an improvement with respect to a random classifier, 

but that of random forest classification models generally outclasses their 

performance. 

 

6.9 Error prediction models 

 

During the process of exploration, several iterations of regression models were 

considered. We found a satisfying performance for the regression models trained for 

a subset of structures formed by molecules considered to be more regular (NW > 2, 

NE/NW = 1), and without solvent. These models were not yet perfectly accurate, 

although their prediction capacity improved significantly with respect to the baseline 

models (linear regression for the whole population). During this work, we 

investigated how molecular structure can help to predict the model to make a big 

error during prediction. This was achieved by training logistic regression models, 

where two classes were considered: a positive class formed by the structures with 

absolute error bigger than the mean, and a negative class formed by the structures 

having less (or equal) absolute error than the mean.  These models were then 

assessed with help of the ROC AUC (the skew in these populations was generally 

higher than 0.3). In Table 4-S3, the ROC-AUCs for each model, along with the list of 

significant parameters (i.e., molecular properties that predict high error in the 

regression model) can be found. Generally speaking, the presence of metal seems to 

produce a higher error in the prediction of the RF regression model. Higher numbers 

in the descriptors also lead to less predictable scenarios (except for PER, that works 

in the opposite direction). 



 

 

Material 
property 

Error  

ROC-
AUC 

Significant parameters (effect size) 

LCD 0.7 PER (0.15), ISA (1.0), ESA (1.0), HasMetal 

(1.7), 

LCD (1.2) PLD (1.3), NE/NW (1.2) 

PLD 0.76 PER (0.04), ISA (1.0), NW (0.9), ESA (1.0), 

CP (2.6), 

HasMetal (2.2), LCD (1.2), PLD (1.5), 

NE/NW (1.1) 

Density 0.61 MWS (1.3), PER (0.3), ESA (1.0), HasMetal 

(1.5),  

CP (0.7), LCD (1.1), PLD (0.8), NE/NW 

(1.2) 

SA 0.86 MWS (0.9), PER (0.04), ESA (1.0), HasMetal 

(2.2), CP (7.9), LCD (1.3), PLD (1.7), 

NE/NW (1.1) 

AV 0.86 MWS (0.8), PER (0.03), ISA (1.0), ESA (1.0), 

HasMetal (2.0), CP (11.9), LCD (1.6), PLD 

(1.7) 

VF 0.86 MWS (0.8), PER (0.04), ISA (1.0), ESA (1.0), 

HasMetal (2.4), CP (3.4), LCD (1.7), PLD 

(1.7)  

 

Table 4-S4. Error prediction models. Logistic regression models to predict which structures 

will have an error bigger than the mean absolute error for the six regression models 

presented in the main text. ROC-AUCs are shown as performance assessment for the error 

models. All significant parameters, along with their effect size (scaled by the standard error 

for each variable) are shown. The effect size is shown between brackets. Values higher than 

1 favour errors, whereas values lower than 1 favour the model to be right. Values of 1 

represent small effects (lost due to rounding).  

 

  



 

6.10 Prediction of material property over PubChem 

 

To demonstrate the utility of the models presented in this work, we performed 

material property prediction over the PubChem subset of porous molecules, first 

introduced in a previous work from our group3. This set consists of 6020 porous 

molecules mined from PubChem. For this analysis, we use the classification model 

for structures without solvent, obtaining the probability of molecules forming a 

porous crystal with material porosity property within the best 10% according to the 

values obtained from CSD. In Figure 4-S9 we present a bar plot with the number of 

molecules expected to form such a crystal based on their molecular properties.  

 

 



 

 

 

Figure 4-S9. Bar plot representing the number of PubChem molecules expected to form a 

porous crystal with material porosity higher than the best 10% threshold for CSD 

(percentage with respect to the total 6020 porous molecules found in PubChem in previous 

screenings). 

 

It can be seen, from Fig 4-S9, that a high number of molecules are expected to form 

porous crystals with interesting properties, according to the models. These numbers, 

however, have to be considered cautiously, as some of the molecules considered in 

this database are only predicted computationally, and also this values are predictions 



 

based on the expectation that solvent will be successfully removed, which is not 

always possible. 
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Abstract 

Porous materials based on organic cage molecules are an exciting alternative to porous 

framework materials. Their modular chemistry offers significant structure tunability while 

their solution processability facilitate ther assembly in functional structures in either 

crystalline or amorphous phase. The family of  imine cages have been the most widely 

studied, with several analogues synthesized and tested in applications such noble gas 

separation, water purification and sensing. The  crystals reported so far based on imine 

cages obtained by condensation of  1,3,5-triformylbenzene with several vicinal diamines 

(1,2-diamine)  have rather small pore diameters. For example, the benchmark Covalent 

Cage 3 (CC3) crystal has pore limiting diameters of 3.65 Å, and may experience diffusion 

limitations hindering their technological applications. The results reported so far suggest 

that larger cavities are not supported in the crystal phase,  unless they are stabilized by 

solvent molecules. In this work, we employ a density functional theory-refined crystal 

structure prediction approach to perform screening of various CC3 analogues to identify 

cages that can support stable low density porous structures. Based on analysis of the crystal 

energy landscapes, we present a number of synthetically accessible phases that support 

limiting diameters in the excess of  10 Å. 

 

 

  



 

1. Introduction 
 

Porous materials are critical to many industrial sectors, including petrochemicals, energy 

and water. In the effort to improve of the current technologies relying on porous materials, 

new classes of advanced porous materials are investigated. One of them is a class of porous 

molecular materials, in which discrete rigid molecules are assembled into 3-dimensional 

structures, either crystalline or amorphous.1 Although porous molecular materials have 

been known for about five decades,2 only the recently introduced classes of porous organic 

cage (POC) materials has offered structural tunability, through modular chemistry, that has 

allowed achieving porosity in par with advanced framework materials such as MOFs and 

COFs 1.  For example, for the cage-based material reported by Zhang et al. a surface area 

of 3758 m2/g was measured.3 

One of the most studied families of POCs is a family of cages assembled by imine 

condensation reaction, i.e. imine cages2. Depending on the connectivity of a cage’s building 

blocks, various cage topologies can be obtained,4 including  [3+6] tubular cages5 and  

[2n+3n] cages structures with n=1,2,4.6,7,8,9,10,11,12 In particular, several   [4+6] imine cages 

synthesized in the group of Prof. Cooper since 2009, were obtained by condensation of a 

1,3,5-triformylbenzene with several vicinal diamines. Chemical structures of these [4+6] 

cages are depicted in Figure 5-1.  They exhibit an internal spherical pore with diameters 

spanning the range 5.3-5.8 Å and all but cage CC2 have tetrahedral symmetry. The 

synthesized cage molecules in Figure 5-1, due to their solution processability, can be fairly 

easily processed into nanoparticles, membranes and thin films13, exhibiting amorphous or 

crystalline 3D phases with different porosity patterns. Porosity in such POCs can emerge 

from (i) external voids created by inefficient packing, i.e. extrinsic porosity; (ii) a porous 

percolating network connecting the internal void through the cage windows or both (i) and 

(ii). 



 

We summarized the porosity of desolvated stable crystal phases of several [4+6] imine 

cages in Table 5-1 by providing the corresponding pore limiting diameters (PLD), e.g. the 

diameter of the largest spherical probe that can diffuse through the material pores. All of 

these experimentally investigated phases exhibit small pores, with PLDs in the range of 

1.67-3.97 Å. The porosity is strongly affected by the external cage functionalization, e.g. 

introduced by substituting the vicinal diamine linker. Also, the solvent employed during the 

crystallization process can steer towards various crystal polymorphs featuring different 

packing motifs and porosity upon solvent removal. For example, both polymorphs of 

CC4,14,16(CC4α and CC4β in Table 5-1) were obtained by crystallization in different 

solvents which also led to polymorphism in the case of CC115 (CC1α’ and CC1β’ in Table 

5-1) and cage CC316(CC3α and CC3β in Table 5-1). 

 
Although the structure of a cage, in particular the chemical functionalization of its building 

blocks, has a direct effect on the crystal packing and the resulting porosity, its relation is 

challenging both to uncover and to be expressed in the form of simple, empirical design 

rules. Computational techniques, in particular crystal structure prediction (CSP), can be 

employed to explore this relation for a particular cage material. The CSP procedure 

involves the generation of initial trial structures in several symmetry space groups and 

subsequent minimization of the free energy of the crystals.17 The latter is usually 

approximated with the lattice energy expressed in terms of interatomic potential 

functions.18 Typically, CSP results are presented as energy landscapes, i.e. plots of the 

minimized lattice energy as a function of the density of the predicted structures. 

Experimentally accessible structures are normally found in the leading edge of the energy 

landscape, defined as the set of predicted structures with the lowest energy at certain 

density19. 

 
 



 

CSD Refcode PLD (Å) Density (g/cm3) 

ELALAF (CC1β’) 2.32 2.32 

PUDWUH(CC1α’) 1.67 1.67 

PUDXAO (CC2) 3.90 3.90 

PUDXES (CC3α) 3.65 3.65 

PUDXES02 (CC3β) 3.41 3.41 

OZECAY (CC4α) 3.57 3.57 

OZECAY03 (CC4β) 3.97 3.97 

GANDAC (CC9-R3) 2.19 2.19 

GANDUW (CC10) 2.78 2.78 

Table 5-2. Pore Limiting Diameter and density for the desolvated crystal structures formed by 

some of the  [4+6] cages developed by Cooper’s group. PLDs are computed with Zeo++  

program. The crystal structures can be found in the Cambridge Structure Database (CSD) by 

searching the corresponding Refcode. 

 

Due to the size of porous organic cages and their corresponding unit cell parameters, 

performing accurate crystal structure prediction study is a great challenge. So far, CSP 

based on lattice energy minimization for organic cages have been solely reported by Prof. 

Day’s group5,7,14,20, and shed light on the experimentally observed trends in the 

crystallization behavior of several of imine cages w.r.t to changes in their structures. Also, a 

new polymorph of cage CC4 (CC4β in Table 5-1) was predicted and subsequently observed 

with experiments.   



 

 
The crystalline phases obtained by CSP can be characterized in terms of their porosity 

(PLD), thermal stability and other physical properties, e.g. guest-adsorption expressed as a 

gas uptake at certain conditions. Such characterization results can be combined with 

various structural descriptors and the relative stability information from CSP to produce 

informative plots, which are referred to the energy-structure-function maps (ESF maps, a 

term coined by Cooper and Day21). Such plots can be useful tools in materials discovery as 

they allow to identify screening targets, i.e. phases with desired properties, and estimate 

their synthesizability potential. Indeed, Cooper and Day used ESF maps to identify not-yet-

discovered low-density phases (0.4 g/cm3 and PLD  20 Å) of non-porous molecules 

Figure 5-1. Schematic representation of the synthesis of several [4+6] imine cages 4,5,6,7. The reactions were 

carried out using 1,3,5-triformylbenzene and several vicinal diamine linkers in different solvents. 



 

based on triptycene, spiro-biphenyl and pentiptycene cores with hydrogen-bonding 

functionalities.21  

 

 

Herein, we present a POC discovery approach that combines in silico synthesis of novel imine 

cages, CSP and structure characterization. We demonstrate the approach with the discovery of 

several new [4+6] imine cage materials with unprecedented porosity as expressed by large 

PLDs. In particular, our screening targeted analogues of a robust CC3 material. We identified 

6 achiral vicinal diamine linkers that are structurally compatible with the ones listed in Figure 

5-1. The effect of chemical functionality and geometry of the new diamine linkers on the 

crystalline phases that they may form are studied by means of CSP. Two new low-density 

Figure 5-2. Final set of linkers employed to in silico synthesize new porous cages. Their corresponding 

PubChem Compound IDs are:  54142672 (1), 85839203 (2), 21282247 (3), 58399750 (4),55283729 (5), 

17942952 (6).   



 

phases, featuring very large pores with PLDs  10Å are identified and their stability is further 

assessed with extensive solid state DFT-D3 calculations and molecular dynamics simulations. 

 

2. Computational methods 
 
2.1 Database screening and 3D POCs molecular models. 

We screened PubChem3D22 database to identify candidate 1,2-diamine linkers for building 

in-silico [4+6] tetrahedral cages, which are analogues of the cages listed in Figure 5-1.  The 

PubChem3D compound database contains 80 821 441 unique records of molecular 

structures with their 3D coordinates. The PubChem3D compounds were mined from 

patents, vendors list and scientific literature, and to some extent the set reflects all 

molecules ever considered by chemists. We filtered PubChem3D database to retain only 

vicinal diamine linkers (we will refer to them as ‘linkers’ onwards), obtaining a group of 

6676 including the linkers in Figure 5-1. The latter was subsequently filtered to discard 

chiral with side flexible branches with rotatable bonds not suitable for our rigid-geometry 

based CSP approach. The remaining 318 linkers were used to in silico synthesize new [4+6] 

cage molecules by combining the SMILES strings encoding the building blocks.  The 3D 

coordinates of the cages were then generated from the cage SMILES identifier by using the 

LigPrep tool of the Schrodinger’s  Material Science suite.23 Next, the low(est) energy 

conformer search was carried out with a tool from the same suite coupled with the 

OPLS_200524 force field. Further details about LigPrep and the conformational sampling 

procedure can be found in Ref 21. We retained only molecules with achiral linkers and 

whose lowest energy conformer had the requested tetrahedral symmetry. The molecular 

symmetry point group was verified with the proper tool of the Material Science suite. 

The final set of six linkers is presented in Figure 5-2 and the corresponding in silico 

synthesized porous cages are referred-to as M1-M6.  



 

Axial chirality is an inherent property of the imine [4+6] tetrahedral cages and is 

determined by the chirality of the starting linker. As a consequence, for achiral linkers the 

lowest energy conformer state is degenerate and two isoenergetic enantiomers, respectively 

R and S, can be found (Figure 5-S1 in the ESI).  In fact, in the case of cage CC1 

spontaneous interconversion of the enantiomers R and S was experimentally observed.6,15 

 

The lowest energy R-conformers of cages M1-M6 were subsequently relaxed at the density 

functional theory (DFT) level in vacuum, using the M06-2X functional and the 6-311G** 

basis set implemented in the Jaguar software part of the Schrodinger’s  MaterialScience 

suite.23 This level of the theory has been already successfully used for other organic porous 

cages.4,5 The DFT-optimized conformers of M1-M6 confirmed the expected tetrahedral 

symmetry with four windows of equal size connecting the internal pore with the outer 

space.  

The molecular porosity the DFT optimized M1-M6 was characterized with the largest 

cavity diameters (LCD) and the windows size (WS). The former is the size of the largest 

sphere that can occupy the internal cavity and the latter is the diameter of the largest 

spherical probe that can access the internal pore through the cage windows.  Both LCDs 

and WSs were computed with our in-house tool25,26, which involves computational 

geometry approaches similar to ones we implemented to characterize porosity in periodic 

material structures in Zeo++ code. 27 

 
2.2 Crystal structure prediction (CSP) and porosity characterization 

In order to investigate the crystal phases of cages M1-M6 a crystal structure prediction 

(CSP) study was executed. Since the lowest energy conformers of molecules M1-M6 can be 

found in two isoenergetic enantiomers, R and S respectively, the CSP was limited to the 

most common 6 space groups for enantiopure crystal structures (P1, P21, P21212, 

P212121,C2221,C2) and 6 groups for racemic crystals (P21/c, P1̅,C2/c,Cc,Pna21,Pbca) which 



 

account for about 90% of the observed crystal structures for organic molecules. CSP 

calculations were performed using the UPACK28 (Utrecht Crystal Package) program that 

perform global lattice energy minimization using molecular force fields.  

Solvent-free initial candidate structures were generated using the random search technique 

as implemented in UPACK with Z’=1 molecule in the asymmetric unit.  During the 

random search, the molecule was kept rigid at its DFT geometry while Lennard-Jones and 

Coulomb intermolecular parameters taken from the OPLS_2005 force field were used to 

initially minimize the lattice energy by optimizing the unit cell vectors, angles and relative 

molecular positions and orientations. A number of 5000 trial structures were generated in 

each space groups. 

 
All crystal structures generated were further optimized using an improved model for the 

lattice energy. In particular, dispersion-repulsion interactions were modelled using the 

Buckingham potential with the FIT29 parameters and isotropic electrostatic interactions 

described with the Coulomb potential using point charges. The latter were obtained by 

fitting to the molecular electrostatic potential (ESP) of the M06-2X/6-311G** charge 

density calculated with Jaguar. All the interatomic interactions were calculated using the 

Ewald summation technique with a cutoff of 20 Å in real space. Equivalent structures 

resulting from different initial trial structures were grouped together by using a clustering 

algorithm as implemented in UPACK. The final structures were ranked w.r.t the energy of 

the global minimum. 

 
Since molecules M1-M6 have tetrahedral symmetry, the structures generated in the initial 

space groups could belong to a space group with higher symmetry.  The full symmetry was 

therefore determined with PLATON.30 The porosity of each of the predicted structures 

was characterized by computing the pore limiting diameter (PLD). The calculation involved 



 

our code Zeo++ in its high accuracy mode.37 The collected results were used to build the 

energy-structure-porosity maps by augmenting the energy landscape with PLDs. 

 
2.3 Refinement and validation. 

To further assess the accuracy of the energy ranking and stability predicted by our CSP 

approach, a subset of predicted structures was further optimized with a DFT-D3 periodic 

solid state approach with no symmetry constrains. Calculations were performed with the 

QuickStep module of CP2K31 with PBE/TZVP-MOLOPT32 functional and basis set, D3 

Grimme dispersion correction33 and an energy cutoff of 600 Ry. 

The thermal stability of selected structures was further investigated by means of molecular 

dynamic (MD) simulations. Supercells of approximately 200 molecules, build by replicating 

in space the predicted unit cell, were submitted to MD simulations in the NPT ensemble at 

T=300K and P=1atm to verify if they maintain the structure over the period of the 

simulation (t=1ns). MD simulations were performed with the GROMACS34 package, 

temperature and pressure were kept constant with the Berendsen thermostat and barostat 

respectively.  The same force field as in the global minimization CSP step was adopted for 

nonbonded interactions and intramolecular terms were assigned with the OPLS_2005 force 

field. 

 
Validation of the computational approach. 

Our CSP procedure was validated by predicting the crystal landscape of CC3, for which 

extensive prior experimental and CSP data is available. Our approach correctly predicts 

both racemic and enantiopure polymorphs with the correct energy ranking. The details of 

this validation are presented in the ESI section S2.  

  



 

3. Results 
 

3.1 New porous organic cages. 

The set of six linkers obtained from our PubChem3D screening (Fig. 5-2) was used to 

build molecular models of six new porous organic [4+6] cages named M1-M6 (Fig. 5-3). 

M1-M6 have the same core molecular structure but different vertex functionalization. The 

final DFT-refined R-conformers of M1-M6 exhibit the correct tetrahedral symmetry and 

the corresponding largest cavity diameters (LCDs) and windows size (WSs) are collected in 

Table 5-S1.  An important remark regards our assumption that our selected linkers with a 

1,3,5-triformybenzene (TFB) precursor ( see Figure 5-1) will lead to the formation of a 

shape persistent [4+6] cage. Predicting the formation of a cage from first principle is in fact 

still a great computational challenge and the final topology or the feasibility of the reaction 

cannot be simply guessed from the chemistry and geometry of the precursors. It has been 

in fact demonstrated that some reactions involving different diamines can lead to the 

formation of cages of different topology from the [4+6], e.g.  [2+3] or [8+12].12,35 Even if 

the formation of [2+3] cages it was proven not to be energetically favourable when vicinal 

diamines react with TFB35, it was experimentally observed that a particular diamine with the 

TFB precursor surprisingly led to the formation of a [8+12] cage in solution.12 The latter 

however collapsed upon desolvation yielding a non -porous amorphous material.12 



 

 

Figure 5-3. In silico designed porous organic cages studied in this work. Grey and blue atoms 

represent nitrogen and carbon, respectively. Hydrogen atoms are omitted for clarity. The LCD for 

M1, M2, M3, M4, M5 and M6 are 4.95 Å,  5.30 Å, 5.36 Å, 4.97 Å, 4.78 Å and 5.21Å respectively. 

All the molecules have tetrahedral symmetry and 4 windows of equal size. 

 

3.2 Energy-structure-porosity maps. 

The energy-structure-function maps for M1-M6, depicted in Fig. 5-4, present the relative 

lattice energy of each predicted phase, within the energy range of 70 kJ/mol w.r.t the global 

minimum, versus the corresponding phase density and its PLD value used as the point 

color determiner. These maps enable a comprehensive analysis of the M1-M6 predicted 

crystal phases as follows. 

The lowest energy structures of M1-M6 phases, i.e. the structures with zero relative lattice 

energy, are referred to as -phases and depicted in Figure 5-S4. The α-phases of M1-M6 

are porous to H2 according to the corresponding value of the PLD larger than the size of  a 

H2 probe of  2.18Å.   



 

In the case of M4 and M5 phases, the global minimum is approximately 40 kJ/mol and 20 

kJ/mol, respectively, more stable than the next respective most stable structure, while in 

the other cases hundreds of structures are found in an energy range of 40 kJ/mol. This 

number of structures in this energy range is often observed for organic molecules and 

cages, and suggest the possible presence of structural polymorphism, i. e. the existence of 

several crystal phases with different packing motifs and accessible with crystal engineering 

procedures. 

 

The lowest energy predicted structures (i.e. -phases) are all racemates (R,S). Further 

inspection of the -phases (ESI Figure 5-S4) reveals the role of the linker in promoting 

certain packing arrangement over others 

For planar and cyclic linkers such as M1 and M4, the global minimum is isostructural to the 

racemic -phase of CC3.  These molecules show preference for a window-to-window 

packing with a tetrahedral porous network connecting the cage voids and PLDs equal to 

3.1 Å and 3.14 Å respectively.  Initially predicted in space group Cc, both structures show 

the full cubic symmetry Fd3̅. In the case of M4 such preference is  

stronger since the second structure is found 40kJ/mol above the -phase. 

A cubic Fd3̅  symmetry was also observed for the -phase of molecule M5. In this case 

however the globular-like diamine linker promotes an arene-to-arene packing. An 

interconnected porous network is still present but the PLD is 25% smaller when compared 

with the M1 and M4 equivalents. 

The -phase of cage M2 shows a packing motif with molecules stacked along the a-axis of 

the unit cell with one window of a cage directed towards a neighbour arene face. The other 

three windows connect external voids with the internal pore of the cage but are partially 

occluded by the neighbors vertexes. The PLD is indeed 2.8 Å, smaller than the size of the 



 

window. No special packing motif could be observed for the global minimum structures of 

molecule M3 and M6. 

 
Further analysis of the energy-structure-porosity maps in Figure 5-4 reveals that the lowest 

energy phase porous to N2, is found in  

 
the leading edge for all the systems but M4, for which none of the structures in a range of 

70kJ/mol from the global minimum is found porous to nitrogen. We remind that 

experimental accessible structures are indeed often found in the leading edge of the energy 

landscape.  The fraction of predicted structures at least porous to N2 for molecules M1, 

M2, M3, M4, M5 and M6 is 37.5 %, 29.8 %, 55%, 0.0 %,8.8 % and 17.6 % respectively.  

The pore limiting diameters characterize the static porosity and do not account for the 

phenomenon known as “porosity without pores”, in which structures become dynamically 

porous due small flexible deformations of the cages induced by thermal fluctuations or to 

host-guest cooperative effects.36,37 

 
  



 

New highly-porous crystal phases. 

The energy landscapes of M1 and M2 present intriguing features, which have never-before 

been reported for imine cages. In particular, low-density racemic polymorphs emanate 

from the leading edges of the plots as local minima of highly-porous branches. We will 

refer to the latter as -branches. The structures belonging to the -branches are referred to  

as -phases. The minima of the M1- and M2- branches are labelled as M1-1 and M2-1 

in Figure 5-4, with densities of 0.76 and 0.72 g/cm3 respectively and large 1-dimensional 

porous channels with PLD around 10 Å.   

 



 

Figure 5-4. Energy-structure-porosity maps for M1-M6. The lowest energy phases porous to N2 

are indicated. The -phases and the phases M1- 1 and M2- 1 are labelled and indicated. Each 

symbol is colour coded according to the PLD value of the corresponding crystal structure. 

  

 



 

Their local minima character is confirmed when the landscape is plotted versus the PLD, 

represented in Figure 5-5 in which the five most stable γ-phases of both M1-γ and M2-

γbranches are connected by dashed lines.  By inspecting Figure 5-5 we notice that a new 

branch of porous structures, not visible from the plot in Figure 5-4, also appears in the case 

of M3 when the relative lattice energy is plotted versus the PLD. The corresponding local 

minima is called M3-1 and it’s PLD takes the value of 6.29 Å. 

 

Figure 5-5. Pore limiting diameter (PLD) as a function of the relative lattice energy of the 

corresponding predicted structures for molecules M1-M6. The vertical line at 3.64 Å correspond to 

the diameter of a N2 probe. Dashed lines connect the -phases mentioned in the main text. The 

local minima of M1-, M2- and M3- branches are labelled and indicated. 

 

Both   M1-1 and M2-1 show the full symmetry of P3̅. In M1-1 and M2-1, cages are 

stacked in a window-to-arene packing motif with neighbour cages engaging C(sp3)H---N38  

and C(sp2)H---39 (ESI Figure 5-S5) weak hydrogen bonds respectively, thus  promoting the 



 

formation of 1-dimensional  channels exhibiting zeolite-range porosity with PLD of ca. 

10Å.  The M3-1 structure shows the P1̅ symmetry featuring 1-dimensional porous 

channels with PLD of ca 6.3 Å but no special packing motif is observed. Given that the 

M3-γ branch is not as distinct as M1-γ and M2- γ  as well as M3- γ 1 is less porous, this 

branch is not given further attention in this work. 

Verification of CSP results. 

The main findings of the CSP approach based on classical force field and rigid molecule 

representations are further verified with solid-state DFT-D3 calculations as detailed in the 

computational methods section. 

 
The five lowest energy structures w.r.t the predicted global minimum, i.e. rank 1 to 5, were 

further relaxed at DFT-D3 level. Comparison between the energy ranking at CSP and 

DFT-D3 level is presented in Table 5-S4 in the ESI.   

In the case of molecule M3, M4 and M5 the predicted -phases are confirmed to be global 

minima even at DFT-D3 level of the theory. The corresponding PLDs decrease of about 

30-40 % in the case of M3- and M4- corresponding to a decrease in density of about 15 

% in both cases. On the other hand, for M5- the PLD increase of about 1 % being still 

porous to H2 and the density is essentially constant.  

Energy re-ranking is observed for the lowest energy structures of molecules M1, M2 and 

M6.  Predicted structures rank 3 (M1), 5 (M2) and 5 (M6) become the new minima at the 

DFT-D3 level. The new DFT relaxed -phases are still H2 porous in the case of M1 and 

M2.  Interestingly, the new minimum of M6 is not racemic but enantiopure. 

 

The predicted polymorphs M1-1 and M2-1 were also further optimized at the DFT-D3 

level to assess their stability and investigate the possibility that they represent artefacts of 

the approximations used in the CSP approach. More precisely, the five most stable γ-

phases of both M1-γ and M2-γbranches were selected in this task. They correspond to the 



 

structures connected by, respectively, black and red dashed line in Figure 5-5, and are 

denoted as M1(2)-X, where X=1…5 means increasing energy w.r.t the lowest energy 

phase. The CSP and DFT-D3 results for the -phases of M1(2) are collected in Table 5-3.   

In the case of M1 we observe that M1-1 is still a local minimum of the highly-porous 

branch of the energy landscape at the DFT-D3 level and its symmetry is preserved. 

Ranking inversion is observed for phases M1-4 and M1-5. The overall highly-porous 

character of this branch of the landscape is maintained. A small decrease in the PLDs is 

observed as consequence of an increase of density at the DFT level. Similarly, M2-1 phase 

still preserves its local minima character after DFT-D3 and its symmetry. No energy re-

ranking is observed except for the M2-5 which was indeed a saddle point of the predicted 

landscape and collapses to the high-density/low-porous region of the landscape after the 

DFT-D3 optimization. The PLDs of M2-1, M2-2, M2-3 and M2-4 experience a small 

decrease upon DFT-D3 relaxation.  

 
The large PLD of M1-γ1 and M2-γ1 is due to the presence of large porous 1-D channels, 

extrinsic to the cages. Similar feature was experimentally observed for CC2 (CSD RefCode 

PUDXAO in Table 5-1) although its PLD (3.9 Å) is dwarfed by the PLDs reported here. 

Although the vertexes of the cages in M1-γ1 and M2- γ1, by occluding the windows of the 

neighbour cages, hinder the formation of guest-accessible path connecting the internal cage 

pores with the main 1-D channels, it was demonstrated for CC2 that cooperative 

mechanisms can promote the formation of such transitory connections thus improving the 

porosity of the material.37 

Thermodynamic stability of M1-1 and M2-1 phases was investigated by the means of 

MD simulations (at T = 300K and P=1atm).  Inspection of the snapshots at the beginning 

and at the end of 1ns simulations revealed only small fluctuations w.r.t the predicted 



 

structures due to thermal effects. The overall symmetry and porosity of the structures were 

maintained (Figure 5-S6 in ESI). 

To summarize, the presence of M1-γ1 and M2-γ1 phases in a separate low-density branch 

of the energy landscape, the results of our MD thermodynamic stability as well as their 

acceptably-low DFT-D3 energies w.r.t. lowest energy minima makes these highly-porous 

phases good candidates to be experimentally achievable by proper crystal engineering 

procedures21 .   

 

 

Table 5-3. Comparison between CSP and DFT-D3 results for the first five -phases of the M1-γ 

and M2-γbranches. E are given w.r.t the energy of the -phases at CSP and DFT-D3 level. 

Additionally, E at the DFT-D3 level, are also given w.r.t. to the lowest energy phase identified at 

this level of theory and placed in () brackets.

Structure    space 
group 

 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 
density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-
D3        

PLD(Å) 

DFT-D3 
density(g/cm3) 

M1-1     P3̅ 29.77 11.03 0.73 20.38(46.04) 10.28 0.78 

M1-2     P1̅ 31.80 10.11 0.74 32.32(57.98) 9.90 0.77 

M1-3     
P21/c 

 34.48 9.83 0.73 35.89(61.55) 7.93 0.84 

M1-4     Cc 36.90 10.67 0.72 43.35(69.01) 8.58 0.80 

M1-5     
P21/c 

39.00 11.30 0.71 37.01(62.67) 9.74 0.79 

Structure   space 
group 

 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 
density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-
D3        

PLD(Å) 

DFT-D3 
density(g/cm3) 

M2-1      P3̅ 17.29 9.56 0.76 34.44(43.24) 8.79 0.80 

M2-2     
P21/c 

 37.97 10.30 0.71 54.96(63.76) 9.39 0.76 

M2-3     P1̅  43.00 9.33 0.65 70.32(79.12) 9.10 0.67 

M2-4     
C2/c 

 50.30 8.77 0.68 74.34(83.14) 8.71 0.71 

M2-5     
P21/c 

 53.20 9.71 0.70 8.64(17.44)  1.70 1.04 



 

 

4. Conclusions 
 

We present a three-step approach enabling computational design of porous crystalline 

phases based on molecular cages. The steps are: (1) database screening to identify suitable 

building blocks corresponding to the desired chemistry, followed by in silico synthesis of 

cage molecules; (2) crystal structure prediction for the molecules of step (1) based on 

classical potential, followed by porosity characterization of the phases; (3) refinement of 

the identified critical phases at the DFT level, followed by the phase stability verification 

with molecular dynamics.  

We demonstrate an application of the approach, in which structural analogues of the well 

know family of the Cooper [4+6] imine cages1,2 are designed. In particular, our search of 

PubChem3D database of ca 80 million structures led six new vicinal diamines, and the 

corresponding six porous cages, which exhibit the expected tetrahedral symmetry. Their 

rigid structure was used as input for a crystal structure prediction study, followed by the 

porosity characterization of each predicted phase.   Analysis of the resulting energy-

structure-porosity maps revealed the existence of structures featuring rare high porosity, 

which manifested itself in pore limiting diameters in the excess of 10 Å. The stability of 

these new highly-porous polymorphs as local minima on the local energy surface was 

further confirmed with solid state DFT-D3 optimizations and molecular dynamics 

simulations.  

Our computational approach constitutes the first step towards high-throughput screening 

of POCs for assembly of functional materials. We envision that in the near future our 

approach can be augmented with solvent stabilisation calculations, which can provide 

further insight on the experimental accessibility of the predicted γ-phases, as recently 

prototyped for cage CC1.40 
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6. Supporting information 
 

6.1 Porosity characterization of the lowest energy conformers of molecules M1 -M6. 

 
Figure 5-S1. Lowest energy conformers of cage M1. Both enantiomers M1-R and M1-S have the 

same energy and tetrahedral symmetry. Nitrogen atoms are colored in blue, carbon atoms in red 

and green for M1-R and M1-S respectively and hydrogen atoms are omitted for clarity 

 

 

 

    
LCD 
(Å) 
DFT-
M06-
2X 

Window 
size (Å) 
DFT-
M06-2X 

CC3-
R 

5.50  3.77 

M1-
R 

4.94  3.20 

M2-
R 

5.31  3.52 

M3-
R 

5.36  3.60 

M4-
R 

4.97  3.24 

M5-
R 

4.78  3.06 

M6-
R 

5.21 3.48 

Table 5-S1. Largest cavity diameters and window size for the lowest energy R-conformers 

of cage CC3 and molecules M1-M6 after DFT optimizations 



 

 

 

6.2 CSP validation: the benchmark covalent cage CC3 

 
Cage CC3 is probably the most studied cage in the imine cage family with a LCD of 5.50 Å 

and four windows of equal size of 3.75 Å. The enantiomer CC3-R was synthesized1 from a 

mixture of 1,3,5-triformylbenzene and chiral (R,R)-1,2-diaminocyclohexane (see Figure 5-1 

in the manuscript for a schematic representation). Similarly, the energetically equivalent 

enantiomer CC3-S can be made by a mixture of 1,3,5-triformylbenzene and chiral (S,S)-1,2-

diaminocyclohexane.  Applications of porous materials based on cage CC3 in its 

homochiral polymorph CC3-R(S)-, are for example:  Xenon/Krypton separation2, 

enantiomeric and molecular size separation3, water desalination4. 

A 3D model of CC3 molecule was initially generated with LigPrep starting from a 1D 

SMILES corresponding to the enantiomer CC3-R(S) and submitted to a conformational 

search procedure.  

The experimentally observed enantiomer CC3-R(S) was correctly predicted as the lowest 

energy conformer and further optimized in vacuum at the M06-2X/6-311G** level of 

theory. 

The DFT optimized molecular geometry was used as input for the CSP study. Homochiral 

crystal phases based on CC3-R were searched in the most common 6 space groups for 

enantiopure crystal structures (P1, P21, P21212, P212121,C2221,C2). Similarly, racemic co-

crystals CC3-(R,S)  were generated in the most common 6 space groups for racemates 

(P21/c, P1̅,C2/c,Cc,Pna21,Pbca). More details on the CSP procedure are provided in the 

method section in the main text.  

The resulting energy landscape, i.e. the plot of relative lattice energy of CC3 as a function 

of density, is shown in Figure 5-S2. 

The energy landscape of CC3 has been already investigated by Day’s group employing a 

Monte Carlo simulated annealing for initial structure generation and a subsequent final 



 

 

minimization procedure was carried out with the DMACRYS software for rigid molecules, 

which make use of anisotropic atom-atom model potentials.5 

Our results are in quantitative agreement with the results of Day’s group even using an 

isotropic Coulomb potential for the electrostatic interactions.  Only 12 structures are found 

in a 50 kJ/mol range from the global minimum, and five of them, color-filled circles in 

Figure 5-S2, feature a tetrahedral porous network connecting the cavities of the cages.  

The global minimum, black filled point in Figure 5-S2, corresponds to the racemic co-

crystal cubic phase CC3-(R,S). The latter is not available in the Cambridge structure 

database since the structure and unit cell parameters were refined from PXRD 

experiments6   therefore, a direct geometric comparison with the predicted phases is not 

possible. 

The homochiral phase CC3-R,  yellow point in Figure 5-S2, is correctly predicted as the 

global minimum of the structures generated in the six enantiopure space groups.  The 

latter, initially predicted in the space group P212121 shows the full experimental symmetry 

F4132 and is a good geometrical match to the experimental structure PUDXES in Table 5-

1. 

 
Due to the large size of the imine cages our approach is limited to generating structures 

with Z’=1 molecules in the asymmetric unit, therefore the polymorph PUDXES02 of CC3, 

also known as CC3-R phase (see Table 5-1) was not predicted since it was experimentally 

observed in the space group P3 with Z’=3.  

Although our CSP approach does not account for solvent inclusion, the structures of 

solvated polymorphs can still be predicted as local minima in the energy landscape even if 

they incur structural rearrangement upon solvent removal. 



 

 

The solvated framework of PUDXES02, i.e. CC3-R-solvated with CSD-Refcode 

NODVIN, was experimentally observed in space group R3 with Z’=1 cage in the 

asymmetric unit.  

The structure corresponding to the CC3-R-solvated framework (not shown in Figure 5-

S2) showed indeed the correct full R3 symmetry and was predicted to be a high energy 

structure found approximately 50 kJ/mol above the  CC3-R phase.   

Structure overlay with experimental structures and comparison of the cell parameters for 

the predicted phases CC3-R and CC3-R-solvated are presented in Figure 5-S3 and Table 

5-S2, respectively.  

 
Finally, to validate the accuracy of our energy model in predicting the landscape of porous 

organic cages we made use of DFT-D3 solid state periodic calculations to fully relax the 

lowest energy structures of the landscape. Results for cage CC3 are listed in Table 5-S3. 

Although the relative energy of the phase  CC3-R increase of about 50 % after DFT-D3 

relaxation, the global energy ranking is preserved and porosity, characterized by the PLD, is 

maintained. 

 



 

 

 

 
 

Figure 5-S2.  Crystal energy landscape of CC3. Energies are w.r.t the global minimum. Both 

homochiral and racemic polymorphs are correctly predicted as the lowest energy structures in the 

enantiopure and racemic space groups, respectively. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 
Cell axes length  

(Å) 
Cell angles 

Density 

(g/cm3) 

Material  
Method a b c    

 

CC3-R 
(F4132) 

Exp. 
24.8

0 
24.8

0 
24.80 

90.0
0 

90.00 90.00 0.97 

CSP 
25.2

4 
25.2

4 
25.24 

90.0
0 

90.00 90.00 0.92 

CC3-R-
solv 
        ( R3) 

Exp. 
25.6

3 
25.6

3 
11.18 

90.0
0 

90.00 120.00 0.87 

 

CSP 
26.3

6 
26.3

5 
11.39 

90.0
3 

90.01 120.00 0.81 



 

 

 

Table 5-S2. Cell parameters from our CSP study compared to the experimental values for CC3-R 

(CSD-Refcode PUDXES) and CC3-R-solvated (CSD-Refcode NODVIN). Both CC3-R and 

CC3-R-solvated were initially predicted in space groups P212121 and P1 respectively. Full 

symmetry was revealed after analysis with PLATON. 

 
Figure 5-S3. Structural Overlay of cluster of 15 molecules for experimental (blue) and predicted 

(green) CC3-R  (Panel a) and CC3-R-solvated (Panel b). Solvent molecules in panel b are 

omitted for clarity. 

 

 

Structure    
space 
group 
 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 

density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-
D3        

PLD(Å) 

DFT-D3 

density(g/cm3) 

CC3-

(R,S) 

   
P21/c 

0.00 3.74 0.94 0.00 4.05 0.99 

CC3-
(R,S) 

    
C2/c 

6.71 3.74 0.94 7.86 3.93 0.99 

CC3-
(R,S) 

    
Pna21 

15.40 3.74 0.93 22.60 4.00 0.98 

CC3-
(R,S) 

    
C2/c 

27.51 3.74 0.92 30.93 3.86 0.99 

CC3-R     
F4132 

36.21 3.74 0.92 53.38 3.89 0.95 

Table 5-S3. Comparison between CSP and DFT-D3 results for cage CC3. E are given 

w.r.t the energy of the global minimum found in CSP 



 

 

 

6.3 Predicted -phases of molecules M1-M6. 

 

Figure 5-S4. Lowest energy predicted structures for M1-M6. The information in the captions 

includes the relative lattice energy (E) and the PLD. 

  



 

 

6.4 Comparison between CSP and DFT-D3 results for the first five predicted 
structures of molecules M1-M6. 

 

Structure    space 
group 
 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 

density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-D3        
PLD(Å) 

DFT-D3 

density(g/cm3) 

M1-     Fd-3 0.00 3.10 0.96 0.00 3.12 1.00 

M1-2     P1̅ 6.37 3.10 0.93 -8.80 2.73 1.00 

M1-3     P1̅ 7.22 3.08 0.94 -25.66 2.88 1.07 

M1-4     P1̅ 9.35 3.08 0.93 -4.42 2.53 1.00 

M1-5     P1̅ 10.29 3.23 0.93 -2.27 2.80 1.00 

Structure    space 
group 
 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 

density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-D3        
PLD(Å) 

DFT-D3 

density(g/cm3) 

M2-     P1̅ 0.00 2.80 0.97 0.00 2.09 1.04 

M2-2     
P21/c 

2.66 2.88 0.95 0.71 2.48 1.03 

M2-3     P1̅ 3.30 2.47 0.97 -6.34 2.06 1.05 

M2-4     P1̅ 3.52 2.60 0.97 -6.44 2.04 1.05 

M2-5     
P21/c 

3.74 2.82 0.96 -8.80 2.55 1.03 

Structure    space 
group 
 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 

density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-D3        
PLD(Å) 

DFT-D3 

density(g/cm3) 

M3-    P1̅ 0.00 2.61 0.84 0.00   1.70 0.98 

M3-2    P21/c 1.65 2.44 0.83 37.09   1.64 0.92 

M3-3    P21/c 6.66 3.07 0.80 46.64   2.44 0.89 

M3-4    P1̅ 7.30 2.09 0.84 31.56   1.80 0.95 

M3-5    C2/c 10.90 3.01 0.81 45.01   2.17 0.90 

Structure    space 
group 
 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 

density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-D3        
PLD(Å) 

DFT-D3 

density(g/cm3) 

M4-     Fd-3 0.00 3.14 1.08 0.00   3.30 1.09 

M4-2     P1̅ 45.54 3.14 0.97 49.40   3.13 1.01 

M4-3     P1̅ 50.22 3.13 0.97 17.63   3.27 1.09 

M4-4     
P21/c 

51.50 3.12 0.97 51.51   3.20 1.04 

M4-5     
P21/c 

52.03 3.13 0.98 13.78   3.84 1.09 

Structure    space 
group 
 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 

density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-D3        
PLD(Å) 

DFT-D3 

density(g/cm3) 

M5-     Fd-3 0.00 2.51 1.04 0.00   1.45 1.22 

M5-2     C2/c 21.48 2.59 1.03 21.62   1.81 1.18 



 

 

M5-3     
P21/c 

38.90 2.95 1.00 38.22   2.84 1.07 

M5-4     P1̅ 39.40 2.94 0.99 38.96   2.84 1.06 

M5-5     P1̅ 40.38 2.94 1.00 39.06   2.82 1.06 

Structure   space 
group 
 

CSP     

E(kJ/mol) 

CSP      
PLD(Å) 

CSP 

density(g/cm3) 

DFT-D3     

E(kJ/mol) 

DFT-D3         
PLD(Å) 

DFT-D3 

density(g/cm3) 

M6-    P21/c 0.00 3.37 0.98 0.00   3.13 1.04 

M6-2     P1̅ 2.62 2.22 0.95 7.45   1.93 1.00 

M6-3     P1̅ 5.83 2.28 0.93 23.24   2.00 0.98 

M6-4     
P21/c 

7.52 3.30 0.94 22.77   3.03 0.98 

M6-5     R3 13.04 2.19 0.95 -8.80   1.96 1.07 
Table 5-S4. Comparison between CSP and DFT-D3 results for the first five structures w.r.t. the 

predicted global minimum. E are given w.r.t the energy of the  the -phases  at CSP and DFT-D3 

level. 

 

 

6.5 H-bond patterns in M1- and M2-. 

Figure 5-S5. Left panel: Small cluster of the structure M1-.  Intermolecular C(sp3)H---N  bonds 

are displayed as red lines.  Right panel: Small cluster of the structure M2-. Intermolecular C(sp2)H-

--  bonds are displayed as green lines.   



 

 

6.6 MD simulations to assess the thermal stability of M1- and M2-. 

 

6.7 References. 

 

1. T. Tozawa, J. T. Jones, S. I. Swamy, S. Jiang, D. J. Adams, S. Shakespear et al. Nature 

Materials 2009, 8, 973. 

2. L. Chen, P. S. Reiss, S. Y. Chong, D. Holden, K. E. Jelfs, T. Hasell et al., Nature Materials, 

2014, 13, 954.  

3. A. Kewley, A. Stephenson, L. Chen, M. E. Briggs, T. Hasell and A. I. Cooper, Chemistry of 

Materials 2015, 27, 3207.;T. Mitra, K. E. Jelfs, M. Schmidtmann,  A. Ahmed, S. Y. Chong, D. J. 

Adamas and A. I. Cooper, Nature Chemistry, 2013, 5, 276. 

4. X. Kong and J. Jiang,  Phys. Chem. Chem. Phys., 2017, 19, 18178.;X. Kong and J. Jiang, J. 

Phys. Chem. C, 2018, 122, 1732. 

Figure 5-S6. Top panels: Projection of a supercell of structure M1- at the beginning ( left) and at 

the end (right) of a 1ns MD simulation. Bottom  panels: Projection of a supercell of structure M2- at 

the beginning ( left) and at the end (right) of a 1ns MD simulation 



 

 

5. E. O. Pyzer-Knapp, H. P. G. Thompson, F.  Schiffmann, K. E. Jelfs, S. Y. Chong, M. A. 

Little, A. I.  Cooper and  G. M.  Day. Chem. Sci. 2014, 5, 2235 and references therein.  

6. J. A. T. Jones, T. Hasell, X. Wu, J. Bacsa, K. E. Jelfs, M. Schmidtmann et al., Nature, 2011, 

474, 367. 

 
 

 

  



 

 

Chapter 6. Computational discovery of a large-imine-

cage-based porous molecular material and its 

application in water desalination 
 

  



 

 

Research Article 

Computational discovery of a large-imine-cage-

based porous molecular material and its 

application in water desalination 

Marco Bernabei*, Raul Perez Soto, Ismael Gómez García, and Maciej 
Haranczyk* 

a IMDEA Materials Institute, C/Eric Kandel 2, 28906 - Getafe, Madrid, Spain  

b Universidad Carlos III de Madrid, Avda. Universidad 30, 28911 Leganés, Spain  

* Corresponding author 

 

Molecular Systems Design and Engineering, 2019, 4, 912-920 
 

Abstract 

Porous molecular materials based on imine cages are prototyped for applications such as 

gas separations, water purification and others. Among tens of imine cages that have been 

synthesized so far, ones supporting large pore materials for high-flux membrane 

applications are rare due to the natural tendency of atoms and molecules to favor high-

density arrangements. Here, we present a computational approach leading to identification 

of a large rigid imine cage molecule, which is based on 1,3,5-triformylbenzene and 

adamantane-1,3-diamine precursors. Through Density Functional Theory-based crystal 

structure prediction, we demonstrate that this cage supports a number of synthetically-

accessible porous crystal phases characterized by pore limiting diameters in the range of 

3.5-5.5 Å. Furthermore, we demonstrate that the new cage molecule also supports highly 



 

 

porous amorphous phase enabling a high-flux reverse-osmosis membrane application. Our 

molecular simulation-based investigation of the latter membrane in water desalination 

scenario suggests that the new material can offer more than 100% increase in water flux 

over the benchmark porous Covalent Cage 3 (CC3) material.   

1. Introduction 
 

Porous organic cage materials (POCMs), a class of advanced nanoporous materials, are 

supramolecular assemblies of cage molecules, where a cage molecule is defined as one with 

an internal void and at least two windows connecting this void and the molecule’s exterior. 

The chemical structure of cages is modular, and involves the choice of various cage-

forming chemistries (e.g. imine condensation,1 boronic ester condensation2 and alkyne 

metathesis3), the choice of topology of building blocks (e.g. two, three and four-connected 

building blocks1,4), the chemistry and size of the building blocks, and the choice of 

synthesis conditions that may additionally control the ratio of building blocks in the cage 

(e.g. forming [2+3] or [4+6] cages).5 The porosity of POCMs emerges from (i) external 

voids created by inefficient packing of cages, i.e. extrinsic porosity; (ii) a porous percolating 

network connecting the internal void through the cage windows or both (i) and (ii). The 

main advantage of POCMs over metal organic frameworks (MOFs) and other framework 

materials is that the cages are typically solution processable, greatly facilitating synthesis of 

the desired porous materials. In the recent years, significant progress has been made in the 

research on POCMs, the fact captured in a number of recent review articles.6-8  

 
One of the most studied families of POCMs is one involving cages assembled by imine 

condensation reaction, i.e. imine cages or Covalent Cages (CCs)6. High-quality crystals of 

various polymorphs,9-11  bi and tri-cage co-crystals12-14 as well as amorphous solid phases15,16 

of various imine cages have been achieved with an impressive level of control via the 

choice of specific experimental protocols. Meanwhile, the mechnisms of imine cage 



 

 

 

 

 

formation have been also investigated.17 Furthermore, CCs have been fabricated into 

membranes via layer-by-layer assembly,18 spin-coating19 and co-solution casting.20 In 

addition, some CCs have been found to have remarkable water stability.21 The tunability of 

cages allows for the design of materials with desirable features and properties, and 

optimizing the resulting materials towards specific applications such as gas storage,22 

separations24 and sensing.23 In particular, Covalent Cage 3 (CC3, Fig. 6-1), formed by 1,3,5-

triformylbenzene and (R,R)-1,2,cyclohexamediamine, was assembled into a crystalline 

material with outstanding xenon/krypton selectivity24 and stereoisomer separation 

potential.25 

The family of imine cages is quite diverse. Depending on the connectivity of a cage’s 

building blocks, various cage topologies can be obtained,26 including  [3+6] tubular cages27 

and  [2n+3n] cages structures with n=1,2,4.1,12,28-32 In particular, several [4+6] imine cages 

were obtained by condensation of a 1,3,5-triformylbenzene with various vicinal diamines, 

and their internal pore diameters span the range of 5.3-5.8 Å. Synthesis of larger cages with 

this topology, and able to support porosity upon desolvation, i.e. rigid cages, has been 

successful to an extent. Large rigid cages based on vicinal diamines and larger trialdehydes 

(tri(4-formylphenyl)amine, 1,3,5-tris-(4-formyl-phenyl)triazine and others) were reported12,31 

whereas it was shown for 1,3,5-triformylbenzene that longer alkane-based diamines may 

lead to non-porous cages. In particular, the study by Jelfs et al. 5 focused on a series of cages 

based on 1,3,5-triformylbenzene and H2N-(CH2)n-NH2 diamines with n=2,3,4,5. It was 

reported that cages, in which n is odd prefer [2+3] topology while ones, in which n is even, 

prefer [4+6] topology. However, for n=4 the cage is non-porous, i.e. collapsed upon 

desolvation due to lack of structural rigidity.  

Computational approaches have been playing an increasingly important role in the 

investigation of POCMs as summarized in a recent review.33 In particular, crystal structure 

prediction (CSP) has been employed to investigate polymorphism of POCMs.34 The CSP 



 

 

 

 

 

procedure involves the generation of initial trial structures in several symmetry space 

groups and subsequent minimization of the free energy of the crystals.35 The latter is 

usually approximated with the lattice energy expressed by a classical potential.36 Typically, 

CSP results are presented as energy landscapes, i.e. plots of the minimized lattice energy as 

a function of the density of the predicted structures. Experimentally accessible structures 

are normally found in the leading edge of the energy landscape, defined as the set of 

predicted structures with the lowest energy at certain density.37 CSP has been employed to 

shed light on the experimentally observed trends in the crystallization behaviour of several 

of imine cages w.r.t to changes in their structures,38 guide experiments to identify new 

polymorphs,34 or investigate materials structures of molecules identified in computational 

screening.39  

Molecular simulation methodology has been also used to investigate POCMs.33 In 

particular, multi-step simulation protocols have been used in amorphous structure 

prediction (ASR) for POCMs.15,22 Computer models of the latter have been used to predict 

materials properties such as methane storage,22 guest gas diffusion15 and performance in 

water desalination.40 In particular, the latter study by Kong and Jiang involved building 

atomistic models of membranes based on five imine cages, and demonstrated the ability of 

tuning the desalination performance by tuning the composition of membranes.  

Very recently, the applications of computational approaches have begun to move away 

from a solely expiratory role, i.e. characterization of experimentally known cages, to a truly 

predictive one, where novel cages and the corresponding materials are ab initio designed. 

Our recent study has demonstrated an approach, in which novel imine cages are first in 

silico synthesized,38 and then assembled into materials using CSP. Jelfs group has presented a 

similar in silico cage assembly capability.41,42 Day group has combined CSP with high-

throuphput porosity characterization and property prediction to investigate the structure-



 

 

 

 

 

property-function relationships in the crystalline phase landscape of a porous molecular 

material. 43 

Herein, we present a new, large-pore imine cage molecule, which can be assembled into 

porous solids with many practical applications, for example, a high-flux water desalination 

membrane. The discovery of this cage and the characterization of the corresponding 

materials has been enabled by a purposely assembled computational pipeline (Fig. 6-2), 

involving components from earlier studies.38,40,43 Our targeted computational screening has 

been aimed at the identification of large rigid imine cage based on 1,3,5-triformylbenzene. 

The identified cage involves adamantane-1,3-diamine, and is denoted CCXL and presented 

in Fig. 6-1. The investigation has been completed with an ab initio-refined CSP, followed by 

analysis of the resulting energy landscape of the crystalline phases of CCXL to identify 

synthesizable porous phases as well as the prediction of the corresponding amorphous 

solid structures. Finally, after the characterization of porosity of the identified solids, the 

most promising CCXL structures (in this case amorphous CCXL) has beene followed up 

by  an investigation of the performance of CCXL in a reverse-osmosis membrane for water 

desalination. Our study demonstrates that the computationally designed new cages, such as 

CCXL, can provide improved performance over more established cage materials such as 

CC3, water permeability of which has been known to outperform commercial RO 

membranes.40  

  



 

 

 

 

 

 

Figure 6-1. The structures of the benchmark imine cage CC3 together with the large cage CCXL 

introducted in this study, together with their largest cavity diameters and the corresponding window 

diamters.   

 

2. Computational Methods. 
 

Our computational discovery pipeline for porous organic cage materials is outlined in Fig. 

6-2. It consists of four main Steps: (1) assembly of cage molecules according to the desired 

chemistry, and their later characterization and filtering leading to identification of the 

desired molecular candidate(s); (2) the corresponding material structure prediction, which 

includes both crystal structure prediction and amorphous structure prediction, each 

following an appropriate simulation protocol; (3) porosity characterization for all solid 

structures identified in Pt. (2); and (4) performance prediction using molecular simulations 

conducted for the most promising solids identified in the previous step. The following 

subsections outline the details of Steps (1)-(4) in a particular implementation in the search 

for a large imine cage material for water desalination. 



 

 

 

 

 

 

2.1 Screening and identification of the targeted large imine cage. 

Our screening effort was designed to specifically target [4+6] imine cages that (i) are 

formed by 1,3,5-triformylbenzene and diamine precursors, and (ii) are rigid and can 

support pore diameters larger than ca. 5.5 Å, which is a typical value for cages formed by 

vicinal diamine precursors.  

 

 

Initially, we screened PubChem3D database44 of 80 821 441 molecules to identify 4490 1,2- 

and 1,3-diamine-containing-otherwise-hydrocarbons (we will refer to them as ‘linkers’ 

onwards). The latter was subsequently filtered to discard asymmetric linkers and/or ones 

with side groups containing any rotatable bond, which may pose a challenge in obtaining 

disorderless crystalline phases. The remaining 827 linkers were used to in silico synthesize 

imine cage molecules. The latter step was executed by combining the SMILES text strings 

representing the linkers and 1,3,5-triformylbenzene precursors. Then, 3D coordinates of 

low energy conformations of cages were then generated using Schrödinger Material Science 

tools,45 following the procedure outlined in our previous study.38 Finally, the molecular 

porosity of the low energy conformers was investigated by our open-source MOLIPOR 

tool,46 and represented by the largest cavity diameters (LCD), which correspond to the 

 

Figure 6-2. Discovery pipeline for porous organic cage materials; see text for description.  



 

 

 

 

 

internal pore diameters in the case of molecular cages, and window diameter (WD), which 

corresponds to the diameter of the largest spherical probe that can access the internal pore 

through the cage windows. 

Out of the generated cages, we selected the cage with the largest LCD and the requested 

tetrahedral symmetry. This cage, named Covalent Cage XL (CCXL, Fig. 6-1), is 

characterized by LCD of 8.82 Å and WD of 6.78 Å. It is formed by 1,3,5-triformylbenzene 

and 1,3-diaminoadamantane. It is much larger in size than the benchmark CC3 (Fig. 6-1), 

and comparable with CC5.12 The latter was obtained by tri(4-formylphenyl)amine and 1,2-

diaminecyclopentan, and exhibits LCD of 8.90 Å and WD of 6.28 Å. We note that most of 

computationally generated cages were severely deformed (e.g. in the cases where a 

generated cage has a non-rigid core that leads to a collapsed or a non-symmetrical 

configuration upon geometry relaxation), and do not represent suitable building blocks for 

crystalline analogues of imine cage materials considered in this study. As such cages do not 

fulfill our design criteria, they were discarded. Out of a few molecules that were found to 

fulfill our criteria, only one cage (i.e. CCXL) was significantly larger than other known 

[4+6] cages. Others, roughly of the same size as CC3, were discussed in a separate study.38  

Finally, the lowest energy conformer of cage CCXL was relaxed in vacuum at the density 

functional theory (DFT) level of theory, using the M06-2X functional and the 6-311G** 

basis set implemented in Schrödinger’s Jaguar package. Its geometry does not exhibit any 

particular strain when compared to CC3 counterpart, i.e. manifested by an out-of-plane 

deformation of benzene rings. Following work of Jelfs et al.,5 we have verified that 1,3,5-

triformylbenzene and 1,3-diaminoadamantane energetically prefer to form a cage with 

[4+6] configuration (Di6Tri4 topology) w.r.t to other topologies, i.e. [2+3], [4+6] and 

[8+12]. 

  



 

 

 

 

 

2.2 Material structure prediction 

Crystal structure prediction. In order to investigate the crystal phases of CCXL, a crystal 

structure prediction (CSP) study was executed. Since CCXL can be found in two 

isoenergetic enantiomers, R and S respectively, CSP was limited to the most common 6 

space groups for enantiopure crystal structures (P1, P21, P21212, P212121,C2221,C2) and 6 

groups for racemic crystals (P21/c, P1̅,C2/c,Cc,Pna21,Pbca). These space groups account 

for about 90% of the observed crystal structures for organic molecules. CSP calculations 

were performed using the UPACK (Utrecht Crystal Package) program.47 Solvent-free, 

initial candidate structures were generated using the UPACK’s random search technique as 

with Z’=1 molecule in the asymmetric unit.  During the random search, the molecule was 

kept rigid at its gas-phase DFT geometry while Lennard-Jones and Coulomb 

intermolecular parameters, taken from the OPLS_2005 force field48, were used to initially 

minimize the lattice energy by optimizing the unit cell vectors, angles and relative molecular 

positions and orientations. A number of 5 000 trial structures were generated in each space 

groups. 

  



 

 

 

 

 

 

 

Figure 6-3. Energy structure porosity map for cage CCXL. The relative lattice energy at DFT level 

is plotted as function of the PLD and color coded according to the density of each structure. 

 

All crystal structures generated in the above outlined procedure were subsequently refined 

using an improved lattice energy model. In particular, the dispersion-repulsion interactions 

were modelled using the Buckingham potential with the FIT parameters49 while isotropic 

electrostatic interactions were described with the Coulomb potential using point charges. 

The latter were obtained by fitting to the molecular electrostatic potential (ESP) of the 

M06-2X/6-311G** charge density. All the interatomic interactions were calculated using 20 

Å cutoff. Equivalent structures resulting from different initial trial structures were grouped 

together by using a clustering algorithm implemented in UPACK. The optimized structures 

were ranked w.r.t the energy of the global minimum. 



 

 

 

 

 

Finally, all structures identified within an energy range of 50kJ/mol from the global 

minimum were subsequently refined using periodic DFT-D3 with no symmetry 

constraints. The latter calculations were performed with the QuickStep module of CP2K50 

with PBE/TZVP-MOLOPT functional and basis set,51 D3 Grimme dispersion correction52 

and an energy cutoff of 600 Ry. 

Amorphous structures prediction. Models of amorphous phases of cage CCXL and CC3 (as 

reference) were generated using a multi-step molecular simulation protocol, similar to ones 

previously applied.¡Error! Marcador no definido. The simulations were carried out with the GPU-a

ccelerated version GROMACS v5.1.4,53 and employed the OPLS_2005 force field to 

describe bonded and non-bonded interactions.  

 

 

Herein, initial structure models were created by randomly replicating the lowest energy 

conformer of the cage was in a simulation box. Ten different replicas were created with 

target density of approximately 0.1 g/cm3 and containing 200 cages.  

Figure 6-4. Initial configuration for a water desalination simulation 



 

 

 

 

 

Then, initial 500ps MD simulations in the NVT ensemble were performed for all replicas 

to favour the formation of supramolecular cluster of cages. The temperature was kept fixed 

at 300 K with the V-rescale thermostat. They were then further submitted to a 

compression step by performing a 1ns high-pressure MD simulations in the NPT 

ensemble. The V-rescale and the Berendsen barostat were used to drive the system at 

equilibrium at 300 K and 1000 atm. Finally, a further 1.5 ns MD simulation was carried out 

to relax each replica at T=300K and P = 1atm thus reaching a reasonable target density 

comparable with experimentally measured density of other amorphous phases based on 

imine cages. The Berendsen barostat, more suitable to reach the equilibrium, was used to 

keep the pressure at 1 atm during the first 1ns. The following 0.5 ns of the simulation was 

performed using the Parrinello-Rahmnan barostat. The final snapshot of the latter 

simulations was chosen to represent each replica. 

 
2.3 Porosity characterization  

The porosity of the final set of DFT-D3 optimized crystal structures of CCXL as well as 10 

replicas of CCXL and CC3 were characterized using our open-source Zeo++ code54 while 

using its high accuracy mode.55 In particular, we calculated LCDs, pore limiting diameters 

(PLD) and accessible volumes (AV), the latter obtained for a probe of r=1.42 Å and while 

combining both probe-accessible and probe-inaccessible volume as defined in Ref. 54.  

Furthermore, the AV-corresponding pore size distributions (PSD) were calculated for 

amorphous systems. 

In the case of crystalline structures, the collected results were used to build the energy-

structure-porosity maps, depicted in Figs. 6-3 and 6-S1 and named after energy-porosity-

function maps introduced by the Day group,43 by augmenting the energy landscape with 

PLDs.  



 

 

 

 

 

2.4 Simulations of water desalination performance. 

Computational prediction of materials’ performance in water desalination application, due 

to its computational cost, was only performed for the most promising material candidates 

identified in the porosity analysis step. In particular, our analysis (to be outlined in the 

Results section) as well as experimental indications suggest that amorphous CCXL may be 

more suitable due to its significantly larger void fraction, which facilitates water flow, and 

likely easier synthesis (e.g. obtaining amorphous material is easier in the case of CC3 it does 

not require a long crystallization step). 

The protocol for amorphous structure prediction described in Section 2.2 was also 

employed to construct amorphous membrane models for CC3 and CCXL. Each of the 

models contained 200 cage molecules. The process of water desalination though these 

reverse-osmosis (RO) membranes was simulated using a model schematically represented 

in Fig. 6-4, similar to one employed in Ref. 40. Two chambers containing pure water (left 

part of Fig. 6-4) and a 0.6M NaCl solution modelling the seawater (right part of Fig. 6-4) 

were separated by an amorphous membrane. The size along the z-axis of the pure water 

and seawater chambers was set to 4.5 and 7.5 nm, respectively.  Two graphene sheets were 

added to limit the pure water and seawater chambers, and to simulate a pressure difference 

of 600 atms mimicking the RO process along the z-axis direction. The parameters for Na+, 

Cl- and the graphene atoms were taken from Ref. 40 while TIP3P potential was used to 

model water molecules.  

The desalination process was simulated for 60 ns at T=300K in the NVT ensemble in 

GROMACS. Temperature was kept constant with the V-rescale thermostat. For both CC3 

and CCXL membranes, three replicas were built and simulated. At the end of the 

simulations, the density profiles of water along the z-axis, the permeability and the salt 

rejection were computed to compare performances between CC3 and CCXL. Out of three 



 

 

 

 

 

replicas corresponding to each cage, the ones with the median permeability were selected as 

the most representative, with its characteristics discussed in the following sections.  

 

 

3. Results 

 

3.1 Crystal structure prediction and porosity characterization. 

The energy landscapes of CCXL are presented in Figs. 6-3 and 6-S1. In particular, Fig. 6-3 

presents the relative energy of the predicted structures w.r.t. the global minimum versus 

their PLDs and augmented with their corresponding density value. Although crystal energy 

landscapes are often represented as energy-density plots,  the energy-PLD representation 

allows us to better identify several local minima of the potential energy surface, featuring 

different porosity features. In particular, we can distinguish 10 local minima on the edge of 

the CCXL energy map on Fig. 6-3. These structures are numbered with index from 1 to 10 

corresponding to increasing values of the PLD. Representations of the unit cell of each of 

these structures are presented in Fig. 5 while their corresponding pore landscapes are 

presented in Fig. 6-S2. Table 6-S1 contains PLDs, LCDs and AVs. A part from the global 

minimum, CCXL-1, there is a clear correlation between the density and PLD, with denser 

structures exhibiting lower PLD values.  Structures CCXL-7,8,9 and 10 are expected to be 

porous to N2 as their PLD values are larger ( up to 5.5 Å) than the diameter of a N2 probe, 

i.e. 3.64 Å. Further inspection of these structures reveals that the large PLDs are attributed 

to 1-D channels, which are extrinsic to the cages. A similar feature was experimentally 

observed for the imine cage CC2 though the latter exhibited lower PLD of 3.9 Å. Although 

the bulky vertexes of CCXL cages block each others windows in 7-10, hindering the 

formation of porous networks involving the cages’ internal pores, such networks can form 



 

 

 

 

 

through dynamic effects, similarly to CC2, through the phenomenon known as “porosity 

without pores”.56 Finally, we finally note that all ten highlighted crystalline phases lie in a 

range of 30kJ/mol from the global minimum at the used DFT level of theory, the fact that 

makes these these structures likely-experimentally achievable through crystal engineering, in 

particular by involvement of solvents, which can stabilize phases with higher energy. For 

example, a recent work of the Day group highlights the case of an experimental polymorph 

of CC1 cage, which in CSP prediction (without solvent) was ca. 57 kJ/mol higher in energy 

than the identified global minimum.57 Ref. 57 also presents a computational framework for 

aiding selection of such phase-stabilizing solvents.  

Finally, having both the DFT-refined the initial classical FIT- based energy landscapes (Fig. 

6-S1 and 6-S3), it is possible to comment on the performance of the latter. There are 

significant differences in relative energies obtained with two approaches, which are 

manifested in greater energy range, ca. 80kJ/mol, in the DFT-refined landscape than 

50kJ/mol of the other. The DFT-refined energy landscape is also shifted towards higher 

densities, which were not accessible with rigid molecule models used within the classical 

approach. Finally, we note that the porous structures on the leading edge of the classical 

energy landscape are still on the leading edge of DFT-refined one despite their relative 

energy w.r.t. the new global minimum being higher at the DFT level. However, since our 

study is the first reported DFT-refined energy landscape of a large porous molecule, we 

refrain from generalizing our observations to other similar systems. 

 

 



 

 

 

 

 

 

3.2 Amorphous structure prediction and porosity characterization. 

Ten different replicas of amorphous phases of CCXL and CC3 cage solids materials were 

constructed following the simulation protocol discussed in Section 2.2 of the Methods section. 

Table 6-S2 summarizes the geometrical descriptors, including LCDs, PLDs and AVs. In Fig. 6-6, 

we present the pore size distribution averaged over all ten replicas of CCXL (blue) and CC3 

(orange) solids.  The main peak of each of the distribution is located in the range of 5-10 Å 

though, in the case of CCXL, it is shifted towards larger values of pore diameters. For both 

systems we observe small fraction of pores with very large diameters, i.e. near and above 20 Å. 

 

Figure 6-5. Illustration of 10 selected crystalline phases of CCXL. 



 

 

 

 

 

Due to the bulky vertexes of the cages, these large extrinsic pores are formed in the amorphous 

phases as results of the steric repulsion of the vertexes. This feature was also observed in the study 

by Evans et al.,22 in which it was also demonstrated that the absence of the said bulky vertexes, e.g. 

in CC1 cage material, promotes the formation of denser structures lacking very large extrinsic 

pores.  

The main difference between the CC3 and CCXL amorphous solids is observed in the middle 

region of the PSD plot, i.e. diameters in the range 10-20 Å. In the case of CCXL material, the 

distribution decays slower and is much broader, which reflects the fact that a larger fraction of its 

void space quantity corresponds to extrinsic porous channels. The latter feature has a direct 

consequence on the performance of these materials as porous membranes as discussed in the 

following section. Overall, amorphous CCXL is more porous than amorphous CC3 as well as 

crystalline CCXL1-10. The average AV is 1.6 and 3.9 times larger, respectively. 

 
3.3 Water desalination application. 

Models of amorphous membranes were generated for both CC3 and CCXL to compare their 

performance in a RO water desalination application. CC3 serves as a performance reference point 

as it has been recently shown to outperform commercial RO membranes.40 The simulation setup, 

outlined in Section 2.4, is depicted in Fig. 6-4. 

  



 

 

 

 

 

The density of water along the z-axis as a function of time and the net flow of water through the 

membrane from the feed chamber to the permeate chamber were extracted from the trajectory 

generated during the simulation. Fig. 6-7 presents the density profiles of water in CCXL (top 

panel) and CC3 (bottom panel) membranes as a function of simulation time. In the initial 

configuration there is no water in the membranes. Then, water starts to permeate, slowly migrating 

from the seawater chamber to the pure water chamber. In the case of CCXL, a steady state is 

reached in around 10ns, and it is characterized by the average density of water inside the 

membrane of approximately 400 kg m-3. In the CC3 membrane, water takes longer (about 20ns) to 

reach a steady state, which exhibits the average water density in the membrane of about 300 kg m-

3. The larger pores in the CCXL membrane are mainly responsible for the higher water density in 

the membrane when compared to the CC3 system. Variation of the water density within the 

membrane, i.e. along z-axis in Fig. 6-7, reflects the amorphous character of the membrane. 

  

Figure 6-6. Pore size distribution in amorphous CC3 and CCXL solids. Each PSD plot comprise 
10 replica representing each material. 



 

 

 

 

 

 

  

Figure 6-7. Density profile of water along the z-axis for CCXL (top)  and CC3(bottom) membranes 



 

 

 

 

 

Fig. 6-8 depicts the normalized net water flow,                 �̅�𝑊 = 𝑁𝑊/A, for CCXL and CC3 

membranes as the function of simulation time, where NW is defined as the number of net 

transferred water molecules through the membrane,  is the membrane thickness and A is the 

cross-section area of the membrane on the xy plane. In each case, a linear regime is achieved and 

maintained after initial 30 ns of the simulation. The slope of �̅�𝑊(t) at the steady state is steeper in 

the case of CCXL.  The water permeability, PW, can be estimated by the following expression 

 
 (1) 
 
 
 

where 𝑀𝑊 = 18.015 g/mol is the molecular weight of water, ∆𝑝 = 600 atm is the pressure 

difference and 𝜋 is the osmotic pressure of a solution of 0.6M of NaCl, which is about 30 atm. 

NWm corresponds to the net number of moles of water transferred through the membrane in the 

steady state in the time interval t. Following this procedure, the permeability of 14.95·10-7 

kg/(m·hr·bar) was determined for the CCXL membrane while 6.61·10-7 kg/(m·hr·bar) for the 

CC3 membrane. In both cases salt rejection, defined as in Ref. 41, is 100%. The water permeability 

larger by a factor of 2 is a direct consequence of larger porosity of the amorphous CCXL solid 

versus the corresponding CC3 solid. More generally, our study illustrates the capability of 

significant material performance improvements by tuning of the structure of its cage molecule 

building blocks.  

  

𝑃𝑊 =
𝑁𝑊𝑚 · 𝑀𝑊 · 𝜆

𝐴∆𝑡(∆𝑝 − 𝜋)
 



 

 

 

 

 

 

Figure 6-8. Normalized net water flow through the membranes as a function of time 

 

4. Conclusions 

 

We present a computational material discovery workflow for porous organic cage materials 

(POCMs). The workflow can be adapted to explore various POCMs of various modular 

chemistries and in the context of many engineering applications. Specifically, the current 

study is focused on a specific application of water desalination by a reverse osmosis 

membrane based on amorphous POCM. Our workflow has targeted large imine cages based 

on 1,3,5-triformylbenzene, and capable of forming materials with larger pores and better 

performance than the benchmark material, CC3. The later involves [4+6] cages formed by 

1,3,5-triformylbenzene and (R,R)-1,2-cyclohexomediamine.  

Through screening of PubChem database, we identified potential diamine building blocks of 

new imine cages. Then through in silico synthesis and characterization of the cages, we 

identified the largest cage that is rigid, and denoted it CCXL (Fig. 6-1). It involves 1,3-



 

 

 

 

 

adamantanediamine building blocks. This cage exhibits the internal pore diameters of 8.8 Å 

and the corresponding window diameter of 6.8 Å, respectively larger than the corresponding 

diameters for CC3, which amount 5.5 Å and 3.9 Å, respectively.  

We have predicted and characterized solid structures likely to be formed by CCXL. Through 

DFT-refined crystal structure prediction, we demonstrated that CCXL can form a number of 

synthetically accessible large pore crystalline phases exhibiting channels with pore limiting 

diameters of up to 5.5 Å, larger than reported for CC3 (ca 3.5 Å). We also demonstrated that 

the amorphous solids formed by CCXL have generally more porous than CC3, i.e. as 

identified by nearly 1.6 times greater void fraction.  

Finally, through an application of molecular simulations, we demonstrated that a reverse-

osmosis membrane for water desalination based on amorphous CCXL can reaches double 

the water permeability of the benchmark membrane based of amorphous CC3. The latter 

result is a direct consequence of increased porosity in CCXL w.r.t to CC3, achieving of 

which was the premise of our computational discovery study. Our study demonstrates that 

the computationally designed new cages can provide improved performance over more 

established cage materials such as CC3, water permeability of which has been shown to 

outperform commercial RO membranes.  
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6. Supporting information 
 

6.1 Structure files 

 

Tar archive with structures and tabulated energies can be downloaded from our repository: 

http://nanoporousmaterials.org/databases/ 

 

6.2 Figures and Tables 

 

 

Figure 6-S1. DFT-refined energy landscape of crystalline phases of CCXL with highlighted positions of 

the selected 10 phases. 
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Figure 6-S2. Illustration of pore landscapes for 10 selected crystalline phases of CCXL. Pore landscapes 

where obtained for a probe with a diameter of 2.2 Ang. Pore interiors are highlighted in red color. 

 

  



 

 

 

 

 

 

Figure 6-S3. Energy landscape of crystalline phases of CCXL obtained with classical force-field. 

 

  



 

 

 

 

 

Phase Density 
[g/cm3] 

Geometri
cal void 
fraction 

(probe 
r=1.42 Å) 

Largest 
cavity 

diameter 
[Å] 

Pore 
limiting 
diameter 

[Å] 

CCXL-
1 

1.09 0.03 6.35 1.56 

CCXL-
2 

1.05 0.04 5.92 2.05 

CCXL-
3 

1.07 0.03 6.05 2.49 

CCXL-
4 

1.05 0.03 5.91 2.66 

CCXL-
5 

1.02 0.04 5.99 3.00 

CCXL-
6 

1.02 0.04 6.09 3.63 

CCXL-
7 

1.02 0.05 5.99 4.14 

CCXL-
8 

0.98 0.06 6.26 4.50 

CCXL-
9 

1.00 0.06 6.18 4.98 

CCXL-
10 

1.00 0.05 6.14 5.14 

Table 6-S1. Porosity descriptors for 10 selected crystalline phases of CCXL. 

 

 

Material Replica 
ID 

Density 
[g/cm3] 

Geometrical 
void fraction  

(probe r=1.42 Å) 

Largest 
cavity 

diameter [Å] 

Pore limiting 
diameter[Å] 

CC3 1 0.76 0.12 13.43 3.92  
2 0.77 0.11 12.84 4.11  
3 0.79 0.09 10.82 3.63  
4 0.79 0.09 11.47 3.73  
5 0.77 0.10 11.54 4.36  
6 0.78 0.10 12.92 4.12  
7 0.77 0.10 12.97 4.15  
8 0.74 0.14 23.31 3.79  
9 0.78 0.10 11.73 3.86  
10 0.78 0.10 12.21 3.88 

CCXL 1 0.72 0.20 21.86 6.65  
2 0.76 0.17 19.80 5.54  
3 0.75 0.17 15.04 5.66  
4 0.76 0.16 15.84 4.52  
5 0.75 0.17 15.88 6.14  
6 0.74 0.18 16.93 5.60  
7 0.77 0.16 16.86 5.14 



 

 

 

 

 

 
8 0.76 0.17 18.50 5.70  
9 0.76 0.16 15.53 5.66  
10 0.78 0.14 15.65 4.57 

Table 6-S2.  Geometry-based characterization of replicas representing amorphous phases of CC3 and 

CCXL.  
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Abstract: Porous molecular crystals are rare. They can sometimes be obtained by 

crystallization from a specially selected solvent, in which case they may lose their porosity 

upon solvent removal. By using an example of a molecular belt that suffered from this 

phenomenon, we demonstrate a structure modification that renders the molecule into a 

stable supramolecular nanotube crystal.  

 

 

 

 

 

 

  



 

 

 

 

 

1. Full work presentation 
 

Molecular belts, i.e. organic macrocycles with permanent cavities accessible from two 

opposing windows, have drawn researchers’ attention over the last 20 years for their ability 

to spontaneously assemble into supramolecular nanotubes with potential applications in 

molecular or ion transport, separations, storage, encapsulation, molecular recognition as 

well as chemical reaction vessels1. 

Molecular belts can stack into tubular structures by the means of hydrogen bonds, -

interactions, chalcogen and halogen directional interactions2. However, the same 

intermolecular interaction may drive the molecular assembly towards more dense and non-

porous structures. It is often up to nuances in the molecular geometries to favor one form 

over another, or alternatively allow for polymorphism. Crystal engineering techniques are 

used to steer crystallization towards porous phases, i.e. solvent molecules can stabilize the 

porous structure by occupying the voids3,16. In many cases, however, later removal of the 

solvent from the crystal will perturb the thermodynamic stability of the crystal phase, thus 

inducing a structural transition to either a denser phase or to an amorphous phase, thus 

affecting the porosity of the material. Indeed, obtaining stable porous crystals made of 

intrinsically porous molecules is considered a great challenge3. 

The outlined scenario applies to the pyromellitic diimide-based macrocycle molecule, 

denoted M1, presented in Figure 7-1. Molecule M1 was synthesized for the first time by 

Iwanaga and co-corkers in 2006 as a structural unit aimed at forming molecular tubes in the 

crystalline phase for the inclusion of organic molecules2e,2f.  In their work, the authors were 

able, by tuning the solvent used for crystallization, to form several guest-host crystal 

complexes in which the host molecules M1 regularly stack to form tubular structures (left 

panel in Figure 7-2).  Solvent molecules are entrapped inside and in between the tubular 



 

 

 

 

 

cavities and in between thus promoting the assembly of the molecular nanotubes with 

coaxial channels. The host(i.e. M1)-guest crystal complexes were deposited in the 

Cambridge Structure Database (CSD) under the following IDs: YELKUW, YELLAD, 

EHETIV depending on the solvent used4.  We characterized the porosity of the 

aforementioned experimental structure after manually removing the solvent molecules. The 

corresponding Pore Limiting Diameter (PLD) and the Largest Cavity Diameter (LCD) was 

calculated using our Zeo++ program5. The pairs (PLD,LCD) for YELKUW, YELLAD 

and  EHETIV are respectively: (4.95Å, 6.49Å), (6.52Å, 7.86Å) and (5.09Å, 7.85Å). We note 

that the LCD values are close to the value of the pore diameter of the lowest energy 

conformer of M1 in the gas phase6 (Figure 7-1).  

To underline the role of the solvent as a ‘glue’ stabilizing the nanotube-like supramolecular 

assembly in the crystal phase, we studied the thermal stability of the above mentioned 

desolvated structures by performing molecular dynamic (MD) simulations at T=300K and 

P=1atm.  MD simulations were performed with the GROMACS package10 and the 

molecules modeled with the OPLS_2005 force field, which has been successfully applied to 

investigate the thermal stability of porous molecular materials with similar chemistry11. At 

the end of a 1 ns MD simulation we observed that the original crystal symmetry was 

completely destroyed, and that the system transitioned to a denser phase with a severe 

disruption of the 1-dimentional stacking order (Figure 7-2 right panel). A similar 

phenomenology was also experimentally observed for the supramolecular xerogel phase 

obtained from a hot solution of M1 in N,N-dimethylaniniline2e. After solvent removal by 

drying in vacuum, the height of the peaks in the XRD spectrum corresponding to the 

tubular stacking, dramatically decreased and broadened thus indicating a partial loss of the 

molecular stacking order.   

To further investigate the stability of desolvated crystal phases of M1 and their 

corresponding porosity properties, we performed a computational study by means of 



 

 

 

 

 

crystal structure prediction (CSP) calculations. Recent experiments demonstrated that 

extrinsic porosity of organic cages materials can be enhanced by fine tuning the vertex 

functionality of the cages12.  On the other hand, the presence of peripheral groups on the 

perimeter of the cage windows can affect the porosity properties of the material by partially 

blocking the accessible windows and preventing the formation of guest-accessible channels 

connecting the molecular pores. For this reason, we included in our CSP study a tuned 

version of M1, denoted M2 (Figure 7-1 right panel), in which the methoxy side groups 

where removed from the molecule’s benzene rings. Side-by-side comparison of M1 and M2 

allows assessment of the role of side groups on the phase stability and porosity properties 

of the material.  

CSP methods have been successfully applied to guide the experimental discovery of porous 

molecular crystals with enhanced porosity and gas selectivity properties11,13.  CSP results are 

typically presented as energy landscape, i.e. plot of predicted lattice energy w.r.t structure 

density for each predicted phase. The set of structures with the lowest predicted energy at a 

certain density constitutes what is called the leading-edge of the energy landscape. 

Experimental accessible structures are often identified in this region of the landscape11,14. It 

is not unusual for porous molecular materials to observe low density polymorphs within an 

energy range of up to 50kJ mol-1 11,13 from the lowest predicted structure and a relative 

energy difference that can exceed 20kJ mol-1 14. Our CSP approach performs a static lattice 

energy minimization of previously random generated trial solvent-free structures in the 

most common space groups (P21/c, P-1, P212121, P21, Pbca, C2/c, Pna21, Cc, Pca21, 

C2,P1, Pbcn, Pc) which account for 90% of the observed organic molecular crystals with 

one molecule in the asymmetric cell. Calculations involve the UPACK15 (Utrecht Crystal 

Package) program suite and the OPLS_2005 force field to model the lattice energy. 

Geometrically equivalent structures are grouped after the minimization by means of a 

clustering algorithm based on interatomic distances.  Even though our method only 



 

 

 

 

 

involves one molecule per asymmetric cell and does not include solvent, it was able to 

predict the solvent induced polymorphism observed experimentally for organic porous 

cage molecules9. The porosity of the predicted structures was characterized in terms of 

PLD and LCD by our Zeo++ program5. The obtained energy landscapes for M1 and M2 

are presented in Figure 7-3.   

 

 

Figure 7-1. Pytomellitic diimide-based macrocycles studied in this work. Grey, blue, red and white 

represent carbons, nitrogen, oxygen and hydrogen atoms, respectively. The pore diameters of the 

lowest energy conformers of M1 and M2 measured with our tool are 8.72Å and 8.64Å respectively. 

  



 

 

 

 

 

 

Figure 7-2.  Snapshots of of YELKUW crystal structure at the beginning (left panel ) and at 

the end (right panel) of a 1 ns length  MD simulation. The simulation involved a 3x5x3 

supercell with 180 porous molecules (no solvent) run at T = 300 K and P = 1atm. 

 

The crystal energy landscape for M1 (top panel in Figure 7-3) resembles the typical one 

observed for organic molecules. The leading-edge of the landscape as a function of density 

decreases almost monotonically and the majority of the predicted structures are non-

porous. Phases corresponding to 1D supramolecular nanotubes locate in the upper-left 

region of the plot, with the relative lattice energy above 40kJ/mol, which is in line with 

experimental observations of lack of stability upon solvent removal. In contrast to M1, the 

energy-density plot of M2 (bottom panel in Figure 7-3) shows a very different features.  

One can clearly distinguish two branches, a low density one ( < 1.2 g cm-3) and a high 

density (> 1.2 g cm-3) one. A more detailed inspection of the energy-density plot reveals 

that several low-density structures, with density around 1.15 g cm-3, are predicted in the low 

energy region of the landscape, i.e. ca. 20 kJ mol-1 with respect to the lowest energy phase. 

By inspecting the PLDs of the structures included in the energy landscapes in Figure 7-3 

we defined the -phase and the -phase as the lowest energy predicted structures with 

PLD larger than the 2.32 Å and 4.95 Å, respectively. The first threshold at 2.32 Å 



 

 

 

 

 

represents the PLD of the experimental polymorph CC1- of the imine cage CC1, which is 

porous to H2.
16  The second threshold value of 4.95 Å corresponds to the PLD of the 

YELKUW experimental structure of M1 without solvent. Structures with PLD above the 

latter threshold are expected to feature 1D tubular channel due to stacking of the 

molecules. The predicted  -phases for M1 and M2 both lie in the leading-edge of the high 

density region of the landscape (labeled and indicated in Figure 7-3). The corresponding 

value of the LCD are less than half of the pore diameter of individual molecules of M1(M2) 

thus suggesting the lack of parallel stacking of the molecules as confirmed by visual 

inspection of the structures (Figure 7-4 top panel).  

 

 

Figure 7-3. Energy landscape of molecule M1 (top) and M2(bottom). The -phases and the -

phases are labeled and indicated.  Each symbol is color coded according to the PLD value of the 

corresponding crystal structure. 

 

These findings agree with the results of the MD simulations discussed above. The 

predicted low-density -phases (Figure 7-4 bottom panel) also belong to the leading-edge 

of the landscape. In particular, the -phase of M2 represents the lowest energy minimum in 



 

 

 

 

 

the low-density branch of the landscape. Closer inspection confirms that 33% of the 

predicted structures within  E < 50 kJ mol-1   lie in the low density branch (density <1.2 g 

cm-3 ), with a PLD larger than 4.95 Å and 1-dimensional  channels formed by parallel 

stacked M2 molecules. On the other hand, the -phase of M1 lies 45.88 kJ mol-1 above the 

energy of the global minimum and that only 0.6% of the predicted structures with E < 50 

kJ mol-1 features a PLD larger than the threshold of 4.95 Å. The presence of the methoxy 

groups in M1 frustrate the parallel stacking thus favoring a higher density packing with 

interpenetration of the molecules. 

The thermal stability of both  and   polymorphs of M1 and M2 was assessed by 

performing MD simulations at 300K and 1atm.  Visual inspection of the snapshots at the 

beginning and the end of 1 ns second simulations confirmed that the -structures are stable 

and maintain their spatial order with a decrease of the density of approximately 2% due to 

temperature effects. 
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Figure 7-4.  Predicted lowest energy crystalline structures for M1-M2 with PLD above the threshold value 

of 2.32Å ( phase) and 4.95Å ( phase), respectively. 

 

  



 

 

 

 

 

In conclusion, we have employed a CSP approach to study the energy landscapes of two 

molecular belt molecules, which are expected to form porous crystal structures featuring 

1D coaxial channels. The analysis of the energy landscape of M1, together with a MD 

simulation, confirms the previous experimental observation that porous M1 phases lack 

long range tubular order upon solvent removal. However, we demonstrated that a version 

of M1, denoted M2, which lacks the methoxy groups of its structure, may form stable 

phases with 1D tubular channels. We expect that this phase can be experimentally obtained 

through a routine crystal engineering procedures. Furthermore, our hybrid CSP/MD 

approach can help to assess the stability of other experimentally accessible porous 

molecular crystals that feature solvent molecules in the cavities and assist experimentalists 

with tuning the intramolecular architecture of a molecule in order to obtain more stable 

and porous crystalline phases. 
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3. Supporting information 
 

3.1 MD simulations to assess the thermal stability of desolvated crystal structures. 
 

In order to investigate the thermal stability of the experimental crystal structures of 

M1(CSD Refcodes: YELKUW, YELLAD, EHETIV) we first manually removed the 

solvent molecules from the the corresponding CIF file downloaded from Cambridge 

Structure Database (CSD) to create a fully desolvated structure. In figure S1 we depict a 

projection along the b-axis of the filled unit cell of YELKUW including solvent (left panel) 

andwithout solvent (right panel).The desolvated structures were then used to build a 

supercell (see Fig. S2 top-leftpanel as an example for the desolvated YELKUW structure) 

containing 180 molecules and that constituted the starting point of the molecular dynamic 

(MD) simulations withperiodic boundary conditions carried out with the GROMACS 

package. A time step of 1.5 fs was used and the Berendsen thermostat and barostat were 

employed to keep the system at P=1atm and T=300K. The OPLS_2005 force field was 

employed to model both inter and intramolecular interactions. At the end of a 1ns length 

simulation we visually inspected the last snapshot and we observed that the system lost the 

initial symmetry and evolved to a denser phase, with an increase of about 15 % in density 

and a decrease of about 50% in the value of the PLD. The same simulation protocol 

involving the construction of a supercell (Fig. S2bottom panel) and the subsequent MD 

simulation was also applied to assess the thermal stability of the crystal phases M1, M2, 

M1 and M2 (Figure 3 in the main text)predicted by our CSP approach described in the 

main text and section  

As an example, in the bottom panel of figure S2 we depict a 4x5x4 supercell (180 

molecules) of the predicted M1 structure (see section S5 for the corresponding 

crystallographic information) at the beginning (left) an at the end (right) of a 1ns MD 



 

 

 

 

 

simulation at P=1atm and T=300K. Simulations details are described above. In this case, at 

the end of the simulation run we observe that the system still conserves the initial 

symmetry, the density decreases of a 2.5 % due to thermal effects and that the value of the 

PLD barely changes. 

 

Figure 7-S1. Projection along the b-axis of the filled unit cell of the experimental structure 

YELKUW including solvent (left panel) and without solvent (right panel). Hydrogen atoms are not 

included for clarity 

3.2 Single molecule conformational analysis 
 

The coordinates of molecule M1 and M2 where first generated with the Schrodinger’s tool 

LigPrep (1), which is a robust collection of tools designed to prepare high quality, all-atom 

3D structures for molecules of up to 900 atoms, starting with SMILES sequences, 2D or 

3D structures in SD (.sdf) or Maestro (.mae) format. The molecules generated with LigPrep 

where submitted to a conformational search routine that performs an initial cycle of several 

short MD simulated annealing runs followed by a conformational sampling by means of 

the LargeLow-Mode sampling technique implemented in the Schrodinguer’s MacroModel 

suite (1). The conformational search uses the OPLS_2005 force field (FF) to model 

intramolecular degrees of freedom and non-bonded interactions. The OPLS_2005 FF is an 

enhanced version of the original OPLS force field, and is developed by the Schrodinger 



 

 

 

 

 

company to provide a bigger coverage of organic functionality. In particular, intramolecular 

parameters have been fit to reproduce the conformational energies derived at a higher level 

of quantum theory for a large set of organic molecules.  

 

Figure 7-S2. Top panel: Projection along the b-axis of a 3x5x3 supercell of the manually 

desolvated experimental YELKUW structure at the beginning (left) an at the end (right) of a 1ns 

MD simulation. Bottom panel: Projection along the b-axis of a 4x5x4 supercell of the predicted 

ßM1 structure at the beginning (left) an at the end (right) of a 1ns MD simulation. 

To assess the quality of the intramolecular modeling provided by the OPLS_2005 force 

field the generated conformers of M1 and M2 within an energy range of 30kJ/molfrom the 

lowest energy one where subsequently optimized with DFT-B3LYP/6-31G* calculations 

performed with the Schrodinger’s Jaguar ab-intio package (1). In figure S3 we depict the 

comparison of the OPLS_2005 conformers (red lines) to the DFT-optimized ones (blue 



 

 

 

 

 

lines) and we quantify the structural differences by measuring the Root-Mean-Square-

Deviation (RMSD) of atomic positions for heavy atoms. The agreement is good for both 

M1 and M2 low energy and high energy conformers.  

 

Figure S3. Overlay of the molecular geometries of the OPLS_2005 conformers (blue) and the 

corresponding DFT-B3LYP/6-31G* optimised ones. The values of the Root-Mean-Square 

deviation of atomic position show good agreement. 

Finally, we note that the diameter of the cavity of both lowest energy conformers(∆E= 0.0 

kJ/mol) of M1 and M2, measured with our pore detection algorithm described in Ref. 2, 

takes the value of 8.62Å and 8.74Å. The intrinsic molecular pores of the high energy 

conformers(∆E= 22.3 kJ/mol for M1 and ∆E = 19.4 kJ/mol for M2) are smaller though, 

their diameters take the values of 6.2Å and 6.3Å for M1 and M2, respectively. The 



 

 

 

 

 

molecular geometry of the lowest energy conformer where adopted to start the initial 

random search at the beginning of the Crystal Structure Prediction procedure. See section 

S3 for further details. Further technical details about LigPrep, MacroModel conformational 

tool and our pore detection algorithm can be found in the ESI of Ref. 2. 

3.3 Crystal structure prediction 
 

Crystal structure prediction (CSP) calculations presented in this work were performed using 

a random search technique implemented in the UPACK (Utrecht Crystal Package)program 

suite (3). UPACK provides hypothetical crystal structures by approximating the free energy 

of the crystal with a static lattice energy and minimizing it by using a molecular force field 

(FF). The latter is defined as the sum of an intermolecular potential, consisting of van der 

Waals and Coulomb terms, and a combination of intramolecular energy terms, which 

account for molecular flexibility. We employed the widely used transferable OPLS_2005 

force field to model the lattice energy for the systems considered in this study. In the 

OPLS_2005-FF framework, the intermolecular potential energy is modeled as the sum of 

Lennard-Jones and Coulomb terms while intramolecular interaction includes stretching, 

bending and torsional terms. As stated above, static lattice energy minimization is at the 

core of the UPACK method for crystal structure prediction simulations. Energy 

minimization steps are normally performed by a combination of the steepest descendent 

method followed by a 4. 

certain number of conjugated gradient minimization steps. Intermolecular interactions are 

truncated at a certain cut-off based on the charged groups distance and the Ewald 

summation method is employed for Coulomb and Lennard-Jones r-6 dispersion terms. A 

full CSP study with UPACK was carried out in three steps: 

 



 

 

 

 

 

1. In the first step, we generated candidate structures (5000 are usually sufficient) by 

means of a random search method combined with a rough energy minimization 

(using a cut-of 8Å for intermolecular interactions). Initial structures are generated 

for a set of selected space groups with Z’=1 molecules in the asymmetric unit. The 

number of degrees of freedom for the random search comprehends up to 6 

variables for the unit cell plus 6 degrees of freedom that describe global translation 

and rotation of the molecule in the unit cell. For molecules with rotatable bonds 

further degrees of freedom are considered during the random search to account for 

different molecular conformations. The total number of degrees of freedom, D, 

cannot be arbitrarily large for the random search method to be successful. Indeed, 

it was empirically noticed9that the random search method started to fail when the 

total number of random variables is around 20. 

2. During this step, a minimization of the static lattice energy with a larger cut-off of 

20.0Å w.r.t all the degrees of freedom was used to further refine the structures 

generated in Step 1. 

3. Equivalent structures resulting from different initial orientations of Step 1 were 

grouped together by the means of a clustering algorithm based on interatomic 

radial distribution functions as implemented in UPACK. The final set of unique 

structures was finally ranked according to their lattice energy relative to the lowest 

minimum found. 

 

Our aforementioned procedure was tested and validated by performing the CSP 

calculations for the well-known porous imine cage CC1. CC1 cage molecule is one of a 

series of porous organic shape-persistent cages with large internal cavities synthesized in 

the group of Prof. Cooper of University of Liverpool, UK. These molecules have been of 



 

 

 

 

 

great interest especially for their capacity to tune porosity when exposed to different 

solvents (4). In our CSP validation study the two experimentally observed desolvated 

polymorphs CC1-’ (non-porous) and CC1-’(H2selectively porous) were predicted in the 

leading-edge of the low energy region of the energy landscape. More details about our 

validation procedure can be found in the ESI of Ref. 2Motivated by the results for porous 

cage CC1, we decided to apply UPACK prediction procedure to study the porosity 

properties of the predicted structures for the molecules M1 and M2 introduced in the main 

text. 

 

3.4 H-bond patterns in the M2 predicted structure. 
 

In the case of theM2 crystal phase, the lack of methoxy groups in M2 (w.r.t M1)enables 

the formation of intra (blue dashed line in Fig. S4) and inter-molecular (red dashed line in 

Fig. S3) hydrogen bonds (HB) by pairing the acceptors oxygen atoms with the phenyl H 

donor atom. According to the following geometric definition an HB is formed if the 

distance H··O is less then 2.6 Å and the angle CH··O is larger than 90 ̊(5,6) 

 

3.5 Crystallographic information for the predicted structures M1, M1, M2, M2 
 

Can be found online: http://www.rsc.org/suppdata/c7/ce/c7ce01679d/c7ce01679d5.pdf 
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Abstract  

Porous molecular belts are a common type of porous molecules that can be assembled into 

nanotube porous crystals for various applications. The inherited nature of crystal porosity 

allows exploiting molecular properties in order to fine-tune the nanotube crystals for 

specific applications. However, molecular features determining nanotube formation remain 

unclear. Molecular shape has been suggested as a potential aspect determining packing at 

crystal level, but this hypothesis has not yet been tested. In this work, we define the first set 

of methods to characterize the shape of molecular belts, demonstrating their application to 

discover nanotube crystals by screening large datasets. Moreover, we introduce and 

characterize (in terms of porosity, shape and chemistry) the largest available repository of 

molecular belts, with 4412 molecules mined from the PubChem dataset. With this study, 

we show that molecular shape can play a major role in solid-phase assembly of porous 

molecular materials, opening new avenues in molecular characterization and material 

discovery.  
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1. Introduction 

Molecular belts are defined as macrocycles with permanent cavities that can be accessed 

from two windows. These molecules have been of interest due to their capacity to capture 

chemical species within the opening of their structures. Crown ethers are a prime example 

of such species, and have been investigated, designed and used to capture ions from the 

solution for decades.1,2 Interestingly, there are new application opportunities for molecular 

belts in the context of porous molecular materials, in which molecules with permanent 

internal voids assemble into solids with exploitable porosity in applications such as 

molecular separations, storage, ion transport and sensing. Typically, porous organic cage 

materials, i.e. based on molecules with internal cavity accessible by at least 3 windows, have 

been considered in this context, 3,4 whereas molecular belts have been less explored. There 

have been reports of their window-to-window assemblies forming nanotube-like solid 

structures. Numerous experimental examples of such structures exist in the literature.5–8 

For instance, Sakamoto et. al. assembled molecular belts formed by benzene rings into 

crystals with high adsorption capacity7. In another work, Kameta et. al. introduced artificial 

chaperones based on hydrogel nanotubes. 8  

The ability of molecular belts to assemble into tubular structures relies on weak 

interactions, and sometimes on the presence of solvent.9–11 In a recent work, we discussed a 

set of three known crystals that showed nanotube-like crystal structures.12 All three 

presented noria-like shapes (i.e. molecular belts with high symmetry and three wide 

corners) and showed nanotube structure in presence of solvent. In that study, we proposed 

a modified version of these molecules that retained the noria-like shape forming a 

nanotube crystal structure in the absence of solvent. This study illustrated how molecular 

shape affects the macromolecular arrangements with exploitable porosity.  
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Thus far, the characterization of molecules with voids has been mostly focused on the 

internal cavity due to its importance in the context of porous solids. Previous works in this 

direction include efforts from Miklitz et. al., that characterized molecular pore and 

windows for cage molecules by combining information about the center of mass of the 

molecule and a Monte Carlo approach to scan its vicinity to detect windows.13 Another 

approach, taken by our group, incorporated the Voronoi tessellation to improve detection 

of void spaces within the molecular framework, and the definition of Pore Exposure Ratio, 

allowing for discrimination between porous and non-porous molecules.14  These efforts 

focused on detection of cavity and characterization of size and its accessibility to guest 

molecules. In a recent article, Sturluson and coworkers introduced a method to characterize 

shape of cavities of molecular cages.15 They utilized singular value decomposition to 

construct the latent space of the screenshots of molecular cavities, for a total of 74 cage 

molecules, obtaining a clean space where similar cage molecules appeared together. The 

rather small set of molecules used to train the space is the main limitation of their 

approach.  

Molecular cavity in belts heavily determines their application. Thus, there have been 

numerous efforts to combine different chemistries in order to design it. For instance, Sung 

Kuk et. al. introduced a method to tune calix[4]arene cavities using different ion pairs.16 In 

another work, McCann et. al. introduced computational methods to tune bis-phosphine 

oxide based molecular belts for extraction of lanthanides.17  

In this article, we introduce a geometry-based analysis of the shape of molecular belts. Our 

approach generates a set of four descriptors that encode key aspects of the molecules’ 

shape. The goal is to produce molecular descriptions that allow characterization of large set 

of molecular belts such as those deposited in PubChem, a repository c.a. 94M molecules, 

being a representation of all molecules considered by chemists up to date. 18 In previous 
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works, our group screened this dataset, with focus on porous organic molecules (including 

both cages, belts and other molecules such as bowls and molecules with inaccessible pores, 

e.g. fullerenes). From those studies, we extracted a set of porous molecules,19 out of which 

4412 are molecular belts. This is the largest available repository of molecular belts. Previous 

efforts to construct repositories porous molecules led to repositories containing, 

respectively, 41 porous molecules,13 and 481 porous crystals,20 out of which only 50 

(~10%) were formed by porous molecules, and only 15 (~3%) were molecular belts. Thus, 

our repository increases by two orders of magnitude the size of similar existing repositories 

in current literature. We demonstrate our tools through the analysis of our repository of 

molecular belts, including: (1) a description the set of molecular belts in terms of their 

molecular shape, studying the distribution of the different descriptors introduced; (2) study 

the capacity of novel descriptors to identify categories of molecules within molecular belts; 

(3) observe the relationships between molecular porosity and molecular shape in molecular 

belts using classical statistics; and (4) analysis of the chemistry of the molecules deposited. 

We further, demonstrate the application of our descriptors via screening of molecular 

candidates with given shape properties, shared with noria-like molecules previously 

discussed (Bernabei et. al. 12), to discover nanotube crystals in the Cambridge Structural 

Database (CSD).21  
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2. Materials and Methods 

By observing multiple examples of molecular belts, we have identified typical geometrical 

features that both allow classifying the shapes and are natural to the way in which chemists 

view and describe these molecules.  

1. Number of corners: This corresponds with the number of vertices of the geometry 

(e.g. a triangular molecule will have three corners). 

2. Wideness of corners: Our observations revealed that these corners may not be 

vertex-like, but rather wide.  We want to distinguish, for instance, noria-like 

molecules from triangular molecules. 

3. Elongation: Some molecules present a more elongated shape (e.g. rectangular 

molecules) and we want to consider this feature.  

4. Regularity: The shape of molecular belts is not always identifiable with a particular 

geometrical object geometry. 

In the following sections, we introduce a set of descriptors that capture these features, and 

algorithms to compute them. To validate our algorithms, we analyze several molecular 

examples, comparing descriptor values with visual inspection.   

2.1 Molecular shape analysis 

The underlying geometry of molecular belts is 2-dimensional; thus, we can obtain 

information about the shape by analyzing a projection of their top view. Additionally, we 

can approximate the overall geometry of the molecules by constructing a minimal error 
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ellipse w.r.t. the atoms’ projections. This ellipse will leave all corners outside, facilitating 

their identification. 

2D projection and minimal error ellipse.  To obtain a projection that properly resembles 

the shape of the object, we rotate the molecule using its largest entry path (an edge 

connecting the cavity with the surroundings, while keeping maximum distance with atoms; 

it is computed with Molipor19) to determine the rotation. Both the molecule and the entry 

path are rotated together so that the entry path gets aligned with the Z-axis. This rotation 

produces a top-view of the molecule’s atoms. These are then projected on the XY-plane, 

i.e. an atom with coordinates , is projected into . This set of 2D coordinates 

is used to compute the minimal error ellipse. This done with help of a numerically stable 

method based on direct least squares. 22 The minimal error ellipse is defined by an 

equation with of the following form: 

    (1) 

External elliptical sharp regions (EESR). Using equation (1), we define the following function: 

   (2) 

We want to identify the clusters of atoms external to the ellipse, each capturing a corner of 

the molecule. To do so, first, for any atom projection point pa, it is classified as being inside 

the ellipse as follows: 

    (3) 
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where c is the center of the ellipse. Now, we apply DBSCAN for all  (i.e. for every 

external point). The distance function used is the polar angle, , with two points being 

clustered together if , where  is the difference in polar angle between these 

two points (module ). The minimum number of points to define a cluster is one, as a 

single atom can define a corner of a molecule. The number of clusters defines our first 

descriptor, the External Elliptical Sharp Regions (EESR). 

      (4) 

The EESR captures the number of corners the molecule has, capturing an important aspect 

of its geometry. Thus, molecules with triangular shapes will have EESR=3, whereas 

squared and rectangular molecules will have EESR=4, and so on. The process of 

computing EESR is depicted in Figure 8-1. 

Arc proportion. We introduce a new descriptor named arc proportion. This descriptor is a 

number between 0 and 1 that reflects how wide corners are (the closer to 1, the wider). 

Formally, it is the proportion of the  arc surrounding the center of the molecule covered 

by corners. To obtain the arc proportion, we first compute the arc covered by each corner, 

i.e. the arc difference between the leftmost (clockwise) and the rightmost (clockwise) points 

of the corner. Formally, this is defined as: 

  (7) 

The CA value is the difference between the maximum and minimum angles within the 

points of the cluster, corrected if the cluster is in the region of periodicity of polar 
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coordinates. Let CAi be the arc covered by the i-th cluster. Then, the arc proportion is then 

defined as: 

        (8) 

Ellipse ratio. This descriptor accounts for the elongation of the molecule. Let  be the 

major radius of the ellipse , and  be its minor radius. The ellipse ratio is computed as 

the ratio between the major and the minor radii of , i.e: 

        (9) 

2.2 Algorithm implementation and datasets 

We compute descriptors of molecular porosity using Molipor19. In particular: (1) the 

molecular largest cavity diameter (mLCD), i.e. the largest sphere that can lie within the 

molecule; (2) the pore exposure ratio (PER), a number determining how exposed the cavity 

is (0 totally surrounded, 1 totally exposed); (3) the number of windows of the molecule; (4) 

the entry paths to the molecule (i.e. the minimal collision trajectories for molecular probes 

that enter the molecule);  (5) the internal surface area, i.e. the surface of the atoms placed 

inside the molecule; and (6) the maximum window size, i.e. the diameter  of the largest 

window of the molecule. We introduce a repository of 4412 molecular belts.  These are 

extracted from our repository of 6020 porous molecules mined from the PubChem 

database. The default output from PubChem are the lowest energy conformers available, 

and these are the candidates deposited in our repository and used for descriptor calculation. 

Our repository of molecular belts consists of molecules selected via chemical filters (e.g. 

molecules with >50 atoms, organic, etc.) and further characterized molecular porosity using 

Molipor. We deposit all molecules presenting PER < 0.45, mLCD > 1.0 A and exactly 2 

windows. Our molecules are presented as SDF files, alongside tabularized data files 
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containing molecular descriptors. We implement a GitHub repository in which, with help 

of version control, older files are kept after changes in the records (due to, e.g. refinement 

of molecular structure via more accurate estimation or experimental measure, algorithm 

refinement, etc.).  

We demonstrate the applications of the introduced tools by characterizing the repository of 

molecular belts, comparing with the information provided by porosity descriptors. We 

apply both classical statistics and unsupervised learning techniques, namely principal 

component analysis (PCA)23 and density-based cluster analysis (DBSCAN).24 

All the statistical analyses done in this work are performed with R (version 3.6.1) and 

RStudio.25  We implement an R library that computes the shape descriptors for molecular 

belts, based on output description provided by our tool Molipor. 

3. Results & Discussion 
 

3.1 Shape descriptors validation 

We validate the proposed shape descriptors over a diverse set of molecular belts. In Figure 

8-2, molecules with different shapes are shown, alongside their descriptors. From the 

Figure, it can be seen that triangular molecules (e.g. Fig. 8-2a) have EESR = 3, whereas 

squared and rectangular molecules (e.g. Fig. 8-2f, 8-2g) have EESR = 4, and so on. Thus, 

the EESR captures the number of corners of the molecules. Certain molecules present 

“wide corners” (e.g. Fig. 8-2b, 8-2d), placed outside the ellipse and clearly separated among 

each other. The arc proportion allows discrimination between molecules with sharp and 

wide corners (e.g. Fig 8-2a and 8-2b present molecules that are very different but have 

similar EESR and ellipse ratio). Finally, the ellipse ratio identifies molecules that are more 

elongated. For instance, Fig. 8-2f and 8-2g present, respectively, a rectangular and squared 
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molecule, with equal EESR and similar arc proportion. The ellipse ratio successfully 

differentiates these molecules. In our inspection of the dataset, we identified some issues 

on the algorithms. Having a poor projection of the molecule on the XY plane due to an 

anomalous entry path is one of the main. These are rare cases that cannot be considered 

molecular belts (e.g. molecules with 2 windows but presence of side groups that break the 

belt shape) and can be detected and filtered out by combining Molipor descriptors and 

information about the minimal error ellipse.   

3.2 Shape description of molecular belts 

We characterize the set of 4412 molecular belts and further examine their shape descriptors 

from a statistical perspective to gain an insight on the information they add (e.g. compared 

to porosity descriptors). Our results are summarized in both Fig. 8-3, and in Table 8-1. In 

Fig. 8-3a, a bar plot representing the number of molecules within each value of EESR is 

presented. It can be seen that molecules with 4 elliptical sharp regions predominate, 

followed by those with 3, 5 and 6 regions. In other words, molecules that are 

(approximately) squared/rectangular, triangular and pentagonal are more common in the 

dataset. The plot resembles a normal distribution, thus we run the Shapiro-Wilk test for 

normality, obtaining a p-value of 0.00059, which confirms this observation. In Table 8-1, 

we present the main statistics for the three continuous shape descriptors: arc proportion, 

ellipse ratio and regularity. The results inform about the distribution of the data: (1) 75% of 

the molecules have an ellipse ratio value under 1.29, reflecting that non-elongated shapes 

are much more common among molecular belts. (2) 75% of the molecules have an arc 

proportion under 0.38, indicating that molecules with “sharp” corners (as in Fig 2a) 

predominate over “wide” corners (as in Fig 2b) in the population.  For reference, see the 

rectangular molecule presented in Fig 2f, which has an ellipse ratio of 1.91. (3) 25% of the 

molecules regularity over 0.79, 50% of them are over 0.66, and 75% of them are over 0.56. 
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Typically, regularity values over 0.7 indicate regular shape and good prediction of EESR 

corners and arc proportion. Regularity values between 0.5 and 0.7 seem to correspond with 

small variations in one of the corners, whereas regularities below 0.5 typically indicate that 

at least one corner that is very different (typically much wider) than the others, which may 

correspond with a molecule that has no clear underlying geometry. However, in some 

cases, especially when the corners are too close to the ellipse, small perturbations on the 

shape may lead two corners to get merged, lowering regularity even though visual 

inspection suggests a clear underlying geometry (more details in SI). Interestingly, in such 

cases, the EESR tends to show small variations (typically of only 1 point). Also, the arc 

proportion can increase, but not significantly, and the ellipse ratio remains equal. Overall, 

regularity serves as an indicator of either absence of underlying geometry, or of it being 

fragile (i.e. sensitivity to perturbations in molecular structure). Even in this case, the EESR 

remains close to intuition. These variations are not expected to heavily affect the 

distribution of EESR presented above, as all categories (except EESR=0) may loose and 

gain few candidates. Thus, despite the limitations of these methods (coming from the 

unsupervised design they rely on), they provide an insight on the molecular shapes existing 

on our repository and can be used to mine molecules with desired shapes from large 

datasets.  

We analyzed the pairwise correlations among shape and porosity descriptors. We 

considered PER, LCD, ISA and number of entries, being the least self-correlated porosity 

descriptors. 19 The pairwise Spearman correlations are presented in Fig. 8-3b. The 

correlations between porosity and shape descriptors are small to non-existent, confirming 

that shape descriptors add information w.r.t. porosity descriptors. The largest shape-

porosity correlation is the negative association between ellipse ratio and LCD (-0.3 

Spearman correlation), indicating that elongation disfavors porosity. We found a weak 



 

331 

positive association between LCD and regularity (0.24 Spearman correlation), suggesting 

that larger molecules tend to be more regular. Regarding the correlations among shape 

descriptors with themselves, they are also weak. The strongest correlation found is a 

negative association between EESR and regularity (-0.39 Spearman correlation) i.e. more 

corners tend to imply less regularity. This aligns with our observation that molecules with 

lower regularity may be rounded, with many corners close to the minimal error ellipse. 

Another negative correlation can be found between arc proportion and EESR (-0.29 

Spearman correlation) indicating that molecules with “wide” corners tend to have a smaller 

number of such corners. Naturally, if the molecule has corners that occupy more space, 

necessarily needs to have less of them. 

3.3 Categories of molecular belts  

We analyzed the space of molecular belts based on their shape descriptors. The aim is to 

produce a map of the molecules based on their shape features. The results of this analysis 

can be seen in Fig. 8-4. Interestingly, shape descriptors produce a disperse plot on the PCA 

space, with variance explanation of PC1 and PC2 is of 51.1% and 29.8%, respectively. The 

plot and variance explanation reflect the high heterogeneity in shapes of molecular belts. 

DBSCAN over molecular shape successfully identifies numerous clusters, corresponding 

mostly with EESR values. This is not surprising due to the discrete nature of this 

descriptor. Clusters are mixed up within the PCA components and the different directions 

indicate increase in arc proportion (horizontal axis) and ellipse ratio (vertical axis) 

respectively, which is indicative of these descriptors driving an important amount of 

variance in the population.    



 

332 

The clustering capacity showed by shape descriptors cannot be achieved strictly with 

porosity descriptors. We performed a similar analysis over these, without being able to 

determine shapes nor construct any clusters. More details are given in SI. 

3.4 Chemistry of molecular belts 

To have a more complete description of our repository of molecular belts, we studied their 

chemistry analyzing the organic chemical groups present in the molecules. These results are 

shown in Fig. 8-5, where the number of structures containing each group (or pair of 

groups) is shown. It can be seen that aromatic groups predominate over the rest, due to the 

large presence of benzene rings among molecular belts. Some pairs of groups can be found 

more often together (e.g. aromatic ethers and aromatic groups coexist in high numbers). In 

general, aromatic groups are those paired more often, which is a natural consequence of 

them being present in most of the molecules presented. We further studied chemistry 

correlations with porosity and shape properties of molecules. No relevant correlations were 

found, suggesting that there’s a broad chemical heterogeneity leading to different molecular 

shapes and pore sizes (more details can be found in SI).   

3.5 Shape-based discovery of nanotube-like PMM 

We aim to demonstrate the potential application of shape analysis for the discovery of 

porous molecular materials with specific properties. Our goal is to detect porous crystals 

with nanotube-like channels, with help of shape analysis. To do so, we select three noria-

like molecules known to form nanotube crystals and characterize their shapes. In a 

previous work by our group, we extracted individual molecular candidates from CSD.26  

Here, we extract and characterize molecular belts within CSD dataset to find molecules 

with shape descriptors similar to the selected noria-like molecules. In particular, these 

noria-like molecules presented arc proportion values ranging from 0.42 to 0.48. We allowed 
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molecules in the interval [0.3, 0.6], selecting those with EESR = 3, mLCD > 3A and 

regularity > 0.8. All the structures obtained are further analyzed with help of Zeo++27 to 

see if they presented mPLD/PLD ratios close to 1, an expected property of nanotube 

crystals. Since this property could also hold coincidentally on non-nanotube structures, 

visual confirmation is needed, which was done with the Mercury visualization tool 

provided by CSD. 

The shape-based filter resulted in the finding of 11 structures with building blocks that 

presented shape descriptors within the desired ranges. Posterior analyses confirmed that 6 

of these structures were nanotube-like, i.e. a relevant percentage (61.3% if counting the 

three initial structures) of the structures formed by rounded molecules with three wide 

corners form the crystals of our interest. Although this percentage suggests that shape can 

be informative about the properties of crystal structure, this message must be taken with 

caution, as 39.7% of the molecules found do not have this property. Five of the discovered 

structures can be found in Fig. 8-6. All 11 molecules from initial filter, along their shape 

descriptors, mLCD and PLD, are described in Table 8-2.  

To further extend this analysis, we applied the same filters to our repository of 4412 belts, 

in order to discover a set of potential candidate molecules that could form nanotube-like 

structures. This led us to the detection of 52 molecules with similar shape descriptors. We 

intend to further examine their crystal structures in the future to confirm their material 

properties. The list of molecules is presented in the Supporting Information file.   

  



 

334 

4. Conclusions 

We presented a set of molecular shape descriptors dedicated to molecular belts, which are 

based on a projection of the molecules into according planes and further characterization 

of the projection with a minimal error ellipse. Additionally, we introduced the largest 

known repository of molecular belts, mined from PubChem, with a total of 4412 

molecules. We analyzed this repository in terms of molecular shape, chemistry and 

porosity, gaining an insight of the properties of the deposited molecules. Our analyses on 

the repository revealed that: (1) the set of molecular belts is dominated by non-elongated 

molecules, and the main shape (characterized through EESR) follows a normal distribution 

centered in 4-corners (i.e. squared or rectangular molecules); (2) there are weak correlations 

between molecular porosity and shape, indicating that molecular shape adds relevant 

information about molecular belts, whereas molecular chemistry shows no correlation with 

porosity or shape; and (5) molecular shape provides a form of classification for molecular 

belts that wasn’t possible with previously existing descriptors (e.g. porosity descriptors). We 

further demonstrated the introduced methods with an application in the field of materials 

science, focusing on the discovery of porous molecular materials. Our efforts led us to the 

identification of five porous molecular crystals with nanotube structure based on similarity 

analysis with molecules with the same known properties from CSD database. We extended 

this analysis to our repository, identifying 52 belt candidates to be assembled into nanotube 

crystals. 
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5. Tables and Figures 
 

 

Figure 8-1. Shape analysis depiction. To determine the shape of a molecular belt, we first rotate it 

so that the largest molecular entry (previously computed with Molipor) is aligned with the Z-axis. 

Then we project the atoms on the XY-plane. By doing this, we obtain a 2-dimensional 

representation of molecular atoms that resembles molecular shape. Then, we compute the minimal 

error ellipse, and determine the external regions. With help of density-based clustering (DBSCAN) 

we determine the number of corners as the number of clusters in the DBSCAN algorithm. This is 

the EESR number. Other parameters are determined using both the external points (arc proportion 

and regularity) and the ellipse major and minor radii (ellipse ratio). 
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Figure 8-2. Shape analysis examples. Eight molecules, taken from our repository, are shown to 

demonstrate the methodology. Each molecule is presented with EESR, arc proportion (AP) and 

ellipse ratio (ER). In all cases, EESR coincides with the intuition of what would be the number of 

vertices of the equivalent polygon. Arc proportion is demonstrated through examples (b), (d) and 

(e): these have wide corners and larger AP values. Ellipse ratio and its capability to identify 

rectangular/elongated shapes is demonstrated through examples (e) and (f).  
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Figure 8-3. Shape descriptive and descriptor correlations. (a) Distribution of EESR values within 

the population of belt-like molecules, alongside the p-value from Shapiro-Wilk test for normality. 

(b) Correlation diagram reflecting Spearman correlations between pairs of shape and porosity 

descriptors for the molecular belts of the repository. Upper triangular panel shows actual 

correlation values, whereas lower triangular panel shows color coding corresponding to the values 

shown in the upper panel. Red and blue colors indicate negative and positive correlation, 

respectively.  
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Figure 8-4. PCA combined with DBSCAN for the set of PubChem molecular belts. The color-

coding reflects clustering under DBSCAN. Molecules are clustered mainly by their EESR. The 

principal components capture combined information between the EESR and the arc proportion 

descriptors (PC1) and the ellipse ratio (PC2). There’s a color gradient across the PC1 axis (i.e. 

EESR governs this direction). Molecules with higher arc proportion tend to be at the right side of 

the plot (e.g. 101218461) whereas molecules with smaller arc proportion are placed at middle and 

left side of the plot (e.g. 101183823). Accordingly, more elongated molecules tend to be at the 

top of the plot (e.g. 10700376). 
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Figure 8-5. Chemistry of molecular belts. The diagram represents the number of molecules 

containing a given group (diagonal) and the number of molecules containing two groups (non-

diagonal).  
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Figure 8-6. Molecules selected on the screening process (top) and their corresponding nanotube-

like crystal structures (bottom). The molecules can be seen to share shape properties with those 

used as reference (high arc proportion, EESR = 3, ellipse ratio ~ 1).  
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Parameter Min. 1st Qu. Median Mean 3rd Qu. Max. 

Arc 

proportion 

0 0.28 0.36 0,37 0.45 1 

Regularity 0 0.56 0.66 0,67 0.79 1 

Ellipse ratio 1 1.11 1.26 1,36 1.48 10.11 

 

Table 8-1. Summary of the shape descriptors over the set of belt-like molecules. All parameters are 

presented with minimum, 1st and 3rd quartiles, mean, median and maximum.  

 

CID 

 

EESR 

Arc 

proportion 

Ellipse 

ratio 

Regularity mLCD Material 

LCD 

Material 

PLD 

Nanotube 

structure 

CEBCOC 3 0,33 1,01 0,81 6,70 9.93 4.70 No* 

KAHQEP 3 0,35 1,05 0,97 4,15 3.17 1,58 No 

MEXBEW 3 0,31 1,04 0,96 5,78 6.41 3.73 No 

OJIDOB 3 0,4 1,06 0,9 7,88 7.92 5.26 No* 

TEDZAG 3 0,39 1,02 0,88 6,21 6.96 4.48 Yes 

UFANIY 3 0,31 1,05 1 9,29 10.09 4.97 No 

UKADOZ 3 0,36 1,01 1 5,84 7.55 4.63 Yes 

UKADUF 3 0,35 1 1 5,79 7.87 5.10 Yes 

VUCQUH 3 0,43 1,01 1,01 7,56 8.57 6.53 Yes 

YAQVEU 3 0,39 1,06 0,98 6,19 10.17 6.47 Yes* 

YARNEN 3 0,5 1,06 0,87 6,86 7.67 6.45 Yes 

YELKUW 3 0,42 1,09 0,87 6,13 6.49 4.94 Yes 

YELLAD 3 0,48 1,02 0,88 6,68 7.87 6.52 Yes 

 

Table 8-2. Descriptors of mined structures with similar shape to reference. Shape descriptors and 

mPLD for the molecules with similar shape to those known to form nanotube structures 

(YELLAD and YELKUW, included in the table) and corresponding material properties of interest. 

LCD and PLD after solvent removal. Two structures (CEBCOC and OJIDOB) are marked as no 

nanotube, although they show non-aligned 1-dimensional channels. The YAQVEU structure is a 

cocrystal with C60 that shows nanotube channels, but the behavior of the molecule alone is 

unclear. 
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7. Supporting Information 
 

7.1 PCA analysis over porosity descriptors 

In Fig. 8-S1, the map of  molecules based on porosity descriptors can be found. This map 

represents the principal components of  the space computed from the four porosity 

descriptors that are less correlated among each other, i.e. ISA, PER, mLCD and number of  

entries. Although the later is highly correlated with the number of  windows, it might 

eventually contain other values. The resulting plot reveals a single cluster of  molecules, that 

is relatively disperse, although not as much as the plot based on shape descriptors. The 

proportion of  variance explained by the two first principal components is of  43.5% and 

25.3%, respectively. The DBSCAN on the set of  molecular belts with porosity descriptors 

(prior to PCA) identified no clusters within the dataset. These results confirm the need of  

introducing new descriptors in order to identify different categories of  molecular belts. 
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Figure 8-S1. Principal component analysis over the set of  molecular belts, using only 

porosity descriptors. Color coding based on molecular LCD. Molecules form a single 

cluster with some dispersion.  
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7.2 Molecular Rotations 

In this section, we formally discuss the process of  molecular rotation. Let the largest entry 

path to the molecule be defined, in spherical coordinates, as: 

𝐸𝑃 = (𝜃, 𝜑, 𝑅)        (1) 

Note that: (1) this entry path is defined as a vector, i.e. the director vector that defines the 

entry path, that is generally defined as an edge; (2) this vector is expressed in spherical 

coordinates. If  the degenerate case happens (i.e. the vector is already aligned with the Z-

axis) the rotation is not performed. 

A two-step rotation is applied to every atom of  the molecule, w.r.t. the position of  its 

largest cavity: (1) a rotation around the Z-axis with angle −𝜃; (2) a rotation around the X-

axis with angle 𝜑. The rotation matrix is then defined as the product of  two rotation 

matrices, i.e.:  

𝑅 =  [
cos 𝜃 − sin 𝜃 0
sin 𝜃 cos 𝜃 0

0 0 1
] [

1 0 0
0 cos 𝜑 − sin 𝜑
0 sin 𝜑 cos 𝜑

]    (2) 
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7.3 Chemistry-based correlations 

We studied the correlations among chemical groups and molecular descriptors (both 

porosity and shape). We obtained negative results (i.e. no relevant correlations emerged 

between any chemical groups and molecular properties), suggesting that there’s a variety of  

possible chemical approximations to obtain different molecular configurations. These 

results are depicted in Figs. 8-S2 and 8-S3.  

 
Figure 8-S2. Correlations among chemical groups (top left squared region) and shape 

descriptors. No relevant shape-chemistry correlations were identified. 
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Figure 8-S3. Correlations among chemical groups (top left squared region) and porosity 

descriptors. No relevant porosity-chemistry correlations were identified. 
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7.4 List of PubChem molecules potentially producing nanotube-like crystal 
structures 

 

MolId EESR Arc 
proportion 

Ellipse 
ratio 

Regularity LCD PLD ISA N 
Windows 

N 
Entries 

10876719 3 0,44 1 1 4,52494 4,52494 11,5306 2 2 

11159030 3 0,33 1,02 0,83 6,24561 6,2449 13,9305 2 2 

11286196 3 0,37 1,01 0,96 6,52294 6,52294 20,7201 2 2 

11297774 3 0,31 1,03 0,97 7,05006 7,05006 11,8071 2 2 

11320644 3 0,36 1,02 0,92 6,07807 6,07807 11,9823 2 2 

11408158 3 0,32 1 1 3,83712 3,75518 0 2 2 

11423427 3 0,33 1,01 0,98 7,58203 7,58203 21 2 2 

11434811 3 0,31 1,05 0,97 7,57474 7,57474 17,6566 2 2 

11787929 3 0,4 1,02 0,91 5,68096 5,68096 12,0731 2 2 

11981624 3 0,32 1,01 0,93 6,5439 6,5439 24,2948 2 2 

15363010 3 0,31 1,01 0,98 5,26299 5,26299 0,272376 2 2 

15363011 3 0,35 1,01 0,81 5,27948 5,27931 10,895 2 2 

16155571 3 0,3 1 0,96 6,05545 6,05545 2,1608 2 2 

16160047 3 0,45 1,04 0,83 7,6643 7,55211 9,06074 2 2 

16657856 3 0,33 1,01 0,89 5,96643 5,88922 6,55544 2 2 

16658082 3 0,42 1,02 0,83 7,59845 7,51726 23,6483 2 2 

54752217 3 0,33 1,07 0,93 5,74361 5,74361 1,63426 2 2 

73300388 3 0,36 1,02 0,93 7,86741 7,86729 14,0689 2 2 

77054838 3 0,33 1,01 0,94 17,3172 17,1801 47,3518 2 2 

77282687 3 0,33 1,01 0,94 17,3172 17,1801 47,3518 2 2 

91868570 3 0,31 1,05 0,97 7,57474 7,57474 17,6566 2 2 

100924729 3 0,38 1 1 3,4813 3,4804 4,08564 2 2 

100927043 3 0,33 1,02 0,96 4,31399 4,30669 8,55216 2 2 

100962757 3 0,38 1,07 0,84 5,82198 5,82198 4,77446 2 2 

101089427 3 0,36 1,01 0,92 8,40849 8,40849 3,63168 2 2 

101089428 3 0,35 1 0,99 9,45979 9,45979 3,35931 2 2 

101383222 3 0,36 1,02 0,97 4,9952 4,98366 7,75667 2 2 

101408770 3 0,42 1 0,95 7,34677 7,34674 14,4359 2 2 

101451846 3 0,39 1 1 6,9855 6,83917 0 2 2 

101500935 3 0,33 1,02 0,82 4,33873 4,2507 9,62395 2 2 

101537111 3 0,31 1 1 5,61548 5,61548 10,6281 2 2 

101537113 3 0,31 1,02 0,9 5,12171 5,12171 16,2725 2 2 

101760579 3 0,36 1,08 0,95 4,4755 4,47549 4,26723 2 2 

101771252 3 0,46 1,03 0,87 6,94235 6,94235 6,24824 2 2 

101855095 3 0,51 1,03 0,96 10,5163 10,359 17,8717 2 2 

102029686 3 0,32 1,01 0,98 5,25823 5,25822 0 2 2 

102138865 3 0,31 1,04 0,99 7,27531 7,27531 32,8667 2 2 

102152273 3 0,4 1,02 0,92 5,07587 5,07587 12,1355 2 2 

102266598 3 0,42 1,01 0,96 7,40091 7,40091 7,69911 2 2 

102320835 3 0,57 1,02 0,99 4,05211 4,03122 12,619 2 2 



 

351 

102320837 3 0,57 1,01 0,99 4,05249 4,04238 10,6828 2 2 

102320854 3 0,33 1,01 0,98 3,7263 3,72349 10,5319 2 2 

102355216 3 0,4 1,02 0,94 7,42672 7,27743 6,95407 2 2 

102369781 3 0,33 1 1 4,17076 4,17076 1,90663 2 2 

102495001 3 0,3 1,05 0,96 3,03356 3,03355 2,02476 2 2 

102533520 3 0,39 1,01 0,91 5,27973 5,27945 3,17772 2 2 

102572721 3 0,49 1,01 0,99 3,36576 3,36576 0 2 2 

102595294 3 0,34 1,07 0,95 3,47084 3,36915 8,72695 2 2 

119077199 3 0,59 1,03 0,99 3,68407 3,68407 8,98841 2 2 

119080220 3 0,32 1,01 0,9 9,60333 9,60333 2,88663 2 2 

121337472 3 0,41 1 0,99 3,65615 3,65615 9,14518 2 2 

121337493 3 0,4 1,01 1 3,53884 3,53884 17,9382 2 2 

 

 




