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Abstract
Metal–organic framework (MOFs) and related nanoporous materials have emerged as promis-

ing candidates for a variety of applications, such as gas separation and storage, catalysis,

sensing, etc. Their building block structure allows us to generate a huge number of distinct

materials only by changing the metal nodes and organic linkers. This, in principle, allows the

design and discovery of materials that perform optimally for a given application. However, the

conventional process of material development, from discovery to synthesis and performance

evaluation, is too slow and expensive for exploring this enormous pool of materials. Compli-

mentary methods are therefore needed to accelerate this process. The aim of this thesis is to

investigate and expand the computational and data–driven methods for the development of

nanoporous materials for gas separation and storage. The prevailing use of these methods is

for high–throughput screening of the materials for a target application. However, the capability

and success of such a screening approach depends on fast, reliable, and accurate prediction

of material properties, as well as on the effective exploration of the chemical space. There-

fore, in this thesis, we develop material descriptors for the chemistry and pore geometry of

MOFs, which allow us to use machine learning to rapidly evaluate their adsorption properties

with high accuracy. We next introduce a methodology to quantify the diversity of material

databases to assess how well the chemical space is explored when a given material database is

screened. We illustrate the importance of this diversity analysis by showing how the lack of

diversity in MOF databases hinders material discovery, leads to chemical insights that are not

generalisable, and makes machine learning models not transferable.

The promising materials discovered in a screening study are only of interest if they can be syn-

thesised and are sufficiently stable to withstand the operating conditions of the corresponding

application. Therefore, we investigate the applicability and capability of computational and

data–driven methods to address some of the challenges in the material synthesis and the

mechanical stability of MOFs. Material synthesis still mainly rests on the chemical intuition

of synthetic chemists. Here, we introduce a method using machine learning and a genetic

algorithm to capture this chemical intuition for MOF synthesis. We demonstrate how this

simple approach can be powerful for guiding the synthesis of new materials. Lastly, we study

how the mechanical stability of MOFs, which is fundamentally important for most of their

practical applications, is affected by its underlying structure, i.e., the framework bonding

topology and ligand structure. We show how this understanding can be used to develop

strategies to design MOFs with enhanced mechanical stability.
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Zusammenfassung
Metallorganische Gerüstverbidungen (engl. Metal–organic frameworks, MOFs) und verwandte

nanoporöse Materialien sind vielversprechende Kandidaten für eine Vielzahl von Anwendun-

gen, darunter Trennung und Speicherung von Gasen, Katalyse, Nachweisverfahren, etc. Ihre

bausteinhafte Struktur ermöglicht es uns alleine durch das Austauschen der Metallcluster und

der organischen Verbindungsstücke eine riesige Anzahl verschiedener Materialien herzustel-

len. Dies erlaubt prinzipiell das Entwerfen und die Entdeckung von Materialien, die ein ideales

Verhalten für eine gewünschte Anwendung aufweisen. Der konventionelle Ablauf der Material-

entwicklung, von der Entdeckung bis zur Synthese, ist jedoch zu langsam und zu aufwendig,

um diese enorme Menge an Materialien zu erkunden. Daher werden ergänzende Methoden

benötigt, um den Ablauf zu beschleunigen. Das Ziel dieser Arbeit ist es, rechnergestützte und

datengetriebene (data–driven) Methoden zur Entwicklung von nanoporösen Materialien für

die Trennung und Speicherung von Gasen zu untersuchen und weiterzuentwickeln. Diese

Methoden werden vorwiegend in Hochdurchsatz Screenings (high–throughput screening) von

Materialien mit Hinblick auf eine bestimmte Anwendung verwendet. Jedoch ist die Leistungs-

fähigkeit und der Erfolg eines solchen Screeningverfahrens von einer schnellen, verlässlichen

und genauen Vorhersage der Materialeigenschaften sowie von einer repräsentativen Erfassung

aller chemisch möglichen Materialien (chemical space) abhängig. Wir entwickeln daher in die-

ser Arbeit Größen, die die chemische Zusammensetzung von MOFs und die Geometrie ihrer

Poren beschreiben, was es uns erlaubt maschinelles Lernen zur schnellen und hochgenauen

Bestimmung ihrer Adsorptionseigenschaften zu verwenden. Im Anschluss führen wir eine

Methodologie zur Quantifizierung der Diversität von Materialdatenbanken ein, um beurteilen

zu können, wie umfassend die chemischen Möglichkeiten (chemical space) beim Screening

einer gegebenen Datenbank erforscht werden. Wir verdeutlichen die Bedeutung dieser Di-

versitätsanalyse, indem wir zeigen wie ein Mangel an Diversität in einer MOF-Datenbank

die Entdeckung von Materialien beeinträchtigt, zu chemischen Einsichten führt, die nicht zu

verallgemeinern sind, und nicht übertragbare maschinelle Lernmodelle ergibt.

Die Materialien, die von einem Screening als erfolgversprechend gefunden wurden, sind nur

dann wirklich von Interesse, wenn sie sowohl synthetisierbar als auch hinreichend stabil

sind, um unter den Betriebsbedingungen der jeweiligen Anwendung bestehen zu können.

Wir untersuchen daher die Anwendbarkeit und die Einsatzmöglichkeit von rechnergestütz-

ten und datengetriebenen (data–driven) Methoden, um einige der Herausforderungen der

Materialsynthese und mechanischen Stabilität anzugehen. Die Synthese von Materialien
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Zusammenfassung

beruht noch immer im Wesentlichen auf der Intuition synthetischer Chemiker. Wir stellen

hier eine Methode vor, die maschinelles Lernen und einen genetischen Algorithmus nutzt, um

diese chemische Intuition zur Synthese von MOFs zu erfassen. Wir demonstrieren wie dieser

einfache Ansatz die Synthese von neuen Materialien leistungsstark unterstützen kann. Ab-

schließend untersuchen wir wie die mechanische Stabilität von MOFs, die von grundlegender

Bedeutung für die meisten ihrer Anwendungen ist, von der zugrunde liegenden Struktur, d.h.

der Topologie ihrer Gerüstverbindung und der Struktur der Verbindungsstücke, beeinflusst

wird. Wir zeigen wie diese Einsicht zur Entwicklung von Strategien benutzt werden kann, die

es erlauben MOFs mit verbesserter mechanischer Stabilität zu entwickeln.
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Introduction

Computational and data–driven methods are established as complementary to the traditional

empirical approach in science [1–5] and engineering [6–8]. These developments are build

upon the significant progress in computational sciences and the explosion of the computing

power [9], happened in the past decades, which enable us to simulate and optimise complex

and multi–scale processes as well as to predict their outcomes by harvesting the generated

data in fast, reliable and affordable ways. In this way, computational and data–driven methods

make it possible to conceive and link solutions in multiple scales to develop new technologies

we need urgently to address the challenges of our century.

These methods have specifically revolutionized the conventional empirical approach in chem-

ical engineering, materials science, chemistry, and related fields. Computational methods

have become a practical tool for simulating complex phenomena at atomic scale since the

theories of statistical thermodynamics [10–12] and quantum mechanics [13, 14] have led to

the emergence of molecular simulation [15, 16] and density functional theory [17–21]. For

instance, nowadays, computational modelling is extensively used for in silico design and

performance evaluation of materials and molecules, e.g., for design of drug molecules [22, 23],

catalyst [24–26], adsorbent [27, 28], etc., and to understand and explain experimental obser-

vations and data, such as microscopic and spectroscopic data [29]. Data–driven methods

are rising tools for finding complex patterns and correlations between materials’/molecules’

structure, properties [30–32] and even synthesis [33–36] as we have access to an enormous

amount of data provided by the growth of databases and data repositories, e.g., the Cambridge

structural database [37] of synthesized compounds, and materials cloud [38] and NOMAD [39]

repository for simulated data. Data–driven methods are increasingly used in a wide range of

ways, from predictions of molecules and materials function [40–43], to autonomous synthesis

in self–driving laboratories [36, 44, 45], and are even used in generative models [31, 46–48] for

generating new molecules.

Computational and data–driven methods can be used for the design and discovery of new

materials. This process often starts with defining the search space by representing the possible

chemical space with a material database. These materials are consequently screened or

analysed with respect to a target application. The gained information is then used for the

design and discovery of promising candidates that are to be synthesized.
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Introduction

The aim of this thesis is to exploit both computational and data–driven methods for the

design and discovery of nanoporous materials for gas separation and storage. Separating gas

mixtures is energy intensive but highly demanded industrial process [49, 50]. It is estimated

that chemical separation contributes around 10–15% of the world’s energy consumption

[51]. Therefore, it becomes urgent to improve these processes to address climate change

to prevent its drastic consequences. Developing alternative less energy intense solutions

can in principle contribute significantly in reforming our global energy landscape towards a

sustainable future. Here, we focus mainly on two technologies, namely carbon capture [52]

and methane storage [53]. These methodologies and tools are transferable to other separation

and storage applications using solid adsorbents.

The prevalent processes that are currently deployed in industry for carbon capture and

methane storage are amine scrubbing [54] and liquefied/compressed natural gas (i.e., LNG and

CNG) [55], respectively. Using solid adsorbents is a promising alternative for both applications

and could reduce the energy consumption considerably [56, 57]. However, the technologi-

cal advancement for these applications relies on the development of new solid adsorbents

with enhanced separation/storage performance and higher stability and processibility. To

understand the characteristics of a material with high performance for separation and storage,

it is instructive to take a simplified and idealized model for physisorption: In the Langmuir

model the guest molecules do not interact with each other and the adsorption sites are all

equivalent. In this model, the gas uptake of a porous material at a given pressure is a function

of the number of adsorption sites and their strength. Already such a simplified picture unveils

that an ideal material should have a high surface area (i.e., many adsorption sites) and tunable

chemistry (i.e., tunable strength of sites). Metal–organic framework (MOFs) [58,59] and related

advanced nanoporous materials, including covalent organic frameworks (COFs) [60], zeolitic

imidazolate frameworks (ZIFs) [61], and porous molecular crystals (PMCs) [62], are promising

materials for this application since they can possess high surface area and are chemically

tunable. For example, MOFs with ultra–high surface areas (to date, up to 7800 m2/g [63]) have

been synthesized. In addition, the chemistry of the materials can be tuned by modifying both

the metal center and the organic linkers. Therefore, this thesis focuses on these classes of

materials, in particular on MOFs. MOFs are formed by self–assembly of inorganic and organic

building blocks on a three dimensional topological net (See Figure 1).

The search space for the computational design and discovery of MOFs is intrinsically enor-

mous. The simple building block chemistry allows us to generate millions of possible materials

that one would like to explore to find the optimal material for a given application [59, 64]. On

this account, the use of computational and data–driven methods for the design and discovery

of MOFs is essential as exploring this enormous chemical space experimentally is not feasi-

ble. Also, this large number of structures provides the ideal setting for using the data–driven

methods to perform optimally. Over the last two decades, over 90’000 MOFs have been synthe-

sized [65]. Yet, this is only a tiny fraction of all possible materials, and therefore, computational

methods, which often are referred to as nanoporous material genomics, have been developed

to generate hypothetical materials to better represent the possible chemical space [64, 66–68].

2



Introduction

Figure 1 – A cartoon representation of metal–organic framework.

This material genomics approach has resulted in the generation of hundreds of thousands

of hypothetical structures and together with the experimental structures, they constitute the

search space for our computational and data–driven material discovery workflow. Indeed,

many screening studies have been performed on these databases which led to the discovery of

many promising materials for a variety of applications [69–71]. Moreover, useful information

can be extracted by analysing the data generated from these screening studies [72, 73], for

example, the identification of an “adsorbaphore”, i.e., an ideal adsorption site for CO2, by data

mining of a large–scale screening study [69].

To screen these ever–growing databases as well as to optimally extract useful information

by data mining, it is essential to develop material descriptors to encode and capture the

complexity and diversity of the chemical structures. For the specific properties of our in-

terest, i.e., the adsorption properties of nanoporous materials, both material chemistry and

pore geometry play a significant role. We therefore start this thesis with presenting the de-

velopment of descriptors to quantify similarity in material chemistry (Chapter 1) and pore

geometry (Chapter 2, also our other publications that are not included in this thesis [74, 75])

of nanoporous materials. Using machine learning on these descriptors we could reach a

remarkable accuracy in predicting the adsorption properties of the materials, demonstrating

that the descriptors can effectively capture the structural similarity. In these two chapters we

also describe how machine learning can be used to prescreen large materials databases and to

extract structure–property relationships for our target gas adsorption applications, i.e., carbon

capture and methane storage.

In Chapter 1, we show how these descriptors can be used to assess the quality of databases, in

particular how well a database represents the chemical space. Since material databases are

our representation of the chemical space, it is essential to know whether they truly represent it.

Indeed, the success and capability of the screening studies is heavily dependent on how well

and diverse the chemical space is explored. The notion of “diversity” in material databases is

commonly linked to the fact that one would like to avoid screening a large number of similar

structures. However, so far tools to quantify this diversity were missing. In Chapter 1, we

introduce an approach for quantifying the diversity that describes how well the chemical space

3
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is explored by a given database. This approach is build upon the success in capturing similarity

in material chemistry and pore geometry using our descriptors. Analysing the diversity of

several libraries of hypothetical and experimental MOFs, we show that each of the databases

suffers from a lack of diversity. We illustrate how this lack of diversity has hindered material

discovery, biased the extracted chemical insights and has led to non-transferable machine

learning models.

While the discovery of promising structures for gas adsorption is the fundamental step in our

computational and data–driven design or discovery workflow, it is evident that even the most

promising candidate with respect to any given application will only be of interest if it first can

be made, and second is stable enough to withstand the operational conditions. We address

problems of these categories in the remaining chapters of the thesis.

In Chapter 3, we introduce a methodology to find the synthesis conditions for the synthesis of

a given MOF. The synthesis of MOFs involves the selection of solvents and their composition,

temperature, reaction time, etc. Indeed, MOF synthetic chemists use their intuition for

selecting these variables since alternative strategies with no prior knowledge, e.g., grid search,

would require an unfeasible number of trials due to the combinatorial nature of this search.

However, this intuition is developed over years of experience by performing many successful

and failed experiments. Specifically, the failed experiments remain unpublished and everyone

can only learn from the own failures. We therefore developed a data–driven methodology

to capture this intuition for MOF synthesis. This approach closely mimics how synthetic

chemists develop their chemical intuition. We first used a genetic algorithm to efficiently

explore the synthesis space which produces many failed and a few successful experiments.

Consequently, we used machine learning to harvest chemical intuition from all failed and

successful experiments. We showed that the chemical intuition that was obtained by our

approach is transferable between systems. It furthermore allowed us to find new synthesis

conditions for one of the most studied MOFs that resulted in its synthesis with the highest

crystal quality reported to date.

In the last Chapter 4, we studied the mechanical stability of MOFs. While performance metrics

based on adsorption properties are often used to screen MOFs, a sufficient mechanical stability

is also necessary for most practical applications of the materials. However, the mechanical

stability of MOFs had received very little attention [76–78]. That motivated us to developed

tools to compute the mechanical stability of MOFs and rationalize how the structure of a

material influences its mechanical stability. Given the structural tunability of MOFs, it is of

particular interest to understand how to tune the mechanical stability to be able to design

MOFs with enhanced mechanical stability.

New tools to compute the mechanical stability of MOFs were needed. An evaluation of the

mechanical stability of MOFs requires the calculation of the full stiffness tensor as most MOF

structures have less than simple cubic symmetry. However, performing quantum calculations

for the mechanical properties become prohibitively expensive on a large number of structures,

4
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in particular with MOF crystals typically having large primitive cells. Therefore, we circum-

vented this obstacle by developing tools to estimate the mechanical property of MOFs based

on classical force fields [79]. We benchmarked their accuracy by comparing the mechanical

stability of a set of materials with experimental and DFT data [80]. Later, we used these tools

for studying structural flexibility [81, 82] and the mechanical stability [83, 84] of several MOFs

(these studies are not included in this thesis).

To pinpoint the causes of mechanical instabilities in MOFs and to establish a structure–

property relationship for the mechanical stability of MOFs, we present a study in Chapter 4

that revealed how the mechanical stability of a MOF material is related to its underlying struc-

ture, i.e., framework bonding topology and ligand structure. We systematically varied these

parameters in a library of hypothetical MOFs and computed their mechanical stability. We

found that the mechanical stability is primarily determined by the bonding network topology

of the material. However, the functional groups on the organic linkers can modify these prop-

erties significantly by forming a secondary network. We showed that the optimal mechanical

stability is achieved by a synergistic effect of the bonding network and the secondary network.

We now are able to both compute the mechanical stability of a MOF and identify its cause.

Figure 2 – Schematic of the components of this thesis and how they interact with the compu-

tational and data–driven workflow for discovery of nanoporous materials.

The contributions of this thesis to advancing the computational and data–driven methods for

design and discovery of nanoporous materials are summarized and depicted in Figure 2. Start-

ing with a material database, using the chemical and geometric descriptors, we can perform

machine learning accelerated high–throughput screening of a database for the applications of

interest. As a feedback loop, we can quantify the diversity of the database to know whether we

5
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have explored the chemical space sufficiently. The discovered materials are then evaluated for

their mechanical stability. Eventually, we can attempt to synthesise the promising candidates.

The synergy between these sections can significantly accelerate the discovery of promising

nanoporous materials for gas separation and storage applications.

6



1 On the importance of structural di-
versity in metal–organic framework
databases1

1This chapter is a preprint version of a manuscript in preparation: Seyed Mohamad Moosavi, Aditya Nandy,
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Abstract

By combining metal nodes and organic linkers one can make millions of different metal-

organic frameworks (MOFs) [59, 85]. At present over 90,000 MOFs have been synthesized

[65, 86] and there are databases with over 500,000 predicted structures [64, 71, 87]. This raises

the question of whether a new experimental or predicted structure adds new information. For

MOF-chemists the chemical design space is a combination of pore geometry, metal nodes,

organic linkers, and functional groups, but at present we do not have a formalism to quantify

optimal coverage of chemical design space. In this work, we show how machine learning can

be used to quantify similarities of MOFs. This quantification allows us to use techniques from

ecology to analyse the chemical diversity of these materials in terms of diversity metrics. In

particular, we show that this diversity analysis can identify biases in the databases, and how

such bias can lead to incorrect conclusions. This formalism provides us with a simple and

powerful practical guideline to see whether a set of new structures will have the potential for

new insights, or constitute a relatively small variation of existing structures.

1.1 Introduction

The fact that we have an exponentially increasing number of different MOFs ready to be tested

for an increasing range of applications opens many avenues for research. However, this rapid

increase of data presents concerns over the chemical diversity of these materials. For example,

one would like to avoid screening a large number of chemically similar structures. Yet, the way

the number of materials evolves is prone to a lack of diversity [88, 89]. For example, one can

envision an extremely successful experimental group focusing on the systematic synthesis

of a particular class of MOFs for a specific application. Such successes may stimulate other

groups to synthesise similar MOFs, which may bias research efforts towards this class of MOFs.

In libraries of hypothetical MOFs, biases can be introduced by algorithms that favour the

generation of a specific subsets of MOFs. At present, we do not have a theoretical framework

to evaluate chemical diversity of MOFs. Such a framework is essential to identify possible

biases, quantify the diversity of these libraries, and develop optimal screening strategies. The

aim of this work is to introduce a systematic approach to quantify the chemical diversity of

the different MOF libraries, and use these insights to remove these biases from the different

libraries. The focus of our work is on MOFs as for these materials there has been an exponential

growth of the number of studied materials. However, the question on how to correctly sample

material design space holds for many classes of materials.

1.2 Development of descriptors for MOF chemistry

One of the aims of this work is to express the diversity of a MOF database in terms of features

that can be related to the chemistry that is used in synthesizing MOFs as well as generating

the libraries of hypothetical structures. At present, different strategies have been developed
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1.2. Development of descriptors for MOF chemistry

to represent MOFs with feature vectors [74, 90]. However, the global material descriptors

[73, 90, 91] that are presently used are not ideal for our purpose. We would like to directly

connect to the structural building blocks of MOFs, which closely resemble the chemical

intuition of MOF chemists, in which a MOF is a combination of the pore geometry and

chemistry (i.e., metal nodes, ligands, and functional groups) [59, 92].

To describe the pore geometry of nanoporous materials we use simple geometric descriptors,

such as the pore size and volume [93]. For the MOF chemistry, we adapt the revised autocor-

relations (RACs) descriptors [94], which have been successfully applied [94–96] for building

structure property relationships in transition metal chemistry [94, 97]. RACs are discrete

correlations between heuristic atomic properties (e.g., the Pauling electronegativity, nuclear

charge, etc.) of atoms on a graph. We compute RACs using the molecular or crystal graphs

derived from the adjacency matrix computed for the primitive cell of the crystal structure (see

method section). To describe the MOF chemistry, we extended conventional RACs to include

descriptors for all domains of a MOF material, namely metal chemistry, linker chemistry, and

functional groups (Figure 1.1 and the method section).

Figure 1.1 – Description of the three domains of MOF chemistry. Metal centre RACs are computed

on the crystal graph. Linker and functional group RACs are computed on the corresponding linker

molecular graph. Linker chemistry includes two types of RACs, namely full linker and linker connecting

atoms. The graphs show the start atom (in green) and the nearby atom (in orange) used to define the

RACs descriptors (see method section).
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1.3 Description of the databases

We consider several MOF databases (see Extended Data Table 1.1): one experimental and five

with in silico predicted structures. The Computation-Ready, Experimental (CoRE) [37,86,98,99]

MOF database represents a selection of synthesised MOFs.

The first in silico generated MOF database (hMOF) was developed by Wilmer et al. [64] using a

“Tinkertoy” algorithm by snapping MOF building blocks to form 130,000 MOF structures. This

Tinkertoy algorithm, however, gave only a few underlying nets [100]. An alternative approach,

using topology-based algorithms has been applied by Gomez-Gualdron et al. [71] for their

ToBaCCo database (∼13,000 structures), and by Boyd and Woo [69, 87] for their BW-DB (over

300,000 structures). A comprehensive review of this topic can be found here [66].

We use CoRE-2019 and a diverse subset of 20,000 structures from the BW-DB (called BW-20K)

to establish the validity of the material descriptors. In addition, a relatively small database

of around 400 structures developed by Anderson et al. [73] (ARABG-DB) was included for

comparison with their conclusions about importance of structural domains [73]. For this

test, we focus on adsorption properties as their accurate prediction requires a meaningful

descriptors for both the chemistry and pore geometry. We study the adsorption properties of

methane and carbon dioxide. Because of their differences in chemistry (i.e. molecule shape

and size, and non-zero quadrupole moment of carbon dioxide), designing porous materials

with desired adsorption properties requires different strategies for each gas. To emphasize on

these differences, we study the adsorption properties at three different conditions, namely

infinite dilution (i.e. Henry regime), low pressure, and high pressure.

1.4 Predicting adsorption properties of MOFs

We will first establish that our descriptors capture the chemical similarity of MOF structures.

As a test we show that instance-based machine learning models (kernel ridge regression (KRR))

using these descriptors can accurately predict adsorption properties. Extended Data Table 1.2

shows that the KRR models show good performance in predictions of the adsorption properties

of CoRE-2019 and BW-20K databases (see SI for parities and statistics). We observe that for

those properties that are less dependent on the chemistry, e.g., the high pressure applications

of CH4 and CO2, the geometric descriptors are sufficient to describe the materials with the

average relative error (RMAE) in the prediction of the gas uptake being bellow 5%. In addition,

if we compare the relative ranking of the materials, we also obtain satisfactory agreement

as expressed by the Spearman rank correlation coefficient (SRCC) above 0.9. On the other

hand, for the applications where chemistry plays a role, e.g., the Henry coefficient of CO2,

the chemical descriptors are essential to accurately predict the materials properties (RMAE

∼5% and SRCC ∼0.8). The significance of the chemical descriptors is also illustrated by the

predictions of the maximum positive charge (MPC) and the minimum negative charge (MNC)

of MOF structures (SRCC above 0.9 and 0.7, respectively). The geometric descriptors are nearly
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irrelevant for these charges (SRCCs below 0.5 for all cases). This explains the relatively poor

performance in prediction of CO2 adsorption properties using only geometric descriptors as

electrostatic interaction plays a crucial role. This analysis shows that our RACs and geometric

descriptors are meaningful representations for the chemical space of MOFs for both CH4 and

CO2 adsorption over the complete range of pressures. As a consequence, if two materials have

similar descriptors, their adsorption properties will be similar. Hence, we can now quantify

how the different regions of design space are covered by the different databases.

1.5 Diversity of MOF databases

We define the current chemical design space as the combination of all the synthesized ma-

terials and the in silico predicted structures, i.e., all the materials in the known databases.

The real chemical design space, of course, can be much larger, as one can expect that novel

classes of MOFs will be discovered. It is instructive to visualize how each MOF database is

covering the current design space. This design space, as described by our descriptors, is a

high-dimensional space and to visualize this we make a projection on two-dimensions.

The projection of the pore geometry of our current design space is shown in Fig. 1.2a. The

color distribution shows a gradient in the pore size of the MOFs, from small to large pores

moving on the map from left to the right. Other panels show how the different MOF databases

are covering this space. The distributions of the geometric properties of the databases are

considerably different from each other. For example, the experimental MOFs (CoRE-2019) are

mainly in the small pore region of the map. Remarkably, the hypothetical databases also have

very different distributions. While BW-DB covers the intermediate pore size regions, ToBaCCo

is biased to the large pore regions of the design space.

The hypothetical structures have been generated to explore the design space of MOFs beyond

the experimentally known structures. In Fig. 1.3 we show how these databases are covering the

design space (see Extended Data Fig. 1.2 for the distribution of each database and Extended

Data Fig. 1.1 for PCA). We use diversity metrics [102] to quantify the coverage of these databases

in terms of variety (V), balance (B), and disparity (D). The pore geometry, linker chemistry, and

functional groups design spaces are well covered and sampled by the hypothetical databases.

However, we observe a serious limitation in diversity, in particular in the variety of the metal

chemistry in hypothetical databases (Fig. 1.3b). Compared to the experimental database,

the variety of the metal chemistry of MOFs by hypothetical databases is surprisingly low;

only a limited number of MOF metal centres are present (18 metal SBUs for all hypothetical

databases, see SI).

The choice of the organic linker and the placement of functional groups are readily enu-

merated; one can take the large databases of organic molecules [103] as a rich source of

the possible MOF linkers or functional groups. In contrast, the metal nodes of MOFs are

typically only known after a MOF is synthesised. For example, at present we cannot predict

that if Zinc atoms during the MOF formation would cluster in a Zinc paddle-wheel (e.g., in
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Figure 1.2 – Map of the pore geometry of MOFs. To project the geometric descriptor space of MOFs

to a 2D map we use the t-Distributed Stochastic Neighbour Embedding (t-SNE) [101] method (see

Extended Data Fig. 1.1 for principal component analysis (PCA)). The t-SNE method preserves pairwise

distances, ensuring similar structures are mapped close to each other in two dimensions. (a) The

current design space colour coded with the largest included sphere. In (b), (c), and (d), the green,

blue, and red dots are representing the materials in the CoRE-2019, BW-DB, and ToBaCCo databases,

respectively, which are overlaid on the design space represented in grey. See Extended Data Fig. 1.1 for

PCA which show a similar distribution of databases.
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Figure 1.3 – Diversity metrics and maps of different domains of MOF structures. The t-SNE method

was used to project the (a) pore geometry, (b) metal chemistry, (c) linker chemistry, and (d) functional

groups descriptor spaces to 2D maps. Only descriptors up to the second coordination shell were

included for metal chemistry to emphasize the local metal chemistry environment. In each panel, the

structures from the hypothetical databases are coloured and overlaid on the entire known design space

represented in grey. The radar charts show the three diversity metrics: variety (V), balance (B), and

disparity (D), for the three databases. For this analysis, first we discretize the space into a fixed number

of bins. Variety measures the number of bins that are sampled, balance the evenness of the distribution

of materials among the sampled bins, and disparity the spread of the sampled bins.

Zn-HKUST-1), [104] a single node (e.g., in ZIFs) [61], Zn4O (e.g., in IRMOFs) [59], or to a totally

new configuration. Therefore, we expect that there are many missing points on the metal

chemistry map in Fig. 1.3b which will be found in the coming years.

1.6 Applications of diversity analysis

We illustrate the importance of quantifying the diversity of the different databases by three

examples. The first example illustrates how machine learning can be used to extract insight

on how the performance of a material is related to its underlying structure [73, 94, 96]. As

our descriptors represent each domain of the MOF architecture, we can quantify the relative

importance of these domains on CH4 and CO2 adsorption.

Within each database, the importance of variables varies significantly across different gases

and different adsorption conditions (see Extended Data Fig. 1.3 and 1.4). These results follow

our intuition; the chemistry of the material is more important in the low pressure regime,

while at high pressures the pore geometry is the dominant factor. Moreover, we observe that

material chemistry is more important for CO2 than for CH4 adsorption.
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If each of these databases would have covered a representative subset of MOF chemistry,

one would expect that each database would give a similar result for the importance of the

different variables. However, we observe striking differences when we compare across different

databases, which indicates that there are biases in the different databases. An illustrative

example is CO2 adsorption at low pressure. Anderson et al. [73] concluded from their analysis

of the (ARABG-DB) database that the metal chemistry is not an important variable for CO2

adsorption. However, Extended Data Fig. 1.5(a) shows that for each of these databases different

material characteristics are important for the models in predicting CO2 adsorption. For

example, pore geometry is the most important variable in the BW-20K, while metal chemistry

in CoRE-2019, and the functional groups in ARABG-DB. The reason why metal chemistry

was not identified as an important factor by Andersen et al. was that metal chemistry was not

explored sufficiently in their database as only four SBUs were used for structure enumeration.

In our second example, we focus on how our diversity analysis can help us to identify oppor-

tunities for the design of new structures. At present, there are over 90,000 MOFs that have

been synthesised and one would like to be sure that MOF 90,001 adds relevant information.

Similarly for the hypothetical databases one would add new structures to any screening study

only if they are complementary to the many that already exist.

For CO2 capture from flue gases, which corresponds to CO2 adsorption at low pressure in our

study, we have shown that metal chemistry cannot be ignored (Extended Data Fig. 1.5a). Our

diversity analysis shows that this domain is not well covered by hypothetical databases (see

Fig. 1.3). Therefore, exploring different metal chemistries in these databases would increase

the diversity of these databases. For this we have developed a methodology to mine unique

MOF building blocks from the experimental MOF databases (see method section). Extended

Data Fig. 1.6 show some of these SBUs that have not been used for structure enumeration in

these hypothetical databases yet, and including these missing structures in a screening study

could lead to the discovery of materials with superior performance.

For methane storage our analysis shows that the single most important factor is the pore

geometry (see Extended Data Fig. 1.5b). All databases confirm that pore geometry is the most

important factor. For this application, each of the databases have a sufficient diversity in

geometric structures and other factors do not matter. This observation provides an important

rationale for the provocative conclusion of Simon et al. [105] that there is no point in looking

for new structures for methane storage as they are not expected to perform significantly

better for this application. Simon et al. arrived at this conclusion from a large screening of

650,000 random selection of structures from many databases of different classes of nanoporous

materials. Our study shows that indeed a large selection of structures from different databases

will cover the entire geometric space of the current design space. To significantly outperform

the best performing materials one would need a completely new chemistry and mechanism,

e.g., framework flexibility. [106]

In the final example, we focus on the effect of bias in the databases on the generalisability and
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transferability of machine learning predictions. Intuitively, one would expect that if we include

structures from all regions of the design space in our training set, our machine learning results

should be transferable to any database. We illustrate this point for the two databases CoRE-

2019 and BW-DB. We randomly select 2,000 structures that we use as test set. A diverse set of

structures based on the chemical and geometric descriptors was obtained from the remaining

structures in these two databases [107]. The accuracy of random forest models trained using

this diverse set is compared with the models trained using training sets from each database in

Extended Data Fig. 1.7. Clearly, the models that were trained on databases which are biased

to some regions of the design space result in poor transferability for predictions in unseen

regions of the space. In contrast and not surprisingly, the model that is trained with a diverse

set performs relatively well for both databases.

1.7 Discussion

An interesting side effect of MOF chemistry is that the enormous number of materials makes

this field ideal for big-data science. This development raises all kinds of new, interesting scien-

tific questions. For example, we have now so many experimental and hypothetical materials

that brute-force simulations and experiments are only feasible on a subset of materials. Hence,

it is essential that this subset covers the relevant chemistry as optimally as possible. In this

work, we have developed a theoretical framework on how to arrive at the most diverse set of

materials representing the state of the art of MOF chemistry.

Our framework relies on the notion that for chemists the chemical design space of MOFs is

a combination of pore geometry, metal nodes, organic linkers, and functional groups. By

projecting a material on a set of relevant descriptors characterizing these four domains of

MOF chemistry, we can quantify the diversity of databases. Adding structures that increase the

diversity metrics, implies that these structures add new information to the database. Given

that there are already so many materials and databases, there is a need for a simple and

powerful practical guideline to see whether new set of structures will have the potential for

new insights, or are relatively small variations of existing structures. Analysis of the diversity

can also give us insights in parts of the chemical design space that are not fully explored. An

interesting historical perspective is shown in Fig. 1.4, in which we plot as metric of novelty of

the discovered materials the distance to the geometry descriptor of the previously discovered

materials. The jumps in the graph nicely identifies structures that opened a new direction

of MOF research [85, 108–112], where 2012 was an exceptionally good year, which include

the discovery of the IRMOF-74 [112] series and the material with the lowest density [110] and

highest surface area [108] at their time.

One cannot separate diversity from the application. For example, if one is interested in

the optical properties of MOFs, which largely depends on charge transfer between metal

and ligand species, diversity in pore geometry might not be that important, and for such

a screening study the optimal representative set of materials will be different from say, a
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gas adsorption study. Yet, the same procedures to generate such a diverse set can be used

provided that the properties depend sufficiently gradual on the relevant descriptors. If one

has a property that dramatically changes by a slight change of the structure of the MOF, our

method would flag these structures as similar while the properties are in fact very different. Of

course, once such property is identified one can re-weight the measure of similarity to ensure

that those aspects of the descriptors that can distinguish these materials carry more weight.

MOF chemistry is not a static field, new classes of MOFs will be constantly developed. The

protocol that was introduced in this work can be (trivially) extended in the future to include

these new MOFs as they get reported, allowing to always generate a set of most diverse

structures that is representative of the whole database of known structures.

Figure 1.4 – Timeline of evolution of MOF geometry. For each year, the average of relative distance

in the geometry descriptor space to the MOFs reported in Cambridge structural database (CSD) [37]

in the preceding years is shown with red line. The MOFs with largest distance for some of the peaks

are shown in the inset [85, 108–114]. The years on the timeline are corresponding to the year that a

structure has been deposited in CSD. The gray line shows the coordination polymers reported in CSD

before the beginning of the MOF chemistry as a separate field of research, shown in red.
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1.8 Methods

RACs for MOFs

RACs [94] are products and differences on the graph of heuristic atomic properties. RACs were

first introduced for machine learning open shell transition metal complex properties [94,95,97].

The relative importance of heuristic properties proved valuable for interpreting structure-

property relationships and similarity of these transition metal complexes [96]. We have devised

an approach to extend RACs to periodic MOF materials by dividing MOFs into their constituent

parts. A typical [94] difference-based RAC correlation is computed on the graph representation

of the structure using:

st ar t
scope P di f f

d =
st ar t∑

i

scope∑
j

(Pi −P j )δ(di , j ,d). (1.1)

In this equation, atomic property P of atom i selected from start atom list is correlated to

atom j selected from scope atom list when they are separated by d number of bonds. To devise

MOF chemistry-specific RACs, we extend the concepts of start and scope introduced [94]

for metal-centered and ligand-centered RACs in transition metal complexes. Two atom lists,

namely start and scope, are needed to compute these RACs (equation 1.1). For the metal

centred RACs, we use the crystal graph as the scope atom list and the start atom list only

includes each of the metals in an SBU (see SI for full list). These RACs thus emphasize the

metal and SBU contributions to MOF chemistry and property prediction. In describing linkers

and functional groups, we use RACs computed on the molecular graph of the corresponding

linker. In this approach, we only correlate atoms on the same linker, and therefore, the scope

atom list includes all the atoms from the same linker of the starting atoms. To construct the

molecular graph for each linker, we start by splitting the MOF to the corresponding linker lists.

Removing the metals from the crystal graph gives us a set of floating connected components.

We remove the atoms that are only bonded to the metals and/or hydrogens, e.g., the bridging

oxygen in Zn4O, and the corresponding hydrogen that are connected to these atoms, leaving

us with only the organic linkers and the coordinated organic molecules to the metal centres.

By separating the subgraphs of these connected components, we obtain the molecular graph

for each linker. Linker chemistry is described with two start atom lists, including full linker

and linker connecting atoms. Full linker atom list includes all the atoms on the linker. Linker

connecting atoms are the atoms that have a chemical bond with a metal center. Lastly, any

atom on a linker that is not a carbon or hydrogen atom, and is not linker connecting atom is

assigned to be a functional group and is included in the start atom list for functional group

descriptors. Note that Carbon based functionalisations, e.g., methyl functionalisation, would

not be identified as a functional group in this approach.

Similar to applications of RACs on transition metal complexes [94–96], five heuristic atomic

properties, including atom identity (I ), connectivity (T ), Pauling electronegativity (χ), covalent

radii (S), and nuclear charge (Z ) were used to compute RACs. To this set, we add polarisability
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(α) of atoms for the linker descriptors as suggested [73] to be an important factor for gas

adsorption properties of MOFs. These properties are used to generate metal centred, linker,

and functional group descriptors. Lastly, we take the averages of these descriptors to make a

fixed length descriptor. In total, this analysis produces 156 features (see SI for details).

Mining building blocks

The approach explained in the previous section can correctly identifies the organic SBUs.

However, rigorously recognising inorganic SBUs is challenging, requires advanced methods,

and might be dependent on the crystal graph simplification method [92]. In this study, we

leverage a RACs to mine inorganic SBUs specific to our data set. We make an atom list including

metal centres and their first and second coordination shells. We extract inorganic SBUs by

separating all connected subgraphs after removing all the atoms which are not included in this

list from crystal graph. Finally, we identify unique organic and inorganic SBUs by removing all

isomorph labelled molecular graphs using Cordella et al.’s [115] approach as implemented in

NetworkX [116].

Molecular simulation

The adsorption properties of the materials were computed assuming rigid frameworks. The

guest-guest interactions and host-guest interactions were modelled using Lennard-Jones

potential truncated and shifted at 12.8 Å and Coulombic electrostatic interactions computed

by Ewald summation. The force field parameters of the framework atoms and gas molecules

were extracted from UFF and TraPPE force fields, respectively (see full list of parameters in

SI), using the Lorentz-Berthelot mixing rule for pairs. Partial atomic charges of framework

atoms were generated using EQeq [117]. Grand canonical Monte Carlo and Widom insertion

were used to compute gas uptake and Henry coefficient of the materials, respectively. Each

calculation consists of 4000 initialisation cycles followed by 6000 equilibrium cycles. All the

gas adsorption calculations were performed in RASPA [118]. Adsorption properties were

computed at 0.15 bar (5.8 bar) and 16 bar (65 bar) for CO2 (CH4) for low and high pressures,

respectively. All adsorption calculations were performed for room temperature. The pore

geometry was described using eight geometric descriptors, namely largest included sphere

(Di), largest free sphere (Df), largest included sphere along free path (Dif), crystal density ρ,

volumetric and gravimetric surface area and pore volume. The geometric descriptors were

computed using Zeo++ [93, 119], using a probe radius of 1.86Å.

Machine learning

Random forest regression (RF), gradient boosting regression (GBR), and kernel ridge regression

(KRR) models were used in this study. All computations were performed in scikit-learn [120]

machine learning toolbox in python.
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The hyperparameters for GBR and RF models were chosen by grid search optimisation using

10-fold cross-validation (CV) minimising the mean absolute error (see SI for the range of

hyperparameters). For the KRR models, we first perform feature selection. Both recursive

feature addition (RFA) and explained variance threshold methods were used to find the the

feature subset that minimises the 10-fold CV mean absolute error of the model. For the RFA

method, the order of feature addition was done based on the importance of features derived

from the random forest mean decrease in impurity importance of variables following the

strategy in Ref. [97]. The hyperparameters of the KRR models were chosen by minimising the

10-fold CV score of the model using a mixed optimisation methods, including Tree of Parzen

Estimators (TPE), annealing and random search, using the hyperopt [121] package.

The features and labels were centred to zero and scaled using their mean and standard

deviation, respectively. Train-test splitting was performed randomly and the size of the train

sets are mentioned in the caption of each parity plot or table in the main text and the SI. All

the statistics reported were computed by averaging over 10 different random seeds used for

train-test splitting except in the figures for transferability of models between databases where

fixed test sets were used.

The relative importance of variables were computed for the random forest models. Three

different approaches were used to derive the feature importance (see SI for comparison).

The first approach is based on the mean decrease in impurity (Gini importance) which is

computed while training a random forest regression. The second and third approach are

permutation importance and SHapley Additive exPlanations (SHAP) [122], respectively, which

were computed for the test or train set.

Diversity metrics

To compute the diversity metrics, we first split the high-dimensional spaces into a fixed

number of bins by assigning all the structures to their closest centroid found from k-means

clustering. Here, we use the percentage of all the bins sampled by a database as the variety

metric. Furthermore, we use Pielou’s evenness [123] to measure the balance of a database, i.e.,

how even the structures are distributed among the sampled bins. Other metrics, including

relative entropy and Kullback-Leibler divergence are a transformation of Pielou’s evenness

and provide the same information (see SI for comparison). Here, we use 1000 bins for these

analyses (see sensitivity analysis to the number of bins in SI). Lastly, we compute disparity,

a measure of spread of the sampled bins, based on the area of the concave hull of the first

two principal components of the structures in a database normalized with the area of the

concave hull of the current design space. The areas were computed using Shapely [124] with

circumference to area ratio cutoff of 1.
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1.9 Extended Data Set

Extended Data Table 1.1 – Material databases. The list of the databases investigated in this study.
The bold letters are the name that are used to refer to each database throughout the article.

Name type
number of
structures

Notes and References

CoRE-2019 experimental ∼12,000

Computational Ready,
Experimental (CoRE) MOFs

initially developed [98] and later
extended by Chung et al. [86]

CoRE-DDEC experimental ∼3,000

The refined subset of CoRE–MOF
database [98] with DDEC partial

atomic charges developed by
Nazarian et al. [99]

hMOF hypothetical ∼130,000
hypothetical MOFs generated by

Wilmer et al. [64]

BW-DB hypothetical ∼300,000
hypothetical MOFs generated by

Boyd et al. [69, 87]

ToBaCCo hypothetical ∼13,000
hypothetical MOFs generated by

Gomez-Gualdron et al. [71]

BW-20K hypothetical ∼20,000
a diverse subset of structures from

BW-DB database

ARABG-DB hypothetical ∼400
hypothetical MOFs generated by

Anderson et al. [73]
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Extended Data Table 1.2 – Accuracy of machine learning predictions of gas adsorption properties
of MOFs. For each database, KRR models were trained using ∼7,000 training data points randomly
chosen from the database and the remaining structures were used for testing. The numbers are reported
for the test set prediction. KRR models use similarity in terms of pairwise distances in feature space
for predictions. The statistics are reported as the average over 10 separate train-test splits. Henry
coefficient (kH), gas uptakes and deliverable capacity for CH4, and gas uptakes for CO2 are reported in
mol.kg−1.Pa−1, vSTP/v, and mol.kg−1, respectively. MAE: mean absolute error; RMAE: relative mean
absolute error (%), and SRCC: Spearman ranking correlation coefficient.

property Database
Geo. Descriptors Geo.&Chem. Descriptors

MAE RMAE SRCC MAE RMAE SRCC

C
H

4

log(kH)
CoRE2019 0.29 4.77 0.67 0.20 3.26 0.84

BW-20K 0.17 4.24 0.79 0.14 3.35 0.87

Upt@5.8 bar
CoRE2019 19.59 7.34 0.75 12.94 4.85 0.88

BW-20K 11.54 6.21 0.90 8.80 4.74 0.94

Upt@65 bar
CoRE2019 19.94 5.36 0.92 16.64 4.47 0.94

BW-20K 14.35 4.90 0.93 10.88 3.72 0.96

Del. Cap.
CoRE2019 14.78 5.15 0.90 13.71 4.78 0.91

BW-20K 9.90 4.39 0.97 9.90 4.39 0.97

C
O

2

log(kH)
CoRE2019 0.74 8.29 0.50 0.51 5.64 0.77

BW-20K 0.31 4.60 0.82 0.24 3.57 0.89

Upt@0.15bar
CoRE2019 0.92 9.90 0.57 0.57 6.12 0.81

BW-20K 0.43 5.21 0.83 0.30 3.59 0.92

Upt@16.0bar
CoRE2019 0.83 2.46 0.96 0.65 1.92 0.97

BW-20K 1.15 3.33 0.98 0.74 2.16 0.99

C
h

ar
ge MPC

CoRE2019 0.28 10.2 0.44 0.07 2.54 0.93
BW-20K 0.11 4.92 0.63 0.05 2.01 0.90

MNC
CoRE2019 0.17 5.98 0.30 0.11 3.97 0.75

BW-20K 0.10 3.88 0.35 0.07 2.70 0.71
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Extended Data Figure 1.1 – The PCA maps showing the distribution of the materials in each
database. Each database is overlaid using colored dots over the current chemical space that is shown
in gray.
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1.9. Extended Data Set

Extended Data Figure 1.2 – The t-SNE maps showing the distribution of the materials in each
database. Each database is overlaid using colored dots over the current chemical space that is shown
in gray.
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Extended Data Figure 1.3 – Feature values for CH4 adsorption properties. Pie charts showing the
SHAP values (importance of variables). SHAP values were computed for the random forest regression
models using a training set of CoRE-2019 and BW-20K, and all structures in ARABG-DB. For the
chemical features, the importance of variables was summed over all RAC depths for each of the
heuristic atomic properties. See method section for the meaning of the labels.

24



1.9. Extended Data Set

Extended Data Figure 1.4 – Feature importance for CO2 adsorption properties. Pie charts show-
ing the SHAP values (importance of variables). SHAP values were computed for the random forest
regression models using a training set of CoRE-2019 and BW-20K, and all structures in ARABG-DB.
For the chemical features, the importance of variables was summed over all RAC depths for each of the
heuristic atomic properties. See method section for the meaning of the labels.
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Extended Data Figure 1.5 – Database dependence of the identified important material character-
istics for adsorption properties. Pie charts showing the SHapley Additive exPlanations (SHAP) values
(importance of variables) for (a) the low pressure CO2 adsorption and (b) CH4 deliverable capacity.
SHAP values were computed for the random forest regression models using a training set of CoRE-2019
and BW-20K, and all structures in ARABG-DB. For the chemical features, the importance of variables
was summed over all RAC depths for each of the heuristic atomic properties. See method section for the
meaning of the labels. Similar values for importance of variables were obtained using other techniques
(see SI).
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BOWJAA - Zn MAGBON - Zn BOKQEZ - Mn

NIGNUO - Co MARNOL - Co MAWFEY - Zn-Mo

NIYZIG - Zn LITCIC - Ni RIBTAZ - Cu

LOFVUY - V LIKGUJ - Cu BOXFOK - Dy

Extended Data Figure 1.6 – Inorganic SBUs mined from CoRE-2019. Examples of inorganic SBUs
that are missing in hypothetical MOF databases. The CSD names and metal types are shown below
each SBU.
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Extended Data Figure 1.7 – Diversity of training data and its impact on transferability of machine
learning model. The parity plots of random forest models using full features; rows and columns
correspond to the training and test sets, respectively. The dashed red lines represent the parity. The
size of training sets are equal in all cases. The same structures were used as test sets in each column.
The diverse set was selected using the MaxMin [107] algorithm using all geometric and chemical
descriptors.
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1.10 Supplementary materials

Structure refining steps and for featurization and gas adsorption calculations

To prepare the data for featurization and gas adsorption calculations, we carried out a series

of steps for cleaning the databases we studied (Figure 1.5). As a first step, we check if the

occupancies of the cif file is correct while parsing the structures. We exclude all the cif files

that are large, or they do not contain any metals. Then, We compute the periodic pairwise

distance matrix between all atoms of the framework and identified cases with atomic overlap

when the pairwise distance between two atoms is less than the covalent radii of each atom.

After assigning the adjacency matrix, we check each of the connected components of this

matrix, and the structures with a connected component that does not contain a metal are

identified with having floating atoms (e.g., a solvent molecule) and excluded. If a structure

passes all these steps, we perform geometric and RACs featurization for it. The next step is to

filter materials for gas adsorption calculation. All the structures that are non-porous to a probe

radius of 1.86Åwere excluded for the gas adsorption calculations. We perform partial atomic

charges assignment in this step. The structures that take framework maximum positive charge

bigger than 3 or minimum positive charge smaller than −3 are recognized to be unrealistic

and were excluded.

Database

Parse cif

Atomic Overlap

Floating atoms

Large cif

(>2500 atoms)

No metal in each

connected component

Geometric and Chemical

Featurisation

Non-porous to Probe

Radii 1.86 Å

EQeq charge

assignement

Molecular

Simulation

Figure 1.5 – A flowchart representation of the database refinement carried out in this study.
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Partial atomic charges

The partial atomic charges for the CoRE-2019 were derived using the extended charge equili-

bration method. We use random forest regression models to predict the maximum positive

charge (MPC) and minimum negative charge (MNC) of the frameworks using only geometric,

and geometric and chemical descriptors. We observe the chemical descriptors are able to learn

and predict these attributes of the MOF structures in the CoRE-2019 with high accuracies

(Figure 1.6).
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Figure 1.6 – Two–dimensional histogram parity plots and statistics of the accuracy in machine learning

predictions of, (a) and (b) the framework maximum positive charge (MPC), and (c) and (d) minimum

negative charge (MNC) using only geometric descriptors in (a) and (c), and geometric and chemical

descriptors in (b) and (d), for test set from CoRE-2019. Partial atomic charges were derived using EQeq

method for this database. Random forest regressions were trained using ∼7,000 structures and the

remaining structures (∼2,500 structures) were used as test set. Statistics were reported as average over

10 separate random seeds for train-test splitting. Color-bar shows number of structures in each cell of

the histogram.

For a subset of the structures in the CoRE MOF database ( 2900 structures - CoRE-DDEC),
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Nazarian et al. performed DFT calculations and derived DDEC charges. Comparing DDEC

charges with EQeq is instructive. The correlation between these charges are poor which shows

the intrinsic problem with unique featurization of MOF structures using method dependent

features (Figure 1.7). We see in figure 1.8 that our chemical descriptors are able to learn

the charges derived with both EQeq and DDEC approaches. We note that our prediction

accuracies are higher for DDEC charges. This might be due to more smooth behaving of the

DFT derived charges which ease the learning process.
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Figure 1.7 – Two-dimensional histogram parity plots and statistics of correlations between two meth-

ods for deriving partial atomic charges, namely extended charge equilibration (EQeq) and density

derived electrostatics and chemical (DDEC) methods. (a) maximum positive charge of the framework

and (b) minimum negative charge of the framework.
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Figure 1.8 – Two–dimensional histogram parity plots and statistics of the accuracy in machine learning

predictions of, (a) and (b) the framework maximum positive charge (MPC), and (c) and (d) minimum

negative charge (MNC) derived from DDEC method in (a) and (c), and EQeq method in (b) and (d),

for CoRE-DDEC. Random forest regressions were trained using ∼2,000 structures and the remaining

structures (∼800 structures) were used as test set. Statistics were reported as average over 10 sepa-

rate random seeds for train-test splitting. Color-bar shows number of structures in each cell of the

histogram.
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2 Geometric Landscapes for Material
Discovery within Energy–Structure–
Function Maps 1

Polymorph 
identification

Material dataset

Geometric landscape

ESF map

ML prediction 
of properties

1Preprint version of the article Seyed Mohamad Moosavi, Henglu Xu, Linjiang Chen, Andrew I. Cooper, and
Berend Smit, 2020, submitted. S.M.M. developed the code for persistent homology, developed the machine
learning methodology, performed the calculations, and wrote the manuscript.

33



Geometric Landscapes

Abstract

Porous molecular crystals are an emerging class of porous materials formed by crystallisa-

tion of molecules with weak intermolecular interactions, which distinguishes them from

extended nanoporous materials like metal–organic frameworks (MOFs). To aid discovery of

porous molecular crystals for desired applications, energy–structure–function (ESF) maps

were developed that combine a priori prediction of both the crystal structure and its func-

tional properties. However, it is a challenge to represent the high–dimensional structural and

functional landscapes of an ESF map and to identify energetically favourable and functionally

interesting polymorphs among the 1,000s–10,000s of structures typically on a single ESF map.

Here, we introduce geometric landscapes, a representation for ESF maps based on geometric

similarity, quantified by persistent homology. We show that this representation allows the

exploration of complex ESF maps, automatically pinpointing interesting crystalline phases

available to the molecule. Furthermore, we show that geometric landscapes can serve as

an accountable descriptor for porous materials to predict their performance for gas adsorp-

tion applications. A machine learning model trained using this geometric similarity could

reach a remarkable accuracy in predicting the materials’ performance for methane storage

applications.

2.1 Introduction

Design and discovery of porous materials with tailor-made pore sizes, pore shapes, and chem-

ical functionalities is central to a variety of industrial and technological applications, such as

gas separation and storage, catalysis, and electronics. [125, 126] Porous molecular crystals are

a class of porous materials formed by crystallisation of molecules with shapes that frustrate

close packing and/or that have internal, molecular pores. [62, 127] Their discrete molecular

building block structures give them certain advantages over other extended framework-type

or polymeric materials, such as ease of synthesis and applicability where solubility and amor-

phous porous phases are desired. [128, 129] Porous molecular crystal materials with high

surface areas have been synthesised (to date, up to 3758 m2 ·g−1) [130], some of which show

promising performance in applications, including hydrogen isotope separation, [131] Xe/Kr

separation, [132] and molecular separation. [133]

With the significant progress made in fast and accurate in silico prediction of properties

and performance of materials, [134, 135] particularly of porous materials, [26, 66, 136] com-

putational modelling plays a significant role in material design and discovery. Using com-

putational techniques, one could generate hypothetical materials to explore the potential

chemical space beyond the experimentally realised materials, and then perform in silico

high-throughput screening of their performance to find the optimal materials for a given

application. [71, 137, 138] Unlike framework-type porous materials, such as metal-organic

frameworks (MOFs) and covalent organic frameworks (COFs), which are formed by strong

coordination or covalent bonds, porous molecular crystals are formed by the balance of many
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weak intermolecular interactions, e.g., π−π stacking and hydrogen bonding. As a result,

small changes in the molecular structure can drastically change the landscape of possible

crystalline packing, leading to different degrees of propensity for polymorphism and materials

properties thereby. [139] Hypothetical material generation techniques that are widely used for

framework materials are not generally applicable to porous molecular crystals. To account

for this challenge in design and discovery of porous molecular crystals, Pulido et al. [140]

proposed the concept of energy–structure–function (ESF) maps, combining crystal structure

prediction (CSP) with material property prediction, which represents the possible material

properties associated with the molecule. For a known molecule, [141] ESF maps revealed

new stable polymorphs that were predicted to be promising for different applications before

they were targeted for synthesis and measurement in the lab. In this technique, the relative

lattice energies of the in silico generated structures are projected on a representation of the

structural landscape to make a crystal energy landscape, [142] which is used to guide the

search of stable packing of the molecule. For molecules showing a simple structural land-

scape (e.g., with a pronounced minimum well separated from the bulk of the landscape), a

1–dimensional representation of the landscape, often based on the crystal density, [142, 143] is

sufficient to reveal the stable packing arrangements for the molecule. [144] However, porous

molecules having an internal cavity or a shape that prevents close packing often give rise to

a rich, high-dimensional structural landscapes, with multiple local minima. Some of these

minima can be easily hidden in a simple 1–dimensional representation. Hence, it is desirable

to project an ESF map onto a more complete representation of the CSP landscape, which

closely respects the high-dimensional nature of the ESF map, thus improving its predictive

ability in pinpointing crystalline packings for desired materials functions.

Ideally, one would construct a crystal energy landscape by representing the free energy surface

of the crystals as a function of thermodynamic variables. [142,145,146] However, this becomes

challenging and infeasible for large molecules or complex energetics of the systems in presence

of solvent molecules. [143, 144] Therefore, descriptors able to distinguish different crystalline

phases are desired for constructing a good representation of the structural landscape. A robust

structural descriptor for crystals should be invariant with respect to the choice of crystal lattice

vectors, the permutation of atoms in the crystal structure, and rigid motions of the structure

such as translation and rotation. [41] For the purpose of studying porous molecular crystals, a

good descriptor should also be invariant to subtle perturbations to the local arrangements

of the molecules at their lattice positions. Assuming similar packing leads to similar pore

geometries, one can use geometric descriptors to distinguish different molecular packings.

Examples of conventional geometric descriptors include crystal density, pore volume, sur-

face area, and pore diameter, all of which satisfy the requirements mentioned above and are

cheap to compute; they have been used for representation of structural landscapes. [140]

However, each of these conventional descriptors describes partial geometric features only and

fails to encode the full picture of the pore shapes of porous materials. [74, 147] Alternatively,

one can use persistent homology from mathematics to compute the topological features

of shapes. [148] Persistent homology is an algebraic tool which describes these topological
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features with a set of persistent barcodes. [149] Persistent homology barcodes provide a quan-

titative description of the pore shapes, and notably, satisfy the requirements for a geometric

representation. While persistent homology was traditionally developed for topological data

analysis (TDA), [150–152] it has now been extended to a variety of other disciplines, including

material sciences. [153–156]

In this work, we developed a geometric representation based on persistent homology, which

allowed us to compute a robust representation of the structural landscapes based on geomet-

ric similarity. We show that this representation can be used to automatically explore large

databases of porous molecular crystals. This representation has advantages over representa-

tions based on a single geometric descriptor in identifying stable crystalline phases, because

of its power in encoding the high–dimensional information of an ESF map so as to distinguish

structures with unique geometric features not captured by any single geometric descriptor.

Moreover, we show that the method offers an explicit structure–function relationship between

pore geometries and gas adsorption properties of porous molecular crystals, making ESF maps

machine learnable with high accuracies.

2.2 Geometric landscapes

We start with conceiving a representation for the structural landscapes based on geometric

similarity. In such a representation, the structures with similar pore geometry should be

mapped close to each other. To formulate this representation, we need a metric to assign

similarity between pore shapes. Quantifying this geometric similarity is not trivial as, for ex-

ample, structures with the same crystal density or largest included sphere could be envisioned

with totally different pore shapes. [157] Persistent homology, however, allows us to quantify

this geometric similarity. Persistent homology can capture the overall similarity of the pore

shapes; in contrast to the conventional descriptors, which are more limited. We call such

representation of the structural landscape a geometric landscape. The relative lattice energies

of the crystals will be projected on this representation to form a crystal energy landscape

based on the geometric similarity.

To construct the geometric landscapes, we start with identifying the pore structure of the

materials. Here, we use a point cloud sampled on the surface of the accessible pores of the

material to a probe atom with a van der Waals radius of 1.5 Å. [93] The persistent homology

barcodes then were computed over filtering topological objects to the size of 8 Å of the

constructed Vietoris-Rips complexes [158] up to the second dimension for the sampled point

cloud (See Figure 2.1, method section, and our previous works [74, 75] for more details). Each

dimension of the barcode captures part of the topological features of the pore shape. The

zeroth dimension, which gives the number of connected components, is discarded as it does

not contain useful information for our analysis. The first and second dimensions of the

barcodes capture the features related to the surface and volume of the pore, respectively. Each

geometric barcode records the birth and death of these topological objects, which correspond
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to the size these features have in space.
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Figure 2.1 – Calculation steps for computing the persistent homology barcodes for a porous molecular

crystal. First, a point cloud is sampled on the pore surface of the material. Then, the persistent

homology barcodes are computed for this point cloud. The figure on the right is the persistent diagram

of the barcodes of the material computed up to the second dimension. This diagram plots the birth

and death time of the barcodes.

The persistent homology calculations map each structure in the database to a high-dimensional

topological space. In this space, the pairwise distance between each pair of structures is de-

fined by the distance between their persistent homology barcodes. This pairwise distance

corresponds to the geometric similarity between the structures in the high-dimensional space

where structures with a large distance are geometrically dissimilar while the structures with a

small distance are geometrically similar. The L2 persistence landscape distance [159–161] is

used to determine the persistent homology barcode distances because of our previous success-

ful experience in assigning pore geometry similarity using this metric. [74] To make the final

representation, instead of including the entire dataset, consisting of 1,000s – 10,000s crystal

structures, in the final representation of the geometric landscape, we first classify the dataset

to find unique pore-geometry classes. From each class, we use only a landmark structure

as a representative structure, to be included on the final geometric landscape. This method

allows applying this analysis to extra-large databases (e.g., for datasets that consider multiple

conformers) as instead of representing all data points, only representative, low–energy struc-

tures are shown on the geometric landscape while still encompassing all the unique classes

of pore shapes. Also, it simplifies the representation of the high-dimensional space to avoid

over sampling and representing of populated classes with many structures, yet, very similar

geometries. This approach is similar to landmark multidimensional scaling, a widely–used

dimensionality reduction methodology in computer science and data analysis. [162] To find

these representative landmark structures, we perform a Voronoi decomposition of the topo-

logical space using the pairwise distances between the barcodes of the materials. To perform

this Voronoi decomposition, we select a set of landmark structures covering the topological

space with minimum pairwise distance smaller than 10% of the size of the topological space

using MaxMin algorithm, [163] which ensures the landmarks were distributed homogeneously

in the entire topological space (See method section for details). We assign the remaining

structures in the Voronoi cell to their representative landmark structures.

The next step is to apply this technique to generate geometric landscapes for three datasets of
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Figure 2.2 – The geometric landscapes of the three triptycene based molecules studied in this work, (a)

T0, (b) T2, and (c) P2, with the chemical formula of C20H14, C23H14N6O3, and C38H22O4N8, respectively.

The colour coding shows the number of similar structures to the landmark structure of each node

of the geometric landscape. The structures that are contained in a high-dimensional sphere in the

topological space centred on the landmark structure with the radius of 15% of the size of the space are

counted as similar structures.

crystal structure prediction (CSP) for T0, T2, and P2 molecules (Figure 2.2). These molecules

possess different directional intermolecular interactions and rigid shapes that promote poros-

ity, and it was shown that they construct multi–minima and complex structural landscapes.

[140] Our analysis identified 67, 43, and 51 landmark structures for 2072, 3893, and 7860 porous

structures in T0, T2, and P2 datasets, respectively. To visualise these geometric landscapes,

we use multidimensional scaling (MDS) projection [164] of the relative positions of these

unique pore geometry classes using the pairwise distance between the landmark structures

in the topological space. MDS representations visualise similarity between individuals in a

dataset so that points with relatively small pairwise distances in the high dimensional space

are mapped close to each other. The MDS representation of the geometric landscapes of the

three databases are shown in Figure 2.2. In these geometric landscapes, each node, i.e., a

Voronoi cell of the topological space, represents a set of geometrically similar materials. Nodes

with similar barcodes are mapped close to each other and connected when their pairwise

distance in the topological space is below 20% of the size of space. The colour coding indicates

the number of structures that are similar to each of the landmark points with a cut–off distance

of 15% of the size of the topological space. We observe different landscapes for the molecules

in Figure 2.2. On the geometric landscape of T0, all the landmark structures are closely lo-

cated to one another, forming one big cluster, which is in line with its featureless, monotonic

energy–density distribution reported previously. [140] Similarly, the geometric landscape

of P2 shows one cluster of most of the landmark structures, with a smaller cluster located

nearby. By contrast, the T2 molecule yields a much more interesting geometric landscape, in

which the landmark structures are scattered to a larger extent in the spacing, indicating that
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these structures have more distinct pore geometries. A proportion of these scattered points

corresponds to “spikes” observed in the energy–density landscape for T2, [140] though we

point out that clusters of similar structures do not have to form such visible “spikes” to be well

separated in these geometric projections.
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Figure 2.3 – The geometric landscape of the T2 molecule, colour coded with conventional geometric

descriptors, namely (a) crystal density, (b) accessible surface area, (c) largest included sphere, and (d)

void fraction.

As a first step, we show that geometric landscapes can capture the expected geometric sim-

ilarity based on the conventional geometric descriptors. Figure 2.3 shows that the nodes

close to each other have similar values of the conventional descriptors, including crystal

density, accessible surface area, largest included sphere and accessible void fraction. In other

words, the materials that are measured to be similar in the topological space, indeed have

similar conventional descriptors. Furthermore, we can see in Figure 2.3 that, for example,

there are several landmarks with similar crystal densities (Figure 2.3a) but different cavity

sizes (Figure 2.3c). This shows that the geometric landscapes capture information beyond the

conventional descriptors used separately, as these landmarks are distinguished and classified

in different geometric classes. Capturing multiple geometrical features by one representation
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allows for better classification of structures with respect to their pore geometry to represent

the full picture of diversity in the pore shapes and geometry of the pores of molecular crystals.

If we drew lines from the lowest to the highest value for each conventional descriptor, we

would have obtained the 1–D representation of the landscape with respect to the conventional

descriptor. In such a 1–D representation, many classes of unique pore geometry will overlay

and hence it is difficult to identify. In the geometric landscapes, however, these 1–D represen-

tations are embedded into a high-dimensional topological space where all of these unique

geometric classes are distinguished from each other.

2.3 Energy-geometry landscapes

Each node of the geometric landscape represents a unique class of pore geometry, and there-

fore this representation could be used for identifying unique packing classes of the porous

molecular crystals. To find these unique packings, we select the structure with the lowest

lattice energy for each node in the geometric landscapes as the stable structure of the corre-

sponding geometry class. Using the geometric landscapes, we could identify many unique

classes of packing of the three molecules where some of these structures with ordered packing

are shown in Figure 2.4. These landmark structures exhibit a wide range of pore sizes and

shapes, immediately revealing potential targets for experimental efforts.

The stability of these polymorphs could be assessed based on their relative lattice energy

compared to the global minimum of the landscape. The energetic differences between the

polymorphs originate in different ratios of hydrogen bonding network, π−π stacking, and van

der Waals interactions for each packing. We use the T2 molecule to evaluate the potential of

geometric landscapes for exploring crystal structure prediction (CSP) databases to find stable

polymorphs because of prior experimental realisation of the molecule. [140, 141] In Figure 2.4,

we can see that T2-A, T2-δ, T2-γ, T2-α, and T2-β have relatively low lattice energy and, hence,

one predicts them to be experimentally accessible. Indeed, four of these materials are among

the known experimental polymorphs of the T2 molecule. Therefore, the geometric landscapes

could be used to search for stable structures in large CSP databases in one shot.

The other materials with higher relative lattice energies in Figure 2.4, yet with unique packings

and pore geometries, are potentially interesting because the lattice energy of the porous

molecular crystals can be stabilised with proper choice of solvents. Also, previous studies have

shown that the lattice energies could vary drastically with dynamics [140] and/or presence

of solvents, [165, 166] and therefore one could envision experimental realisation of those

materials by solvent stabilisation. However, finding all the experimentally known structures

of T2 molecules in the mainly populated cluster can be a sign of difficulty in synthesising

the structures in the smaller or isolated clusters (See 2.2). For those smaller clusters, as the

number of neighbouring structures is very low (See 2.2b), the potential well of the landscape

is very narrow, and it is unlikely for structures to be trapped in those area of the landscape.

This can be explained by the complex architecture of those structures in the small or outlier
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clusters, e.g., T2-C and T2-H in Figure 2.4b, which are more complex assemblies where the T2

molecules assemble to create a hierarchy of pore sizes.

Notably, we see a smaller number of unique ordered packings spotted for the T0 molecule in

comparison to T2 and P2 molecules, which implies a comparably simpler landscape of the

T0 molecule. This simplicity can be denoted to the lack of hydrogen bonding motifs in T0

molecule. Notably, the only experimentally observed structure for T0 is a densely packed and

non-porous structure, where van der Waals interactions are maximised.
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Figure 2.4 – The energy–geometry landscapes of (a) T0, (b) T2, and (c) P2 molecules. The structures

with Greek letters are already synthesised in previous works. [140, 141] The letters used for the other

structures are chosen in the basis of their relative lattice energy and names used in the previous

works. [140] Space–filling representation is used for visualisation of the structures. Carbon, Hydrogen,

Oxygen, and Nitrogen atoms are coloured grey, white, red, and blue, respectively.
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2.4 Function-geometry landscapes

The pore geometry of porous materials can be optimised for a given adsorption application.

Here, we show that geometric landscapes can be used for such optimisation. We show this

approach for methane storage application, which is an important application of nanoporous

materials. The material’s performance for this application is assessed by the deliverable

capacity, the difference in the gas uptake in a pressure swing adsorption process reported in

standard volumetric units (v STP/v). The adsorption and desorption pressure for this process

was set to 5.8 bar and 65 bar, respectively, by Advanced Research Project Agency-Energy

(ARPA-E). [53, 167]

Figure 2.5a shows the average methane deliverable capacity of materials in each node of

the geometric landscape of the T2 molecule. A good correlation between geometry and

performance is observed as materials mapped close to each other have similar deliverable

capacity. This analysis shows that the T2-γ structure and the corresponding geometrically

similar structures have almost optimal pore shape and size for the methane storage application

(Figure 2.5a). These materials have one-dimensional channels with a moderate gravimetric

surface area but large volumetric pore volume (Figure 2.3).
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Figure 2.5 – (a) Function-geometry landscape for the methane deliverable capacities of the T2

molecules. The color coding represents the average methane deliverable capacity of materials in

each node of the geometric landscape. (b) Two–dimensional histogram parity plot of the machine

learning prediction of the methane deliverable capacity for the materials in the test set. The colour

coding shows the number of structures in each cell of the histogram. MAE: mean absolute error. SRCC:

Spearman Rank Correlation Coefficient.

The narrow variation of the materials’ performance within each node of the geometric land-

scape shows a clear correlation between the materials’ performance and the geometry of the

pores (see supplementary material Figure S3 for the standard deviation of the materials’ per-

formance in each node). This suggests that the geometric landscapes can be used to explore

large databases of porous molecular crystals for finding good performing materials. A possible

strategy is to combine them with machine learning to filter out the low–performing materials
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from a large database. In such a scenario, [168] instead of performing brute force calculations

on the entire database, one carries out calculations only on a subset of structures to obtain

enough data, which are used to train the machine learning model. This machine learning

model is then used to identify potentially good performing materials where the expensive

calculations are worth performing on them. Since persistent homology analysis gives us

a metric of similarity, the natural choice for the machine learning model is a kernel based

model. [169, 170] In such a machine learning model, the predictions rely on the similarity

or dissimilarity (distance) of a data point to all the training data in the feature space, in our

case the topological space. [171] Therefore, the prediction accuracy is higher compared to a

method relying only on the nearest neighbor, e.g., the landmarks in Figure 2.5a. Here, we use

Kernel Ridge Regression (KRR) with combined conventional descriptors and persistent land-

scape distances (see method section for details). The machine learning predicted deliverable

capacities for 3,293 materials in test set are shown and compared to the molecular simulation

values in Figure 2.5b. The model accuracy for the out of train samples is remarkable with Mean

Absolute Error (MAE) of 7.0 (v STP/v) and Spearman Rank Correlation Coefficient (SRCC) of

0.95. This high accuracy of the machine learning model in predicting material properties and

their ranking is promising in comparison to the previous studies where much larger training

sets were used. [168, 172, 173] The high SRCC suggest that one can safely use the machine

learning model to rank materials and do more expensive calculations on the top performing

structures. This will drop the computational costs enormously as only 600 datapoints were

used for training the model. The high accuracy of the machine learning model is denoted

to the importance of pore geometry in the materials’ function. Basically, the adsorption

properties of porous materials are a function of their chemistry and pore geometry, [174, 175]

and since the chemistry of the molecule is fixed in each of the CSP databases, the geometric

similarity could sort out materials with respect to their function nicely.

2.5 Conclusions

We introduced a new representation of the structural landscapes for crystal structure predic-

tion (CSP) datasets and energy–structure–function (ESF) maps of porous molecular crystals

based on geometric similarity. We showed this technique has advantage over the typical

1–dimensional representation of the landscapes since it captures both local and global ge-

ometric similarity of the pore shapes of the materials. The structures that were identified

manually in previous works due to their similar conventional descriptors are classified in

different geometric classes in the new representation, allowing automatic identification of

unique packing of molecules. Moreover, since the chemistry of the building molecules is fixed

in a CSP database, this technique could reveal structure–function relationship for gas the

adsorption applications of porous molecular crystals.

We envision the geometric landscapes to be used to automatically explore CSP databases

for finding materials with two features, namely unique packing and high performance. This

technique allows exploring large CSP databases to find unique packings which could be
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subsequently tried to be synthesized experimentally. Besides, instead of performing brute

force calculations of a large database of porous materials for a given adsorption application,

one can prescreen the database to spot the good performing geometric classes and then do

calculations only on those structures that are in an identified good performing geometric class.

In this respect, we showed that machine learning could accelerate this procedure even further

as geometric landscapes are physically meaningful and machine-understandable [138, 176]

material representation for porous materials.

2.6 Methods

Materials

The crystal structure prediction databases of the molecules and the corresponding adsorption

properties of the materials were extracted from previous study. [140, 177]

Persistent barcodes and Voronoi decomposition of the space

We retrieved information of pore accessibility for each structure using Zeo++ [93] for a probe

radius of 1.5 Å and then sampled accessible pores with a fixed number of points per unit acces-

sible surface area. We constructed the Vietoris-Rips complex and generated zero-dimensional

(0D), one-dimensional (1D) and two-dimensional (2D) persistence barcodes, up to a cut-off

length of 8.0 Å using Ripser. [158] To quantise pore shape similarity between two structures

in the barcode space, we measured the pairwise distance, by a weighted combination of

L2-landscape distance [159, 160] based on their persistence barcodes (Eq. 2.1). Λd=1 andΛd=2

are the L2-landscape distances for the first and second dimension of persistent barcodes,

respectively.

d =
√

0.1×|∆ ASA|+0.45×Λ2
d=1 +0.1×Λ2

d=2. (2.1)

|∆ ASA| is the differences between accessible surface areas per volume of the two structures.

All the conventional descriptors were computed using Zeo++. [93, 119]

To perform Voronoi decomposition, we selected a set of landmark structures using MaxMin

algorithm, [162, 178] which ensured all landmarks were distributed homogeneously in the

entire barcode space. Then we assigned the remaining structures to their closest landmark

structures. When applying MaxMin algorithm, we chose the first landmark structure at

random, then for selecting a new landmark structure, we took the following steps:

1. For each structure, calculate its distances to all present landmarks, find the maximal

distance, recording as d Max
i , and the minimum distance, recording as d Min

i (i for the i th

structure);
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2. The new landmark is the structure with the maximal value of d Min
i . We record the maxi-

mal value among all d Max
i and assigne the size of the barcode space as the Max(d Max)

observed in all steps;

3. Repeat the above steps until Max(d Min) is less than 10% of Max(d Max) to ensure the

maximum distance between a structure to its corresponding landmark structure is less

than 10% of the maximum pairwise distance in the barcode space (a representative for

the size of the barcode space).

Visualising the pore geometry landscape

Multidimensional scaling (MDS) is a visualisation method based on the pairwise distances,

similarity or dissimilarity in a set of objects in a high-dimensional space. [164, 179] Here,

we used metric MDS using the pairwise distances between landmark structures computed

using equation 2.1. The MDS algorithm aims to preserve the relative distances between data

points in the high dimensional space when the points are projected on a 2D plane. The metric

for evaluating the consistency between the low dimensional representation and the high

dimensional distances is called the stress function Eq. 2.2. This function returns the residual

sum of squares of the distances in the HD space to the LD space. The stress function was

optimised by the stress majorisation algorithm, which is implemented in scikit-learn, a python

machine learning package. [120]

S =
( ∑

i , j=1···N
di , j −d i , j

) 1
2

(2.2)

Machine learning

Kernel Ridge Regression (KRR), a regression model with l2-norm regularisation and kernel

trick, was adapted from scikit-learn. [120] The kernel distances between structures were

determined using a combination of their distance in topological space (TS) and conventional

geometric space (CS). The distances in TS were computed using persistent homology and

equation 2.1. The euclidean distances between the conventional geometric descriptors were

used to compute the pairwise distances between structures in CS, using normalized values of

largest included sphere, crystal density, void fraction, and accessible surface area. Two radial

basis functions (RBF), Gaussian kernel, were used with two independent Gaussian width for

the TS and CS. The pairwise distance between data points computed with:

K =λKTS(dTS,σTS)+ (1−λ)KCS(dCS,σCS), (2.3)

where

KTSor CS(d ,σ) = exp
(−σd 2). (2.4)
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The model was trained using 600 training data using 10-fold cross validation and grid search

to find the optimal Gaussian width for each kernel and the regularisation factor. The accuracy

of model was found to be highest for λ equal to 0.5.

2.7 Supplementary materials
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0.0 0.1 0.3 0.4 0.6
Average Accessible Void Fraction

(d)

Figure 2.6 – The geometric landscape of T0 molecule. The color coding shows the average conventional

geometric descriptors, (a) crystal density, (b) accessible surface area, (c) largest included sphere, and

(d) void fraction, respectively.
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Figure 2.7 – The geometric landscape of P2 molecule. The color coding shows the average conventional

geometric descriptors, (a) crystal density, (b) accessible surface area, (c) largest included sphere, and

(d) void fraction, respectively.
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Figure 2.8 – The correlation between geometry and function for methane storage application for

T2 molecule. Low standard deviation in each bin of the geometric landscape shows the extend of

importance of pore geometry for this application.

49



Geometric Landscapes

100 200 300 400 500 600
Train Set Size

7

8

9

10

M
AE

 [v
ST

P/
v]

Figure 2.9 – Learning curve of the machine learning model. The mean absolute errors (MAE)

were computed 10 times each with a unique random seed for each train set size. Error bars

show the standard deviations.
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3 Capturing chemical intuition in syn-
thesis of metal-organic frameworks1

1Postprint version of the article published as: Seyed Mohamad Moosavi, Arunraj Chidambaram, Leopold
Talirz, Maciej Haranczyk, Kyriakos C. Stylianou, and Berend Smit, Nature Communications, 2019, 10, 539, https:
//doi.org/10.1038/s41467-019-08483-9. S.M.M. developed the optimisation and machine learning protocols.
S.M.M. and L.T. prepared the web application. S.M.M. and B.S. wrote the manuscript with contributions from all
authors.
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Intuition in Synthesis

Abstract

We report a methodology using machine learning to capture chemical intuition from a set

of (partially) failed attempts to synthesize a metal-organic framework. We define chemical

intuition as the collection of unwritten guidelines used by synthetic chemists to find the

right synthesis conditions. As (partially) failed experiments usually remain unreported, we

have reconstructed a typical track of failed experiments in a successful search for finding the

optimal synthesis conditions that yields HKUST-1 with the highest surface area reported to

date. We illustrate the importance of quantifying this chemical intuition for the synthesis of

novel materials.

3.1 Introduction

Since two decades ago, when metal-organic frameworks (MOFs) emerged as a versatile class

of materials for variety of applications, the chemistry and applications of MOFs have been the

subject of a large body of research across several disciplines [85, 180]. MOFs were described

by the concept of reticular chemistry as materials composed of structural building blocks

assembled on a net [59]. The scientific excitement about MOFs originates in the fact that by

modifying the building blocks, i.e. changing the metal nodes or organic ligands, MOFs can

be tuned for a given application. Therefore, in principle, the number of possible materials

is infinitely large; however, since synthesis and optimisation of these materials can be time

consuming and laborious [181], only a fraction of them have ever been synthesised.

The synthesis of MOFs involves the self-assembly of the structural building blocks (known as

secondary building blocks (SBUs)) in a 3D periodic network. However, our understanding of

the self-assembly procedure, i.e. the kinetics and energetics of framework bond formation, nu-

cleation, and crystal growth, has remained too limited to guide the synthesis of these materials.

Specifically, since diverse and numerous chemistries exist in MOFs, even the known synthesis

conditions for one MOF are typically not transferable to new MOFs, and accordingly, this has

prevented chemists to draw a general synthetic route for these materials. The parameters for a

typical MOF synthesis include the selection of solvents and their composition, temperature,

and reaction time, etc. Considering each parameter as a variable, one needs to probe the high-

dimensional chemical space constructed by these variables to find sets of synthesis conditions

leading to formation and crystallization of the desired MOF. Without any prior knowledge, one

could envision a brute force approach and perform, say, a large grid search of the chemical

space using robotic synthesizers. The cost of this approach increases exponentially with the

number of variables, e.g. testing only ten choices for a space of nine variables requires a billion

experiments. With such poor statistics, one may wonder how so many MOFs could have been

synthesized? Clearly, the fact that thousands of MOFs have been synthesized [65] indicates

that chemists have been able to beat brute force statistics by orders of magnitude. Given

that at present there are at best some empirical guidelines, one can argue that their selection

of experimental conditions must have been positively biased by the chemical intuition that
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synthetic groups have acquired. While publications typically report only the most successful

synthesis conditions, the chemical intuition is built from all experiments, in particular, the

substantial number of partially successful and failed experiments. The aim of this work is to

develop a systematic approach to capture this chemical intuition.

Recently, machine learning is starting to be applied to chemical synthesis [182–188]. Most of

these efforts focus on predicting the outcome of a specific reaction. For instance, Raccuglia et

al. proposed and tested successfully the synthesis of a material by machine learning failed

experiments using decades of old notebooks of chemical synthesis [186]. Ahneman et al.

trained a random forest to predict the performance of the Pd-catalyzed Buchwald-Hartwig

reaction [184]. For MOF synthesis, the ligands and metal nodes are in most cases sufficiently

simple or even commercially available that their synthesis is often not the bottleneck. Most

time and effort are spent in finding the optimal conditions for the ligands and metal nodes

to self-assemble into crystals. In this work, we show how machine learning can be used to

capture and quantify the chemical intuition that researchers develop in their search for these

optimal conditions.

3.2 Synthesis and optimisation of the surface area of HKUST-1

To illustrate our methodology, we focus on a real-life example of MOF synthesis. HKUST-1 is a

well-studied MOF that has been synthesized by a large number of different groups [189–192].

Although all groups report high quality powder X-ray diffraction patterns, the different samples

show Brunauer–Emmett–Teller (BET) surface area ranging from ∼300 to ∼2000m2g−1 (See

Figure 3.9 for BET history) [189]. The comparison of the different synthesis conditions shows

that they differ mainly in solvent composition (e.g., mixtures of DMF, water, different alcohols,

and others), temperature (25°-180°C), and methods (e.g., conventional heating, microwave,

electrochemistry, mechanochemistry, ultrasonic, etc.). At present, we lack the knowledge to

explain why there are such differences in the BET surface areas, yet from a practical point of

view it is important to obtain this material with the highest surface area [193].

One can safely state that this body of work on HKUST-1 involves hundreds if not thousands of

experiments, of which only the successful conditions have been published. In this work, we

aim to make the case that important and useful information can be obtained, if these groups

would also have published their (partially) failed experiments. We use a robotic synthesis

procedure to efficiently regenerate part of the failed and partially successful experiments that

have been performed in the course to synthesize this material. Using a robotic synthesis

platform improves the reproducibility of the generated data. Our robotic synthesizer uses

microwave heating and the synthetic procedure involves selecting the setting of 9 different

parameters that fully specify the synthesis conditions. Hence, a particular experimental

condition can be described as a point in a 9-dimensional (chemical) space (see Table 3.2).

We have selected the ranges of synthesis conditions such that they include those solvents

and temperatures that have been reported as successful in the literature, but not necessarily
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Figure 3.1 – Optimisation of synthesis condition of HKUST-1. (a) Multidimensional scaling projec-

tion of the 9-D space of parameters onto a 2-D plane. In this representation, similar conditions are

plotted close to each other, and connected if they have normalized pairwise distance below 0.1. Grey

dots visualize the extent of the entire bounded (chemical) space, represented by mapping the set of

1000 most diverse synthesis conditions obtained from the MaxMin method. The red dots are the first

30 of this set which are used for the first experiments (G-1), the orange and blue dots mark the second

(G-2) and third (G-3) generations obtained from the first via the genetic algorithm (GA). (b) Progress in

crystallinity during GA optimization. The color of dots indicates the generation in the GA.

using microwave heating. Our robot can carry out 30 reactions per cycle, where a cycle is

completed typically within one day. A simple grid search to explore all possible experimental

conditions would require of the order of 109 robot cycles, which illustrates the need of this

chemical intuition, or in our case, in which we impose a lack of intuition, enhanced sampling

techniques.

In the case of HKUST-1, several quite different successful synthesis conditions have been

reported. Since the location of these sets of conditions are not known a priori, and for instance,

might be clustered in relatively small islands in the high-dimensional space, pinpointing them

is genuinely non-trivial. Simple gradient-based algorithms are discarded here due to the high

probability of winding up in a local optimum. Genetic algorithms (GAs) have proven to be

a robust global optimization algorithm for searching such a complex space [194, 195]. The

optimisation strategy in a GA is inspired by natural selection, nature’s optimisation strategy.

The 9-dimensional synthesis vector takes the role of the chromosome, carrying the synthesis

variables as its genes, which are evolved via selection, crossover, and mutation (see section 3.7).

Only the mutated genes of successful parents are transferred to the next generation, thus

optimizing the synthesis conditions generation by generation.

We start the search for the optimal synthesis conditions without any chemical intuition,

i.e. all components of the 9-dimensional synthesis vector are considered equally important.

The first run aims to cover the experimental space as widely as possible, using the MaxMin

method [196], to obtain the set of 30 most diverse synthesis conditions. Figure 3.1a shows these
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conditions in a multidimensional scaling (MDS) projection. MDS-plots visualize the similarity

between individuals in a dataset [197]. In this study, the Euclidian distance of normalized

variables measures the similarity between synthesis trials. In Figure 3.1a, similar synthesis

trials are mapped close to each other while dissimilar experiments are far from each other on

the map (see method section for details). As expected, but not intuitively obvious, in such a

high dimensional space the most diverse set is located at the edges. The synthesis is attempted

for each of the conditions, and the samples are analyzed for crystallinity and phase purity.

Using those metrics for the objective function, we evolve the second generation and perform

synthesis for all 30 new conditions. We measure crystallinity, phase purity, and BET surface

area, and combine those metrics for the objective function for the third generation.

Figure 3.1b shows the progress in crystallinity over the three generations of experiments. The

GA generations contain several different synthesis conditions that yielded samples with ideal

powder X-ray diffraction pattern and phase purity. For highly crystalline samples in each

generation, we determined the BET surface area (see Table 3.1 and Figure3.10 for powder

X-ray patterns of the samples), and, not surprisingly, find a wide range of BETs, including the

largest reported BET to date. Figure 3.2 illustrates that the optimal conditions for the synthesis

of HKUST-1 yielded large crystals, while the samples with a lower BET showed intergrowth

and other deviations that are not captured by powder diffraction analysis. Since the BET

of 2045m2g−1 close to the theoretical maximum of 2153m2g−1 [198], there was no need to

further continue our GA using the BET as objective function.

Figure 3.2 – Scanning electron micrograph of several Cu-HKUST-1 samples. All these samples

have high crystallinity but show a wide range of surface areas (see Table 3.1 for surface areas and

Supplementary Figure 11 for more images). Scale bars for sample 1, sample 3 and sample 5 show 5, 4,

and 10 µm, respectively.

3.3 Capturing chemical intuition using machine learning

The common practice is to claim victory and publish the synthesis conditions that yielded the

highest experimentally measured BET value. Instead, we would like to focus on the observa-

tion that to achieve this high BET surface area, we have over 120 failed and partly successful

experiments. In the following, we analyze this data to quantify the relative importance of

the experimental variables on the outcome of the synthesis. We use the embedded tech-

nique in random decision forest, a machine learning regression model. The result is shown

in Figure 3.3a and provides the relative impact of the probed experimental parameters on
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Sample BET
[m2g−1]

Synthesis conditions

H2O
[ml]

DMF
[ml]

EtOH
[ml]

MeOH
[ml]

iPrOH
[ml]

Rectants
Ratio

Temperature
[°C]

Microwave
Power

[W]

Reaction
Time
[min]

1 367 0.5 0.0 5.0 0.0 1.0 0.9 120 174 58
2 526 0.5 1.0 0.0 4.0 0.0 1.8 176 246 44
3 935 0.0 4.5 0.0 0.0 0.0 1.8 123 200 7
4 1596 0.0 4.0 0.0 0.0 2.0 0.8 200 240 60
5 2045 0.5 2.5 2.0 0.0 0.0 1.5 140 200 20

Table 3.1 – BET surfaces and the corresponding synthesis conditions of the five samples with
the highest crystallinity.

crystallinity and phase purity. For example, changing the temperature has three times more

impact than changes in the reactant ratio. It is this type of information that a synthetic chemist

will typically transfer to the next experiments; knowingly, as rules of thumb, or, subconsciously,

in the form of “chemical intuition.” Machine learning of the recorded data allows us to quantify

this intuition, and to use it for subsequent experiments.

Without prior knowledge the difference between synthesis conditions was quantified as the

Euclidian distance in 9D space using an equal weight of all parameters. Building on the

chemical intuition extracted from our machine-learned model, we now compute the distance

in 9D space using the chemical intuition to weight each dimension in the distance measure. If

we normalize these weights such that the most important variable has a value of 1, we obtain a

chemical space shown in Figure 3.3b. This figure shows how the chemical space for HKUST-1

shrinks in the new metric (the Euclidian distance, weighted by the importance of variables),

illustrating that less samples can be placed along less important dimensions without loss of

sampling accuracy. Therefore, since the chemical space can be sampled much more efficiently,

the chance of success is larger for the same number of trials.

3.4 Application of learned chemical intuition

We now illustrate transferring the quantified chemical intuition to a new synthesis. Most

studies on HKUST-1 is focused on the Cu(II) version, but HKUST-1 can also be synthesized

with Zn(II) [199]. We can now take three approaches to synthesize Zn-HKUST-1: First, we

could assume that the synthesis of Zn-HKUST-1 to be similar to Cu-HKUST-1 and simply

reuse the successful conditions of Cu-HKUST-1. For our case, the equivalent of a literature

search of successful synthesis conditions for Cu-HKUST-1 is simply testing those optimal

synthesis conditions we found for Cu(II). None of the top ten synthesis conditions for Cu(II)

yield crystals for Zn(II). Without chemical intuition, this would put us back to square one, and

we would have to restart the procedure, i.e., we use the same set of most diverse conditions

as used for Cu-HKUST-1. Using our chemical intuition, however, we can sample the space

more intelligently by assigning the previously determined importance of variables, resulting

in denser sampling of more important experimental parameters. For this weighted set of 20
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Figure 3.3 – Captured chemical intuition and the chemical space in the new metric. (a) Relative

impact of the 9 parameters on Cu–HKUST–1 synthesis, as obtained from machine learning. Maximum

impact is normalized to one. The error bars show the standard deviation of the relative importance of

variables over 1000 retraining of the random forest with different unique random seeds. (b) Multidi-

mensional scaling projection of the experimental conditions, in which the distance is weighted by the

relative importance of the variables. The colour of dots indicates the generation in the GA. The grey

dots represent the chemical space in the new metric. Grey dots are the 1000 most diverse conditions

obtained using MaxMin method without weighting distances.

diverse conditions, two conditions yielded Zn-HKUST-1 crystals.

The difference in weighted and unweighted synthesis conditions is illustrated in Figure 3.4.

As we are sampling a high dimensional space with a low number of points, the most diverse

conditions lie at the boundaries of each dimension, and only start populating the interior with

sufficient sample points. In the weighted space representation (Figure 3.4b), the set generated

without prior knowledge includes several points that are so close to each other that they are

not expected to yield additional information. Having determined the (lack of) variation of the

sample fitness for the different variables, the variables of lesser importance may be sampled

less frequently without loss of accuracy. In fact, the reweighted set samples the most important

parameters roughly 10 times more frequently than the least important ones. We note that

our 20 intuition-based samples would need to be replaced by order of four to five thousand

samples without intuition in order to maintain the same sampling accuracy, illustrating a

dramatically increased chance of successful synthesis for a chemist who leverages chemical

intuition.

The example of Cu-HKUST-1 and Zn-HKUST-1 illustrates how quantifying and reusing chemi-

cal intuition can be beneficial in a case, where the chemistry is too specific for the synthesis

conditions themselves to be transferable. In this work we selected HKUST-1 as a case study to

illustrate the methodology.
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Figure 3.4 – Distribution of diverse sets in the chemical space of Zn–HKUST–1. Multidimensional

scaling projection of the set of 20 most diverse synthesis conditions with (blue) and without (red) taking

the relative impact of synthesis variables into account. Both sets are shown in the unweighted space (a)

and in the weighted space (b).

3.5 Outlook

The main aim of this work was to develop a simple, yet powerful framework that allows to use

failed and partially successful experiments to systematically improve synthesis strategies. This

framework does not rely on a detailed understanding of how the different synthesis conditions

impact the outcome. Rather, it relies on the notion that, over the course of many experiments,

chemists develop an intuition, over the course of many experiments, on how to approach the

problem of finding the right synthesis conditions. Here, we have developed a simple way of

capturing this chemical intuition using machine learning.

Our case study of HKUST-1 was intended as a proof of principle that we can capture and

quantify chemical intuition, and effectively use it to develop more efficient synthesis strategies.

We note that the data produced in this work are ideal from a machine learning point of view.

Using a robotic platform provides precise control over the synthesis variables which results

in less noise in the outcome of reactions and improved reproducibility. Furthermore, we

are using only one synthesis technique. This allows to obtain an accurate estimate of the

chemical intuition using a relatively small set of experiments. If all groups that have worked

on the synthesis of HKUST-1 would have published also their failed and partially successful

experiments, the data would be significantly less homogenous because of other influencing

variables, e.g. size of reactor, purity of reactants, etc., but the much larger data set would also

make it easier for machine learning to filter out these inhomogeneities.

Figure 3.5 summarizes how we envision the three components of our framework, synthesis,

optimization, and machine learning, to interact. For example, one can use the genetic algo-

rithms to optimize the synthesis conditions while, in parallel, machine learning the relative

importance of the experimental variables, leading to more rational experiments. This is the
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Figure 3.5 – Schematic of the components of the framework used for MOF synthesis.

approach we have used for HKUST-1. For more complex synthesis, however, one can take

this approach one step further by leveraging the machine learning model in a second way: to

score the next generations of the genetic algorithm in silico, going back to experiment only

once convergence is reached. Appropriately fine-tuned, this has the potential to significantly

reduce the number of experiments required (See section 3.7 in for details).

An important practical question is how we envision our approach can be used by other groups.

The screening strategy we used can be easily adopted to other synthesis problems. Define the

chemical space, generate the most diverse set of conditions, and use a combination of genetic

algorithms and machine learning to find the optimal target. Of course, one can only take

advantage of the “chemical intuition” in generating the set of most diverse conditions if we

have a sufficient number of failed or partially successful experiments using a similar synthesis

technique and similar chemical space. A key component here is that the more groups share

their failed and partially successful experiments, the more versatile the model’s chemical

intuition will become. In this respect, each MOF synthesis group has a similar challenge, once

the ligands and metal nodes are synthesized: how to find the right synthesis conditions that

crystals will form? The quantified “intuition” by machine learning is by no means different

from the intuition developed by chemist in the lab; it is useful in many cases, but one always

need to keep in mind that in some cases the chemistry can be surprisingly different. The

software we have developed for this study is available as a web application on the Materials

Cloud [200]. together with the “chemical intuition” which we will be continuously updating

and adopting to the needs of the community. If a large number of groups involved in MOF

synthesis agree on a systematic reporting of failed or partially successful experiments, this

can be an extremely powerful tool that has the potential to change the way our research
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community approach synthetic chemistry.

3.6 Methods

To reconstruct the not reported (partially) failed and successful data in the literature, we

simulate the steps that are taken by someone with no chemical intuition for synthesis of

a MOF by a genetic algorithm (GA) optimization procedure. We start with the set of most

diverse synthesis conditions based on a simple algorithm for the MaxMin diversity problem.

Chemical intuition can be incorporated by assigning appropriate weights to different variables.

The diverse set constitutes the first generation of the optimization cycle. A robotic synthesis

and characterization approach is used for synthesis of MOFs, and measurement of X-ray

diffraction patterns. We rank the experiments based on their crystallinity and BET surface

area. This ranking is fed to the genetic algorithm to generate a new generation of synthesis

conditions. Afterwards, the new generation is synthesized and characterized. This procedure

continues until it satisfies the objective function of the synthesis. All the data generated in the

synthesis procedure is used to train a machine learning model to assess the importance of

synthesis variables. Below we summarize the main steps for each part of this procedure. A

more detailed description can be found in section 3.7.

Genetic Algorithm

The genetic algorithm (GA) was used as it is implemented in the global optimization toolbox

of MATLAB [201]. The population of each generation was fixed to thirty. At each step, the

GA was initialized with the last generation and its individuals’ fitness. Migration, crossover

and mutation genetic functions were applied. The ranking of the individuals was used as

the fitness function which determines the chance of each parent in generating children in

new generation. The optimization starts with the set of most diverse individuals to ensure

exploration of the chemical space with no bias.

Robotic Synthesis and Characterization

The synthesis was carried out in a microwave synthesis reactor (Biotage, Uppsala, Sweden)

affixed on a HT robotic platform (Chemspeed technologies, Füllinsdorf, Basel, Switzerland).

The synthesis steps inclusive of handling and dispensing of the reactants (metal, ligand, sol-

vents) in to the microwave reaction vials, stirring of the dispensed reactant mixture, capping,

crimping, and the transportation of the microwave reaction vials to the microwave reactor

cavity was completely automated and executed using the Chemspeed autosuite software. All

the chemicals were purchased from commercial sources and used without further purification.

Powder X-ray diffraction (PXRD) patterns were collected using the powder diffractometer

Bruker D8 Advance with TWIN/TWIN optics and LYNXEYE XE-T detector equipped with high

throughput sample changer. The samples were loaded on a silicon (no background) sample
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holder and the PXRD pattern was collected in a 2θ range between 2–20◦ using a monochro-

matic copper (Cu) X–ray source (λ= 1.54056 Å). The sample holders were rotated about their

central axis during data collection, minimizing potential effects from preferred orientation.

The diffractometer was controlled using the Bruker’s EVA software. All measurements were

performed at room temperature. Crystallinity and phase purity of samples were assessed

by the full-width at half maximum (FWHM) of the diffraction peaks of the samples’ powder

X-ray diffraction patterns, and with a penalty in fitness for extra peaks compared to simulated

pattern. N2 isotherms (77 K) were recorded to apply the Brunauer-Emmett-Teller (BET) model

in the relative pressure range of 0.05-0.30 to determine the surface area of the HKUST-1 MOFs.

The isotherms were collected by using an IGA system (Intelligent Gravimetric Analyzer, Hiden

Isochema Ltd., Warrington, UK) and the BELSORP mini system (MicrotracBEL Corp., Osaka,

Japan). Prior to isotherm collection, the HKUST-1 samples were activated at 220°C under

dynamic vacuum for 6 hours to get the desolvated HKUST-1 (dark blue).

Machine Learning

The random forest ensemble learner was used for assessing the importance of variables [202].

Random forest is a supervised learning algorithm for classification and regression problems.

A bootstrapped aggregated forest of 200 decision trees with maximum depth of three was

trained to predict the outcome of the synthesis based on the synthesis variables. The mean

absolute error (MAE) of the predictions was smaller than 9% and 14% for cross-validation and

not seen data points, respectively. The importance of variables was estimated by permuting

out-of-bag observations. The machine learning algorithm was implemented first using the

statistics and machine learning toolbox of MATLAB, and then ported to python (using the

scikit-learn package [120]) for the web application.

Multidimensional scaling plots

Multidimensional scaling (MDS) provides a visual representation of data based on the pairwise

distances, similarity or dissimilarity within a set of points in a high-dimensional space. Here,

we choose metric MDS using the weighted Euclidean pairwise distances between points

in both high-dimensional (HD) and low-dimensional (LD) spaces. The algorithm aims to

preserve the HD distances between objects in the LD representation. The metric for evaluation

of how accurate the LD representation is compared to the high-dimensional distances is called

the stress function: S = (
∑

i , j=1,...,N di , j −d i , j )1/2.

This function returns the residual sum of squares of the distances in the HD space (d) to

the LD space (d). We use stress majorization algorithm to minimize the stress function as

implemented in scikit-learn python package. The weights in the weighted Euclidian distance

function, da,b =
√∑n

i wi (ai −bi )2, are set to 1 for all variables in Figures 3.1a and 3.4a (no

chemical intuition), and equal to the weighted importance of variables in Figure 3.3b and 3.4b

(using chemical intuition).
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3.7 Supplementary materials

Genetic Algorithm

Genetic algorithms (GA) are global search methods and the aim of a GA is to search the phase

space constructed by the optimisation variables to find the global optimum of the objective

function [203]. In a GA optimisation, the value of the objective function is evaluated by

a population of individual explorers (chromosomes) distributed in the phase space. Each

individual explorer is uniquely defined by its genes, which are the values of the optimisation

variables. After evaluation of the objective function, GA randomly selects the good performing

individuals to reproduce and create children in the form of a new generation of explorers by

the crossover operation that combines parents to generate new children. Furthermore, to

explore the not seen parts of the phase space, mutation happens. Hence, a new generation

proposed by a GA is a combination of samples with good genes, with a controlled number of

new genes. The quality of genes of explorers evolve toward an optimal solution over successive

generations.

Here, we have implemented an adaptive genetic algorithm for synthesis of MOFs (Figure 3.6).

All the codes are adapted from MATLAB global optimisation toolbox [201]. The GA probes

the constrained chemical phase space constructed by the nine synthesis variables listed in

Table 3.2. For the synthesis of HKUST-1 we have ensured that our range includes the successful

synthesis conditions that are reported in the literature. The volume of solvent was allowed

to vary between 1 to 6 ml, as an implicit function of the solvent composition, where 6ml is

the maximum volume allowed by the robot. The population size of the GA was fixed to 30

chromosomes for each generation.

Diverse population

Fitness evaluation 

GA operations

New generation

Robotic synthesis

Charactrization 

Convergence

MaxMin algorithmStart
Importance 
of  variables

Scaling the 
scores

Selection 

Mutation

Old generation

Scores
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Termination

No
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Figure 3.6 – Flowchart representation of the procedure used for synthesis of MOFs.
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Synthesis variable Optimisation constraints Notes
Water (H2O) 0-6 ml The total solvent

volume is
constrained to be
between 1ml to 6
ml.

Dimethylformamide (DMF) 0-6 ml
Ethanol (EtOH) 0-6 ml
Methanol (MeOH) 0-6 ml
Isopropyl alcohol (iPrOH) 0-6 ml
Reactants ratio 0.8-1.8
Temperature 100-200 °C
Microwave power 150-250 W
Reaction time 2-60 min

Table 3.2 – The synthesis variables constructing the chemical phase space, and their corre-
sponding optimisation range.

To generate a new generation, the GA takes the chromosomes of the past generation and their

corresponding fitness score based on an objective function. The fitness functions in current

study are crystallinity or crystallinity and BET surface area of the first and the second genera-

tions, respectively. We use the full width at half maximum of powder X-ray diffraction patters

as a measure of crystallinity of samples. The algorithm scales the scores with their ranking

using 1/
p

r , where r is the rank of each chromosome using tied rank for similar performing

chromosomes. After scaling the scores, the GA produces 30 new children using the migration

and crossover, constituting 10 percent and 90 percent of population, respectively. In migration

operation, the genes of the top performing samples from old generation are transformed to

the new generation. We use intermediate crossover function to respect the linear constrained

of the optimisation. In the intermediate crossover scheme, the child is created using the

weighted average of the parents, i.e. child=parent1+random number*(parent1-parent2). The

chance of being selected as a parent by the algorithm for crossover operation is proportional to

the scaled score, i.e. the rank of chromosomes. The final step in the GA is to mutate the genes

of the new chromosomes. This step is crucial to explore the not-seen part of the chemical

space. We use gaussian mutation function where the mutated genes are chosen within a

Gaussian distribution around the unmutated gene with a shrinking standard deviation of

σ= Sσ0, (3.1)

where S = 1/(Gener ati on number ) is the shrink factor and the initial standard deviation σ0 was

set to 0.2 of ranges of variables. An illustrative example of the genetic operation is shown in

Figure 3.7.

The optimisation is initialized with the set of most diverse synthesis conditions based on the

MaxMin algorithm. Starting with the set of most diverse genes and keeping a decent mutation

rate are essential for efficient exploration of the chemical space and finding global optimum

of the objective function.

63



Intuition in Synthesis

H2O DMF Temperature
Reaction 

timeEtOH MeOH iPrOH
Microwave 

Power
Reactants 

ratio

2.0 
ml

0.0 180°C 45 
mins0.0 0.0

1.0 
ml

170 W1:1 0.0
2.0 
ml

110°C 12 
mins0.0

3,5 
ml

0.0 210 W2:1

Old 
chromosomes

0.5
ml

1.5
ml

130°C 25
mins0.0 3.0 

ml
0.0
ml

190 W1.5:1

Mutate genes

New 
chromosome

Chromosome

Genes

Parent 1 Parent 2
combine genes of parents

Crossover

0.5
ml

1.5
ml

130°C 25
mins0.0

3.0 
ml

0.0
ml

150 W1.5:1

Figure 3.7 – A representative experimental condition and its transformation to the consecutive genera-

tion. Each experimental variable is a gene in a chromosome which is an experimental trial. The genetic

algorithm operations generate new children using the genes of parents.

The crystallinity of each sample was assessed by the full width at half maximum (FWHM) of

powder X-ray diffraction patterns (PXRD) [204, 205]. We start with separating peaks in the

PXRD. Afterwards, a Gaussian function is fitted to the peak which give us the FWHM with the

following set of equations:

f (x) = 1

σ
p

2π
exp

{
−(

(x −x0)2

2σ2 )

}
, (3.2)

FWHM = 2
√

2log2σ, (3.3)

where variable x is the 2θ of the diffraction angel. The average FWHM of all the peaks of the

PXRD is taken as the measure of crystallinity. Lorentzian, Pearson, and combined Lorentzian,

Pearson and Gaussian distributions were also considered, and no considerable differences

were observed in the ranking.

For the selection step, GA only takes the ranking of the performance of individuals in the

current population, and therefore, its objective function can easily be adapted for more

optimization’s goals, e.g. reaction yield, crystal morphology, etc. Moreover, adding or removing

synthesis variables and conditions is straightforward.
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In silico prediction of synthesis outcome

The trained model can be used for prediction of the outcome of synthesis without performing

the experiments. For data we collected for H-KUST1, the mean absolute error (MAE) of

the trained model for training size of 90 is 9% and 14% for cross-validation and new data

points, respectively, which are indeed sufficient and satisfactory for estimating the outcome

of a synthesis. Particularly, this prediction is useful to eliminate many chemical hypothesis

(synthesis conditions to be tried) that would not yield any favourable outcome.

Moreover, this predictive model can be used to boost the convergence of the GA optimisation

for synthesis of difficult MOFs. Since GA takes only the last generation into consideration to

propose new synthesis conditions, by construction, after some generations, the algorithm

might visit the already seen regions of space. This known weakness is associated to the

deficient learning of the GA from the previous failed experiments.

Here, we propose a combined GA with machine learning to address this weakness. After

each generation, we train the machine learning model, e.g. RF, and monitor the MAE of

the prediction. We can rely on the prediction of the machine learning model after some

generations when the MAE decreases to a satisfactory rate. Afterwards, we perform an in

silico evaluation of the outcome of chemical hypothesis proposed by the GA for several

generations until they converge to a set of optimal synthesis conditions based on the machine

learning model predictions. Then, we experimentally synthesize the in silico predicted optimal

conditions. The new experimental data is used to further refine the regression model, and

the process is repeated until the objective function is satisfied (Figure 3.8). This procedure

can save many experiments in the intermediate steps and help the GA to converge faster.

Indeed, this procedure only required if one needs many GA steps to find satisfactory synthesis

conditions.

The timeline of HKUST-1 synthesis

Several synthetic routes for HKUST-1 synthesis have been established and reported. Room

temperature (RT) synthesis, conventional electric heating (CEH), microwave (MW), electro-

chemistry (EC), mechanochemistry (MC), and ultrasonication (US) methods are the com-

monly employed methods for the synthesis of HKUST-1. The prime objective is to identify

the optimum synthetic conditions, which would enable the isolation of crystals or a micro

crystalline (long range order), phase pure and porous HKUST-1 framework. Using these dif-

ferent synthesis methods, crystalline phase pure HKUST-1 could be obtained. A summary

of several trials from literature using these approaches and the corresponding reported BET

surface areas are shown in Figure 3.9.
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Figure 3.8 – Flowchart of the MOF synthesis accelerated by machine learning.

Figure 3.9 – Considerable amount of data lost in the literature as only successful synthesis conditions

were reported for these data points (5̃0 data points). The reported BET surface area by many synthesis

groups shows a wide range of variations. The horizontal axis (year) of the data points slightly shifted to

avoid overlap.
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Figure 3.10 – Powder X-ray diffraction pattern of the five samples of Cu-HKUST-1 with high crystallinity

and wide range of BET surface area discussed in the manuscript.
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4 Improving mechanical stability of
metal–organic frameworks using
chemical Caryatids 1

1postprint version of the article published as: Seyed Mohamad Moosavi, Peter G. Boyd, Lev Sarkisov, Berend
Smit, ACS Central Science, 2018, 4, 7, 832-839, https://doi.org/10.1021/acscentsci.8b00157. S.M.M. implemeted the
force fields in LAMMPS–interface and developed the code for computing mechanical properties. S.M.M. analysed
data and together with B.S. wrote the manuscript with contributions from all authors.
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Mechanical Stability

Abstract

Metal-organic frameworks (MOFs) have emerged as versatile materials for applications rang-

ing from gas separation and storage, catalysis, and sensing. The attractive feature of MOFs is

that by changing the ligand and/or metal, they can be chemically tuned to perform optimally

for a given application. In most, if not all, of these applications one also needs a material that

has a sufficient mechanical stability, but our understanding of how changes in the chemical

structure influence mechanical stability is limited. In this work, we rationalize how the me-

chanical properties of MOFs are related to framework bonding topology and ligand structure.

We illustrate that the functional groups on the organic ligands can either enhance the me-

chanical stability through formation of a secondary network of non-bonded interactions or

soften the material by destabilizing the bonded network of a MOF. In addition, we show that

synergistic effect of the bonding network of the material and the secondary network is required

to achieve optimal mechanical stability of a MOF. The developed molecular insights in this

work can be used for systematic improvement of the mechanical stability of the materials by

careful selection of the functional groups.

4.1 Introduction

Like any other material, metal-organic frameworks (MOFs), as an important class of porous

materials with large diversity of pore shapes and sizes, and rich chemical functionalities must

pass the stability criteria to be used in most practical applications [180, 206, 207]. Despite

having superior performance for many applications, MOFs are vulnerable with respect to

stability compared to the competing materials. For instance, due to the relatively weak metal-

ligand coordination bonds, many MOFs are chemically unstable and have low endurance in

different types of chemicals environments, e.g. acidic or basic environment [207]. Significant

progress has been made in developing MOFs that are chemically stable, e.g. Zirconium based

MOFs [208]. Since applications of MOFs often involve repetitive, cyclic temperature and

pressure variations and capillary forces exerted by guest molecules, sufficient mechanical

stability is of equal importance [77,78]. The mechanical stability for porous materials measures

the stiffness of a material to withstand its pore size and structure under mechanical load.

Clearly, deformations due to external pressure will disrupt pore shape and size, resulting

in significantly reduced performance. In this study, we focus on strategies to improve the

mechanical stability of a particular MOF.

The mechanical properties of materials vary by several orders of magnitude with changing

atomic composition and/or crystal structure [209–211]. As the mechanical stiffness, i.e. modu-

lus of elasticity, typically scales quadratically with the density [212], mechanical stability is of

particular importance for applications of low-density materials, such as MOFs [78, 213, 214].

For these materials special strategies are often required to improve their mechanical stability.

Often these strategies are inspired by nature (e.g., wood and bones [215, 216]) and involve

fractal and hierarchical design to make highly connected materials over multiple length
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scales [217–219]. Indeed, improving the mechanical stability of MOFs by tuning the chemistry

has become an important focus of attention [207, 220–222]. In analogy to the concept of high

connectivity of the hierarchical design of materials, it has been shown that the MOFs with high

degrees of framework interconnectivity, i.e. high coordination number of metal nodes, have

improved the mechanical stability [220, 223]. However, not for all applications a particular

MOF can be easily replaced, and therefore, Kapustin et al. developed a strategy to retrofit a

particular MOF by adding additional ligands to the framework [222]. This strategy is robust but

limited to the MOFs that permit ligand installation [224, 225]. In both cases, the mechanical

stability is improved by increasing the connectivity of the bonding topology.

In this work, we explore the option of decorating the organic ligands of a MOF with functional

groups. The significant progress in computational material science in in silico generation of

MOFs [64, 66] and reliably prediction of their mechanical properties [213, 226] permits study-

ing a large and diverse set of materials to extract structure-property relationships to design

materials with enhanced mechanical stability. We show that the non-bonded interactions

play an important role in the stiffness of the materials, and therefore, strategically placed

functional groups can introduce extra framework connectivity via non-bonded interactions.

This secondary network of non-bonded interactions can enhance the mechanical stability

of the framework considerably. We use the term "chemical Caryatids" for those functional

groups that are contributing in carrying the mechanical load applied to the material. In ad-

dition, we show that the optimum mechanical stability of a MOF framework is obtained by

the cooperative effect of the primary network, determined by the bonding topology, and the

secondary network, which is governed by the non-bonded interactions.

4.2 Results and discussion

In this work, we focus on Zeolitic Imidazolate Frameworks (ZIFs), which are a special class of

MOFs comprised of four coordinated metals, typically Zinc, with imidazolate (IM) derivative

ligands. ZIFs are an ideal case study for our work because they all have the same coordination

environment, but diverse bonding topologies and functional groups [227, 228]. This allows

us to focus on the effects of bonding topology and functional groups on the mechanical

properties, while keeping coordination environment fixed, i.e. keeping the same metal node.

In addition, because of the pioneering work of Cheetham and co-workers, ZIFs are among

the very few MOFs for which systematic research has been done on their mechanical stability

[77, 78, 214]. To characterize the mechanical properties of ZIFs, Cheetham and co-workers

used nano-indentation to measure the Young’s modulus, i.e. the resistance of materials to the

tensile stress [78]. These and related studies concluded that for these materials the mechanical

properties can be described with the low density-stiffness correlation [78, 229–232]. As these

experiments require sufficiently large single crystals, the number of studied structures is

relatively small compared to the total number of possible ZIFs. In this work, we expand the

studied materials to, in addition to the known ZIF structures, a large set of in silico constructed

materials using fifty different zeolite topologies [233] with four type of ligands. Such a large set
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Figure 4.1 – The four different ligands used to construct hypothetical materials. (a) IM = imidazolate,

(b) mIM = 2-methylimidazolate, (c) dcIM = dichloroimidazolate, (d) nIM = 2-nitroimidazolate.

of materials allows us to cover a representative range of bonding topologies and functional

groups. The ligands used for in silico construction of materials include the commonly [61,227]

used derivatives of IM shown in figure 4.1.

Theoretically, mechanical properties of materials are described by their stiffness matrix [234].

Young’s and other moduli of elasticity, including bulk and shear modulus, which characterize

material’s resistance to hydrostatic pressure and shear stress, respectively, can be extracted

from the stiffness matrix. Since the mechanical properties of the materials in our study do not

involve the breaking/formation of chemical bonds and other quantum effects, we used an

approach based on a classical force field to compute the stiffness matrix for each material. The

reliability of our force field is evaluated by comparison with the experimental and ab initio

calculated values of Young’s modulus reported in the literature. Figure 4.2 shows a comparable

agreement between the ab initio and force field results with the experimental data, supporting

the conclusion of our previous work that these classical force fields yield sufficiently reliable

data on the mechanical properties of these materials [80].

If we focus on those materials in figure 4.2 for which experimental data are available, we

observe the same low density-stiffness correlation as found experimentally [78]. However,

if we include all our data, the picture becomes quite different. By expanding the chemistry

and topology of ZIF structures, figure 4.2 shows large deviations from the density-stiffness

correlation. Changing the underlying network topology and/or ligand can lead to larger vari-

ations in mechanical stability than changes in density, and in some cases, even reverse the

trend. For instance, many ZIF structures with dcIM ligand have similar or lower stiffness in

comparison to the structures in mIM and nIM ligand families, although they have higher den-

sity. A molecular-level explanation of these deviations is provided below, the understanding of

which will allow us to exploit the chemical and topological features of a material to improve

its mechanical stability.

The structures in figure 4.2 differ in their bonding topology and/or functional group of ligand.

We introduce a computational approach to disentangle the effects of changes of the topology

from changes of the ligand. To distinguish the role of the bonding topology on the mechanical
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Figure 4.2 – Young’s modulus versus density; for each material we plot the value along each of the

three lattice principle axes. The filled markers with unique marker for each structure are used for

those structures we can compare our force field (FF) with experimental (exp) or ab initio density

functional theory (DFT) calculations, with the markers representing: u: ZIF-8 [78, 214], l: ZIF-20 [78],

t: ZIF-68 [78], H: ZIF-4 [78, 230, 231], n: ZIF-7 [78] and s: ZIF-zni [78, 230, 232]. The color coding

is used to indicate the different ligands. If the density-stiffness correlation were perfectly obeyed a

principle component analysis would give a narrow cloud around the dashed line. The clouds derived

from principle component analysis demonstrate the deviations for the different ligands. The complete

set of data can be found on materials cloud [235].

properties, we first look at the mechanical stability of a simplified network of atoms comprised

of atomic bonding, and we refer to this network as the primary network. Several approaches

have been used to define such a primary network [223, 236]. Here, we define the primary

network as the ZIF structure in the absence of non-bonded interactions. Since the ligands in

our study only differ in their functional groups, the primary network of the structures with the

same underlying network topology but different ligands are nearly identical. Hence, we expect

similar mechanical properties for the structures with the same underlying network topology.

Indeed, figure 4.3a shows that all ZIFs with the same topology have similar bulk and shear

modulus, and hence, superpose on each other.

Figure 4.3b and 4.3c show the effects of switching on the non-bonded interactions where a

large effect of functionalization on mechanical properties is observed. As there is no functional

group on the IM ligand, it can be seen as bare backbone, and we see that the mechanical

properties for this ligand are indeed dominated by the primary network. However, for the

other ligands, functionalization can have a large effect on some topologies while on others

surprisingly little. Moreover, although mIM, dcIM and nIM exhibit observable contributions to

the stiffness of ZIF structures in comparison to IM, depending on the topology one functional
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(a) (b)

(c)

Figure 4.3 – Differentiating the contributions from bonding topology (primary network) and non-

bonded interactions (secondary network) in mechanical properties. Considerable contribution from

the secondary network is observed in some of the materials with functional groups. (a) and (b) Bulk

modulus with respect to shear modulus of the materials computed without and with non-bonded

interactions, respectively. (c) Bulk modulus of the materials versus the bulk modulus of them without

non-bonded interactions. Dashed line represents identical properties computed with and without

non-bonded interactions, i.e. no contribution from the secondary network. In all sub-figures, each

marker (open, half-filled and filled) represent a unique underlying network topology while the colours

represent the ligand.
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group might show greater enhancement. For instance, for LTA topology, mIM gives higher

stiffness, while for GIS topology (ZIF-6 [61, 237]) dcIM has higher stiffness. Similar changes in

the mechanical properties were observed experimentally for ZIFs with the same underlying

net but different functional groups and was associated to the ligand-ligand interactions [78].

It is instructive to try to explain these deviations with a simple extension of the density-stiffness

model. This model assumes a solid which has only non-bonded interactions, for example, a

primitive cubic lattice with only nearest neighbour, (Lennard-Jones type) pairwise interactions.

In this simple model, the only variable is the density dependent nearest neighbour distance.

The bulk modulus is given by the second derivative of the potential energy of the crystal

with respect to isotropic deformations. The second derivative of the Lennard-Jones potential

changes sign from positive to negative at ∼1.2σ, where σ is the van der Waals radius (see

Figure 4.7a). As the second derivative for each pairwise interaction can be positive or negative

depending on the nearest neighbour distance, the bulk modulus of this simple solid consists of

a sum of positive or negative contributions, giving the well known density-stiffness correlation.

In a ZIF structure, however, there is a distribution of inter-atomic distances, some have a

positive contribution (i.e. stiffening interactions) and some have a negative contribution (i.e.

softening interactions) to bulk modulus. One can argue that this distribution depends on the

topology and functional group. If we now assume that the contributions of the non-bonded

interactions are independent of the contribution of the primary network, we can obtain a

simple correction to the density-stiffness correlation by adding the sum of the contribution of

the non-bonded interactions to the bulk modulus resulting from the primary network.
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Figure 4.4 – Distribution of stiffening/softening non-bonded contributions for: (a) structures with

BCT topology and IM, mIM and dcIM ligands, and (b) structures with mIM ligand and BCT and AEI

topologies. The vertical axes represent the sum of second derivative of van der Waals (vdW) energy

(S =∑
∂2EvdW/∂(ri , j/σi , j )2) plotted with respect to the inter-atomic distances normalized with vdW radii

(R i , j = ri , j /σi , j ). The bulk moduli are 4.7, 9.4 and 7.1 for the BCT structures with IM, mIM and dcIM

ligands, and 6.3 and 7.0 for the AEI structures with IM and mIM ligands, respectively (values are in

GPa). (c) and (d) The atomic representation and the primary and secondary networks for the mIM

ligand structures with BCT and AEI topologies, respectively. Details of ligands and metals were omitted

in visualization of the primary and secondary networks for clarity. The primary net is demonstrated

with red tubes and secondary net with cyan tubes; white, black, blue, and grey spheres represent H, C,

N, and Zn atoms, respectively. The corresponding structures with IM ligand have the same primary net

and no secondary net.



4.2. Results and discussion

In figure 4.4a, we plot the distribution of stiffening/softening contributions for the ZIFs with

BCT topology for three different ligands. The BCT zeolite topology include some known ZIFs,

e.g. ZIF-1 [61, 237]. As expected, for IM, which has no functional group, this contribution is

small. For the mIM and dcIM ligands, figure 4.4a shows higher peaks in the stiffening regime

which is consistent with the observed increase in mechanical stability due to functionalization.

Figure 4.4b shows an example of two materials in which the distributions of the stiffening and

softening contributions are nearly identical. For the BCT topology structure we observe the

expected stiffening compared to the primary network. However, for AEI topology we observe

only a small effect of the non-bonded interactions on the bulk modulus. This is where our

simple correction to the density-stiffness correlation breaks down. This example illustrates

that the contributions of non-bonded interactions and the primary network to the stiffness

can be highly non-additive. The reason for this non-additive behaviour becomes clear by

introducing the concept of a secondary network.

We define the secondary network by connecting pairs of atoms with non-bonded interactions

that have a stiffening contribution to the bulk modulus. Figure 4.4c and 4.4d shows the primary

(red tubes) and secondary (cyan tubes) networks for the BCT and AEI topologies, respectively.

Both materials have a 3D percolating primary network, but the pronounced difference is in

the secondary networks. For BCT the secondary network is percolating in all three dimensions,

while for AEI topology it percolates only in one dimension, and there are no contributions in

the other two dimensions. Inspection of the primary network of AEI topology shows that the

weak spots are on the ligands while the backbone is relatively stiff. Figure 4.4d shows that the

corresponding secondary network reinforces this stiff backbone, but not the links between the

backbones. Hence, the secondary network is only supporting AEI topology in a direction in

which the primary network is already strong. As the mechanical properties are dominated by

the weakest link, we now understand why we see such a small effect of the secondary network

on the mechanical properties. To have an effect, we need to add a functional group that would

form a secondary network orthogonal to the current network which it would significantly

increase the bulk modulus. This type of synergy between the primary and secondary networks

explains why some topologies show a large effect of functionalization, while for others this

effect can be small.

It is interesting to apply our concept of primary and secondary networks to MOF-520-BPDC.

Kapustin et al. [222] retrofitted the mechanically unstable MOF-520 by adding an additional

linker to to allow for its use at high pressures. This retrofitting procedure changes the un-

derlying network topology from fon net to more connected skl net [238]. This improved

mechanical stability can be explained in terms of changes of the primary network (see subsec-

tion of mechanical properties of MOF-520 and MOF-520-BPDC in supplementary information

in section 4.5). This form of topological tunability is very robust. However, it does rely on the

ability to add extra linkers to support the weak spots of the primary network, which can be

challenging from a chemical point of view for most materials.

Alternatively, the mechanical properties of MOFs can be tuned by creating a secondary network
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via ligand functionalization. The presence of such a secondary network can shed some

light on the experimental observation on the amorphization of ZIFs [239]. Amorphization

is directly related to the mechanical stability of these materials [240]. Cheetham and co-

workers showed that ZIFs with the bare IM ligand amorphize relatively easily under pressure

and heating, while the corresponding ZIFs with functionalization ligands required extreme

conditions, specifically, they observed thermal amorphization only in ZIFs with the bare IM

ligand [239, 241]. These results are consistent with our molecular dynamics simulations (see

amorphization of ZIF-3 and ZIF-4 in section 4.5). Our analysis of the mechanical stability

shows that "switching on" the secondary network in ZIF-3 and ZIF-4 improve the mechanical

stability by as much as ∼ 80% in shear modulus of both structures, and 300% and 150%

in their bulk modulus, respectively. Figure 4.5 shows that for both ZIFs the functionalized

structures have a secondary network that spans the entire unit cell in all three directions. Such

increased mechanical stability explains why these materials are stable at conditions where the

unsubstituted IM structure amorphize.

4.3 Conclusions

Our study shows that there are two strategies to improve the mechanical stability of a nano-

porous material: modifying the primary and/or secondary network. Changing the primary

network can be challenging as it requires the addition of extra linkers. In this respect the work

of Kapustin et al [222] is a remarkable, but exceptional achievement. functionalization of

ligands to create or modify the secondary network, much like the Caryatids holding up the

porch of the Erechtheion on the Acropolis, might be a more generally applicable route. Our

study shows that such a network, however, is only effective if it supports the weak points of

the primary network.

It is interesting to envision how these results can be used from an experimental perspective.

Suppose we have a particular MOF for a given application, but the mechanical stability needs

to be improved. As the tools developed in this work are applicable to any MOF, we can

determine the primary and secondary network of this material. If this analysis shows weak

spots, a simple screening of different functional groups should give a clear prediction whether

the mechanical properties of the material can be improved. As these functional groups may

change the details of the pores, other computational tools should be used to ensure that these

changes do not influence the performance of the modified material.
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(a) (b)

Figure 4.5 – (a) and (b) Atomic representation and the primary and secondary networks of ZIF-3 and

ZIF-4 structures with mIM ligands, respectively. The corresponding structures with IM ligand have

the same primary net and no secondary net. The bulk and shear moduli for ZIF-3 (ZIF-4) are 2.0 and

0.53 (3.1 and 0.80) for IM and 7.8 and 0.96 (7.6 and 1.49) for mIM structures, respectively (values are in

GPa). The functional groups of the ligands form a secondary network which enhance the mechanical

stability considerably. The primary net is demonstrated with red tubes and secondary net with cyan

tubes; white, black, blue, and grey spheres represent H, C, N, and Zn atoms, respectively.
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4.4 Methods

To compute the mechanical properties of a materials we start with the crystal structure either

from experimental or from an in silico predicted structure. The procedure of computing

the mechanical properties relies on the assumption that the structure corresponds to the

minimum energy configuration that is consistent with the force field used to describe the

potential energy surface of the material. We developed a structural minimisation procedure to

efficiently obtain this minimum energy configuration for all materials. All calculations were

carried out within the Large-scale Atomic/Molecular Massively Parallel Simulator (LAMMPS)

molecular simulation package [242]. The VMD–Visualize Molecular Dynamics package was

used for the structural figures and visualization of the primary and secondary networks [243].

No unexpected or unusually high safety hazards were encountered. Below we summarise the

computational procedures that we have used. A more detail description can be found in the

supplementary information.

4.4.1 Hypothetical material generation

Each material was assembled with the ToBasCCo algorithm [87], using a representative set of

fifty zeolite topologies. Input into the program were the underlying networks, as obtained from

the International Zeolite Association website [233], and two geometric building blocks; a 4-

connected tetrahedral (Zn2+) and 2-connected imidazole type ligands. This procedure yielded

200 materials, i.e. fifty structures for each of the four types of ligands, IM, nIM, mIM, and

dcIM. All the structures are available through the materials cloud website and supplementary

information.

4.4.2 Structure minimisation procedure

Simulated annealing algorithm was used to minimise lattice parameters and atomic sites using

DREIDING force field [244] as implemented [80] in LAMMPS for all the structures. To avoid get-

ting trapped in local minima we combined temperature annealing with expansion/relaxation

cycles. The details of algorithm and its efficiency are discussed below.

The stiffness matrix represents the multidimensional curvature of the potential energy surface

(PES) of a material with respect to infinitesimal lattice shape and size deformations. Indeed,

this curvature is dependent on the atomic configuration, including lattice parameters and

atomic sites. Consequently, the very first step in calculation of the mechanical properties is to

find the minimum energy configuration of the system. This miminum energy configuration

is dependent on the force field used to describe the potential energy surface. Depending

on the number of degrees of freedom of a system, it can be challenging to find the global

minimum of the PES of a strcuture. Conventionally, gradient based minimization methods

have been widely used to relax atomic sites and lattice parameters in an iterative way to find

the minimum energy configuration [245]. For MOFs with typically large number of atoms in a
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method Framework energy KV HR GV HR Exx Ey y Ezz

simulated annealing 825.7 8.8 1.1 8.0 8.0 8.0
conjugate gradient 831.3 6.4 1.25 5.3 5.0 6.1

Table 4.1 – The properties of ZIFs with mIM ligand and sod topology minimised with two
methods. The lattice energies are normalized with the number of Zinc atoms and reported in
kcal/mol/Zn. The moduli of elasticity are in GPa.

unitcell and large cell parameters, it is non-trivial to minimize both lattice parameters and

atomic positions as the degrees of freedom is huge for optimisation. Specially, structures with

the same underlying network topology but rotated ligands can introduce more complexity for

the optimisation [246, 247]. Thus, the gradient based minimization methods are susceptible

to fail and converge to a local minimimum. Simulated annealing minimization is a method

to escape these local minima by adding sufficient energy to overcome energy barriers and

reducing it slowly, the system evolves eventually to the global minimum [248].

Since the energy barrier of rotation of ligands are significantly higher than thermal energy due

to atomic overlap and steric effects, we introduce a combination of thermal and mechanical

simulated annealing for minimizing both lattice parameters and atomic coordinates. To

provide the required space and energy for rotation of ligands, each structure was expanded

15% in all directions and heated to 550K. This was followed by sequential molecular dynamics

at constant volume and temperature with gradual relaxation of the thermal energy and lattice

parameters. This procedure was repeated until the potential energy converged to a minimum.

The expansion factor, heating temperature and length of simulation were optimised for the

purpose of minimizing ZIFs in our study by evaluating the final crystal energy.

ZIF-8, a known and well-studied material, was taken as a system [227] for evaluation of this

procedure. ZIF-8 is comprised of Zinc and mIM ligands with Sodalite (sod) topology. The

in silico constructed ZIF with the same topology and chemical composition was minimized

with two methods, namely conjugate gradient and annealing. The lattice energy and powder

X-ray diffraction patter of the two resulting structures are compared with the experimental

structure (Figure 4.6a and 4.6b). As it can be seen, the powder diffraction pattern and crystal

energy of the anneal structure have converged to the experimental ZIF-8 structure. However,

the gradient based optimisation trapped in a local minimum. Although the structure resulting

from the gradient based optimisation has the same chemical composition and topology, the

pores of the Sodalite cage are distorted (Figure 4.6c and 4.6d). Crucially for the purpose of our

study, the two structure show different mechanical behaviour (See table 4.1). Notably, without

careful inspection of the powder diffraction and crystal energy, one cannot distinguish the

correct structure, as both structures are mechanically stable, i.e. all the eigen values of their

stiffness matrix are positive.
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Figure 4.6 – Evaluation and significance of minimisation schemes. (a) Evolution of the crys-

tal energy during minimisation. The conjugate gradient method fails and traps in a local

minimum. (b) Powder x-ray diffraction pattern of structures minimised with conjugate gra-

dient and simulated annealing and the corresponding experimental structure [61]. (c) and

(d) Sodalite cage of minimised structures with conjugate gradient and simulated annealing

minimisation , respectively. While the annealed structure recovers the symmetric sodalite

cage, the conjugate gradient minimisation winds up in a structure with distorted cages.
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4.4.3 Calculation of the mechanical properties

Calculation of the moduli of elasticity for a crystal with an arbitrary shape requires matrix

representation of the mechanical properties. In continuum mechanics, for a material in elastic

regime, the normalized structural deformation (strain) is linearly proportional to the applied

mechanical load (stress). Stress (σ) and strain (ε) are both second order tensors which are

3×3 matrices defining the directional values of these two quantities for a finite element of the

material.

σ=

σ11 σ12 σ13

σ21 σ22 σ23

σ31 σ32 σ33

 (4.1)

ε=

ε11 ε12 ε13

ε21 ε22 ε23

ε31 ε32 ε33

 (4.2)

The correlation between these two second order tensors is a property of the material, which

is expressed by a forth order tensor (9× 9 matrix) called stiffness tensor (C) or its inverse,

compliance tensor (S).

σi j =Ci j klεkl (4.3)

εi j = Si j klσkl (4.4)

S = C−1 (4.5)

Both stress and strain tensors are symmetric and have six independent elements. In Voigt

notation by keeping only these six elements, the stress and strain are represented by 6×1

matrices.

σ= (σ11 σ22 σ33 σ23 σ13 σ12)T (4.6)

ε= (ε11 ε22 ε33 ε23 ε13 ε12)T (4.7)

Accordingly, the stiffness and compliance tensors are reduced to 6×6 matrices. It can be

shown that, these matrices are symmetric, and hence have 21 independent elements. A

detailed explanation and derivation of the elasticity theory and its tensorial representation
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can be found in these references [234, 249]. Stiffness and compliance tensors contain all the

mechanical properties of a material in elastic regime. Integration of the stress-strain curve,

starting from the relaxed structure to an arbitrary strain, gives the energy difference between

the two states. Thus, by computing this energy difference for all the possible deformations,

one can calculate the corresponding elements of the stiffness tensor. A similar procedure

is used for calculation of stiffness matrix by using finite differences of the crystal’s energy

relative to its ground state energy by applying series of deformation to the lattice parameters.

The elements of the stiffness matrix are evaluated by fitting second order polynomials to the

energy-strain curves. Previously, this method has been widely used for calculation of stiffness

matrix based on force field or ab initio energy [250, 251]. All 21 elements of the stiffness matrix

evaluated without taking symmetry into account. For each element, 21 different strain rates

imposed with the maximum strain of 1%.

Conventionally, moduli of elasticity are extracted from the stiffness tensor based on strain

(Voigt average), or from the compliance tensor based on stress (Reuss average). While Voigt

averages provide the upper bound of the properties, the Reuss averages provide their lower

bound. In our study, Voigt-Reuss-Hill averages, which are the average of these two bounds, are

used as the representative properties of the materials. These average properties are computed

with the following equations where V, R and H stand for Voigt, Reuss and Hill conventions, and

K and G represent bulk and shear modulus, respectively.

KV = c11 + c22 + c33 +2(c12 + c13 + c23)

9
(4.8)

KR = 1

s11 + s22 + s33 +2(s12 + s13 + s23)
(4.9)

KV RH = KV +KR

2
(4.10)

GV = c11 + c22 + c33 − (c12 + c13 + c23)+3(c44 + c55 + c66)

15
(4.11)

GR = 15

4(s11 + s22 + s33)−4(s12 + s13 + s23)+3(s44 + s55 + s66)
(4.12)

GV RH = GV +GR

2
(4.13)

Although one can define a single value for the Young’s modulus of a crystal, directional

evaluation of the Young’s modulus is more informative as these materials are highly anisotropic

[213]. Young’s modulus along an arbitrary unit vector a is defined as the inverse of compliance,
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Ea = (s
′
a)−1, (4.14)

where compliance along the vector is defined as

s
′
a =

3∑
i

3∑
j

3∑
k

3∑
l

ai a j ak al si j kl . (4.15)

In this equation, si j kl is an element of the compliance matrix S in the original notation, i.e.

not represented in Voigt notation.

4.4.4 Force field

The potential energy surfaces of the structures were described by DREIDING force field [244],

a classical force field. DREIDING force field is known to be able to model dynamics and

structures of organic molecules correctly. The force field is a series of molecular mechanics

potentials and parameters, including bonded and non-bonded van der Waals interactions.

Etotal = Ebonded +Enon-bonded (4.16)

Ebonded = ∑
bonds

Estretch +
∑

angles
Ebend +

∑
dihedrals

Etorsion +
∑

impropers
Eout-of-plane (4.17)

Enon-bonded = ∑
pairs

EvdW. (4.18)

The main inadequacy of generic force fields, such as DREIDING, is their relatively poor pa-

rameters for modelling the coordination environment of the metallic nodes of MOFs. Hence,

we modified the force field parameters, bond stretching and angle bending, of Zinc tetrahe-

drals to correctly model the coordination environment of Zinc atoms. The parameters were

extracted from the experimental vibrational frequencies of far-infrared spectrum of ZIFs and

density functional theory calculations in literature [252, 253]. The modified parameters and

their functionals are summarized in table 4.2. Bonding topology calculation and force field

parameter assignment are discussed in detail in reference [80].

4.5 Supplementary materials

Lennard-Jones lattice model

Bulk modulus is the second derivative of the energy with respect to isotropic deformations.

For a primitive cubic lattice solid with only nearest neighbour Lennard-Jones type of interac-

tions, the second derivative of the energy can be expressed analytically as a function of the
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Estretch = KIJ(r− r0)2 KIJ [kcal /mol ] r0

Zn - N 90.0 1.97

Ebend = CIJK[cos(θ)−cos(θ0)]2 CIJK [kcal /mol ] θ0

N - Zn - N 19.67 109.47

C - N - Zn 23.3 120

Table 4.2 – The force field parameters used for Zinc tetrahedrals.

interatomic distance of atoms on the lattice. In such a simple model, there is a one by one

correspondence between the interatomic distance and density (ρ),

ρ = m

a3 , (4.19)

where a is lattice parameter and m is atomic mass. Lennard-Jones (LJ) potential is a simple

potential which evaluates the non-bonded van der Waals interactions as a function of the

interatomic distance between two atoms (r ):

ELJ = 4ε[(
σ

r
)12 − (

σ

r
)6] (4.20)

In this equation, σ and ε are the van der Waals radii and the potential well depth of the LJ

potential, respectively. The second derivative of the Lennard-Jones potential with respect to

normalized distance is

s = ∂2ELJ

∂( r
σ )2 = 4ε[12×13(

σ

r
)14 −6×7(

σ

r
)8]. (4.21)

Figure 4.7a shows there are two stiffening and softening regimes of non-bonded van der

Waals interactions which are corresponding to the positive and negative parts of the second

derivative of the potential energy, respectively. The second derivative of the potential changes

sign at interatomic distance ∼ 1.2σ.

Assuming an additive nature for the contributions from the non-bonded interactions to the

primary network, one would expect high density materials gain more from the non-bonded

interactions, as higher density corresponds to higher population in stiffening regime of the

non-bonded interactions. To examine this hypothesis, we define enhancement ratio as the

ratio of the bulk modulus of a structure with respect to the bulk modulus of its primary

network (K /Kpr i mar y net ). In figure 4.7b, density and the enhancement ratio of the structures

are represented. Evidently, there is no correlation between density and the enhancement ratio.

This demonstrates that the spatial distribution of atoms is the key for formation of a secondary
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Figure 4.7 – (a) Lennard-Jones potential and its second derivative (s) with respect to normalized

pairwise distance. (b) Ratio of the bulk modulus of structures computed with non-bonded

interactions to turned off non-bonded interactions as a function of density.

structure KV HR GV HR Exx Ey y Ezz

MOF-520 10.6 1.3 7.5 7.5 11.1
MOF-520-BPDC 15.3 2.5 20.2 20.2 17.1

Table 4.3 – Mechanical properties of MOF-520 and its retrofitted version, MOF-520-BPDC. All
the properties are in GPa.

network.

Mechanical properties of MOF-520 and MOF-520-BPDC

Kapustin et al. proposed a molecular retrofication procedure by adding extra ligands to the

weak points of MOF frameworks [222]. They successfully applied this procedure by adding

extra ligands to retrofit MOF-520 in its xy plane by modifying the underlying network topology,

i.e. the primary network of the structure [254]. The primary network of the structures are

shown in figure 4.8. The analysis of underlying network topology of the two structures were

performed by ToposPro version 5.3.0.2 [255]. To charactrize the mechanical properties of

MOF-520 and its retrofitted version MOF-520-BPDC, we calculated the moduli of elasticity of

the structures. The same force field [244] with adapting the geometric parameters of metals

from the experimental x-ray data as explained in reference [80] was used to describe the PES

of the structures. The computed properties agree with the experimentally observed higher

mechanical stability of the retrofitted MOF (See table 4.3). More specifically, as one expects,

the effect of extra ligands is more emanate in the Young’s modulus of the structure along x

and y axis. Unfortunately, due to lack of experimental data on moduli of elasticity, we cannot

compare directly the computed values with experimental data.
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Figure 4.8 – MOF-520 (left) and its retrofitted version MOF-520-BPDC (right) are shown

together with their primary networks (middle). By adding extra linkage (cyan tubes) to the

primary network of MOF-520 (red tubes), it was adapted to high pressures. White, black, red

and pink spheres represent H, C, O, and Al atoms, respectively.

structure KV HR GV HR Exx Ey y Ezz

IM-ZIF-3 2.0 0.5 1.3 1.1 4.6
mIM-ZIF-3 7.8 1.0 3.5 3.8 5.1
IM-ZIF-4 3.1 0.8 5.6 4.9 2.6
mIM-ZIF-4 7.6 1.5 7.6 7.2 8.7

Table 4.4 – Mechanical properties of ZIF-3 and ZIF-4 with two IM and mIM ligands. All the
properties are in GPa

Amorphization of ZIF-3 and ZIF-4

The moduli of elasticity of ZIF-3 and ZIF-4 with two IM and mIM ligands are represented

in table 4.4. Evidently, formation of secondary networks in the structures with substituted

ligands, namely mIM-ZIF-3 and mIM-ZIF-4, has enhanced the mechanical stability of the

structures. Knowing that amorphisation occurs due to material softening upon heating and/or

pressure, we expect ZIFs with higher mechanical stability, i.e. higher moduli of elasticity,

amorphise at more extreme conditions. To examine this hypothesis, we carried out molecular

dynamic simulations at constant temperature and pressures (NPT ensemble [256]) using

Nosé-Hoover thermostat and barostat as implemented in LAMMPS. Figure 4.9 shows the

variation of volume with respect to applied pressure for the structures. Indeed, amorphisation

delayed in the modified structures to much extreme pressures. Interestingly, the results in

table 4.4 and figre 4.9 show that the materials with lower shear modulus amorphise at lower

pressure. This observation confirms the explanation of a previous study on amorphisation of

ZIFs, which showed amorphisation happens due to shear mode softening [240].
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4.5. Supplementary materials

(a) (b)

Figure 4.9 – Evolution of unit cell volume of structures as a function of pressure for (a) ZIF-3 and

(b) ZIF-4 extracted from molecular dynamic simulations. Pressure-induced amorphisation is

delayed by incorporation of secondary networks in the mIM structures.
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In this thesis, we explored some of the emerging applications of computational and data–

driven methods for the design and development of porous materials for gas separation and

storage. We demonstrated how these methods can be beneficial at different stages of the

material development, from database generation and in silico screening, to material synthesis

and stability assessment. In this respect, this thesis shows some novel promising domains of

applicability of the computational and data–driven methods for the development of porous

materials.

The motivation of developing descriptors for the chemistry and pore geometry of MOFs was

to pave the first steps towards exploiting the capability of machine learning and material

informatics for the design and discovery of these materials. The success of these approaches

relies on how well the material descriptors preserve structural similarity. In Chapter 1, we

showed that the graph–based autocorrelation descriptors are simple, symmetry invariant,

cheap, and yet chemically rich representations of the chemistry of MOFs. Furthermore, in

Chapter 2, we presented a methodology based on persistent homology to quantify similarity

in pore geometry and shape of materials. The remarkable accuracy we achieved in predicting

gas adsorption and partial atomic charges of MOFs using machine learning trained using our

descriptors is a proof of concept, showing that we can quantify their structural similarity and

exploit machine learning to predict their properties in a fast, reliable and cheap way.

A natural future research direction is to use the here developed descriptors for machine

learning predictions of other properties of MOFs. Machine learning can in particular be a

practical attractive alternative for obtaining properties, for which computational screening is

too demanding. For example, large–scale screenings of MOFs for their electronic structure

properties are prohibited due to the exceedingly large computational cost. These properties

are of great importance for applications, such as (photo-)catalysis, sensing, and electronics.

Since some of these properties are near–sighted and mainly depend on the local chemical

environment and atomic connectivity, e.g., the catalytically active site, we expect that here

the graph–based descriptors will be useful. Noticeably, these graph–based descriptors were

initially developed for the electronic properties of transition metal complexes and showed

remarkable performance.

In Chapter 1, we introduced a methodology to quantify the diversity of MOF databases and
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showed that each of the MOF databases is biased towards specific regions of the MOF chemical

space. The primary aim of this study is to aid material discovery with a way to more efficient

and exploratory sampling the possible chemical space. Our results strongly demonstrated the

importance of this exploratory approach as we showed that the bias in the databases have

obstructed material discovery and led to not generalizable structure–property relationships,

and not transferable machine learning models. A way to reduce these biases is to generate

structures in the less explored or unexplored regions of the chemical space. For example, this

can be done by mining inorganic building blocks from the experimental databases to assemble

them with many organic linkers that we can retrieve from organic molecule databases.

In addition, it is important to realize that the notion of diversity depends on the context of

the problem at hand. For example, if we are interested in gas adsorption or separation any

diversity in non-porous MOFs will be irrelevant, while for optical properties the shape and

size of pores will be of minor importance. Our diversity analysis was performed in the broad

and fundamental context of structural building blocks and pore geometry, to recognise the

problem and find the limitations in the available databases independent of the application.

However, in future, we aim to perform diversity analysis for a specific given applications.

Essential to reach this aim is to be able to identify the key structural characteristics which

influence and determine the material properties of interest. Since our chemical descriptors

are inspired by the concept of reticular chemistry, and they closely resemble the chemical

intuition of MOF chemists, in which a MOF is a combination of metal nodes, organic linkers

and functional groups, they allow us to identify the key characteristics and directly use them

in the structure generation step. This approach ensures optimal exploration of the design

space for a given application.

We all know the importance of chemical synthesis when we discover a new promising material

in computer. However, chemical synthesis is a fuzzy procedure that only “expert” synthetic

chemists have an “intuition” for how to do it. The aim of our study in Chapter 3 was to develop

a data–driven framework to capture this intuition using data from a set of failed and successful

experiments. Our study on a MOF showed that such approach in principle can be feasible.

Similar to the way chemist develop their chemical intuition over the course of many failed and

successful experiments, our framework’s intuition become more versatile when it is provided

more data. Hence, such framework becomes a powerful tool only if we can collect data from

many experimental groups. However, most of the experimental data, specifically almost all

the failed experiments, remained unreported. Therefore, an important direction for future

work is to develop infrastructure to collect all experimental data. A possible tractable way is to

use electronic lab notebooks (ELNs) coupled with data repositories to collect these data.

In our study on HKUST–1, we used genetic algorithm to optimise objectives based on the

crystal quality metrics, namely crystallinity and surface area. However, the aim of synthesis

is often to obtain the crystals with optimum desired functionality. For example, HKUST–1

has the highest deliverable capacity for the methane storage application. As the objective

function of the genetic algorithm is flexible to any desired property, one can simply use our
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tools which are available online to optimise the methane deliverable capacity of HKUST–

1. Moreover, it is fundamentally important to find out whether the crystal quality metrics

correspond to functionality. This insight has also practical merits as adsorption properties

characterisations (e.g., methane adsorption) are much more time consuming than crystal

quality characterisations (e.g., X–ray diffraction).

With the discovery of many promising MOFs, other properties of materials which have funda-

mental importance for the practical use of the materials, e,g. mechanical stability, become

relevant. Our study on the mechanical stability of MOFs in Chapter 4 aimed to establish a

basic understanding of how the mechanical stability is related to the underlaying molecular

structure. We showed that the underlying network topology is the primary factor for the

mechanical stability. Additionally, the functional groups of the linker can form a secondary

network which can enhance and/or tune the mechanical stability of MOFs. While both under-

lying network and secondary network can be rationally designed, designing the secondary

network is more practical since linker functionalisation is feasible in many ways, e.g., post

synthesis modification.

The research on the mechanical stability of MOFs is only at the beginning and many more

studies to come. For example, our study was focused on a relatively small set of MOFs. Since

the methodology and tools developed for this study can be applied to other MOFs, a possible

research project is to extend the set of materials to include more chemical diversity to establish

a more general structure–property relationship. In particular, for different isoreticular MOF

series, e.g. IRMOF-1, IRMOF-74, etc., it is of great importance to develop specific strategies to

enhance their mechanical stability.
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