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Abstract

Metal-organic frameworks (MOFs) have become a widely studied class of porous materials
over the last 30 years. They have been, and continue to be, extensively researched for
applications requiring porous and adsorptive properties of materials. This thesis focuses
on three main topics which sit at the forefront of MOF research: reliable topological
characterisation of crystalline materials, machine learning and data driven manufacturing,
and the development of new computational tools.

Firstly, we investigate topological characterisation of these crystalline materials, de-
scribing the methods and algorithms by which they can be categorised through the
medium of a perspective review, followed by the integration of a newly developed open-
source software with the Cambridge Crystallographic Data Centre’s (CCDC) existing
crystallographic data suite and Python API.

This is succeeded by the introduction of state-of-the-art machine learning (ML) and
digital manufacturing techniques with the view that they can be applied to the future
of the eld. In this work we discuss the use of ML in solid state materials development
which is followed up by work in which we developed a new method of abstracting existing
synthesis information published in thousands of previous MOF studies.

Lastly, we apply new augmented reality techniques to visualise the results of topo-
logical deconstruction and adsorption studies of MOFs. The result of this work over the
last 4 years has enabled researchers to use the Cambridge Structural Database (CSD) to
maximum e ectiveness when searching for synthesis conditions, precursors, linker types,
topologies, and more whilst also integrating ML techniques such as Natural Language
Processing (NLP) for data mining and introducing new ways of visualising the results.
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Chapter 1

Introduction

Metal-organic frameworks (MOFs) have emerged as a widely studied class of porous ma-
terials over the last 30 years. They have been, and continue to be, extensively researched
for applications requiring porous and adsorptive properties [1, 2, 3, 4]. Due to their poros-
ity and large surface area, MOFs have been e ectively deployed for adsorption of gases
such as CQ, H»0, and Hy [5, 6, 7]. This, coupled with the customisability of MOFs
has attracted exponentially growing interest in this realm of materials science, and recent
investigations have shifted from gas storage and separation to resistive sensing, electro-
catalysis, and energy storage [8, 9]. Materials combining structural tunability, accessible
porosity, and high surface area are highly desirable from an application point of view,
however this combination of properties can be di cult to nd especially when additional
criteria such as conductivity, or water stability are considered [10].

Over the past several years there has been a big increase in the number of compu-
tationally theorised structures available to researchers [11], this rapid development has
also led to concerns over chemical diversity and the need for screening a large number of
chemically similar materials arises [12]. This has been in part due to the development
of computing capabilities, but also the increasing in uence of machine learning on the
community [13].

This thesis focuses on three main topics which sit at the forefront of MOF research:
reliable topological characterisation of crystalline materials, machine learning and data
driven manufacturing, and the development of new computational tools. This intro-
duction discusses the basics of metal-organic frameworks and some important literature,
followed by an overview of the work which has been completed by the Cambridge Crys-
tallographic Data Centre (CCDC) and collaborators resulting in the creation of the Cam-
bridge Structural Database (CSD) MOF subset. Then, the aims and objectives of this
PhD project are outlined with some contextual literature review surrounding the key
areas discussed in each subsequent section.

1.1 Metal-Organic Frameworks

MOFs are crystalline materials that consist of metal clusters (Secondary Building Units,
SBUSs) connected by organic linkers which combine structurally to form well de ned porous
frameworks. Typically formed into networks of 1D-chains, 2D-sheets, or 3-D nets, MOF
building units can be connected in an almost limitless number of ways [14]. When con-
sidering their formation, they can consist of almost any metal combined with a broad
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catalogue of organic molecules. These materials often exhibit strong mechanical stabil-
ity in conjunction with porosity, and the modular nature of structure formation enables
versatile material development to tune desirable properties for a range of applications.

The origins of MOFs lie in the mid 1990s with notable contributions from Omar M.
Yahgi and colleagues upon their exploration of the molecular building block approach of
synthesising crystal structures [15, 16]. However, several materials that could be consid-
ered MOFs had been synthesised before this point, one example of which was the copper
based Cu[C(GH4.CNy4)]BF 4 reported by Hoskins and Robson in 1989 [17]. Since then
however, the MOF eld has been subject to rapid investment resulting in a signi cant
growth in research volume, exploring various strategies used to create a vast library of
MOF structures. This is in part due to the versatility of MOFs, allowing for precise
control over properties, but also due to advancements in synthesis methods such as hy-
drothermal, solvothermal, microwave assisted, and mechano-chemical synthesis playing a
vital role in accelerated development.

One key property of all crystal structures, and the focus of this thesis, is topology -
explained simply as the way that a crystal has been formed in space - and it is represented
by the underlying connectivity of constituent building units [18]. It holds signi cant im-
portance as the underlying atomic con guration directly in uences the properties and
performance of the material. Understanding topology, and the ability to control speci c
formations, is crucial for tailoring pore structure, surface area, and mechanical stability
to meet predetermined requirements. This interest in pore shape and size has been exten-
sively studied, particularly to consider the upper bounds (or the limit) of these materials,
as well as the pore shape restrictions that may be imposed [19, 20]. Achieving desired
topologies can be challenging due to several factors including linker geometry, metal co-
ordination preferences, and a variety of synthesis conditions and methods which have
stimulated the development of modulator-assisted methods, ligand design strategies, and
post-synthesis modi cations in an attempt to control the resultant topologies.

A further geometric descriptor of MOFs and other crystalline structures are tilings,
which refer to divisions of space in which repeating polyhedral structures describe 3D
arrangements of MOF networks, typically used to represent the regions which are enclosed
by the metal nodes and linkers. These tiles, often regular or semi-regular polyhedra, such
as tetrahedra, octahedra, or more complex polyhedra, give a clearer picture of the pores or
cavities present in the structure, crucial for understanding guest-accessibility, gas storage
potential, or catalytic behaviour. A common MOF, MOF-5, consists of metal-oxo clusters
that form cubic cages, and the organic linkers span between the nodes, such that the entire
structure can be described as a tiling of cubic units.

A wide range of topological diversity can be found in the broader MOF space, typically
described by mathematical nets found in the Reticular Chemistry Structure Resource
(RCSR) [21], one example, MOF-5 and its underlying topology, is shown in Figure 1.1.
This example, amongst thousands of others, can be found in the Cambridge Structural
Database (CSD).
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Figure 1.1: A representation of one of the most renowned MOFs (MOF-5),
with pcu topology overlaid onto the structure in CSD Mercury.

1.2 Cambridge Structural Database and MOF Subset

The Cambridge Structural Database (CSD) is a comprehensive and curated repository for
the experimental structural data of molecules (typically crystalline in nature) which make

up organic, metal-organic, and inorganic compounds. One of the most extensive chemical
databases to exist, it currently contains approximately 1.2 million entries and counting,

all of which generally contain at least carbon and hydrogen (with some exceptions). The
CSD serves as a valuable resource for chemists, crystallographers, and materials scientists
and contains detailed structural information such as atomic coordinates, bond lengths,
angles, and space groups obtained from x-ray (XRD), electron or neutron diraction
experiments.

The CSD is a widely used repository for small-molecule and metal-organic structures,
all of which are typically made available for download and use at the point of publication.
Researchers are able to access the CSD to analyse molecular conformations, study inter-
molecular interactions, and run experiments to determine structure-property relations.
Targeted subsets, such as the CSD MOF subset or the COVID-19 subset, are also available
to support researchers with speci ¢ focuses.

The CSD MOF subset is a specialised partition of the whole CSD, created in 2017
by Moghadam et al. [22] and it has been extensively used by almost all MOF focused
research groups as a resource containing almost all experimentally produced MOFs. By
focusing on a curated collection of data that is specic to a certain class of materials, it
allows streamlined research into synthesis, stability, and design of MOFs. Whilst many
CSD derived and/or hypothetical MOF databases exist, they are limited by their lack of
periodic updates and high-level manual curation that the CCDC provides, this includes
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manual veri cation of deposits from a variety of sources including checks for errors and
inconsistencies followed by the use of periodic quality and consistency checks.

Figure 1.2 shows the seven criteria used to created the original CSD MOF subset that
are still used to Iter newly deposited structures into the CSD MOF database following
each update.

Figure 1.2: Summary of the seven criteria designed to build the CSD MOF
subset, where QA = 0O, N, P, C, B, S. QB =N, P, B, S, C and superscripts
\c" and \a" impose the corresponding atoms to be \cyclic" or \acyclic", re-
spectively. Me denotes methyl groups. The dotted line refers to any of the
bond types stored in the CSD (single, double, triple, quadruple, aromatic, poly-
meric, delocalised, and pi). The dotted line with the two lines through indicates
a variable bond type (i.e., two or more of the options above). In these cases,
the variable type is single, double, or delocalised. [22]

The CSD MOF subset has been used extensively throughout the work contained within
this thesis as the go-to database for experimental MOF data. Whilst other MOF databases
do exist, and some of them are discussed in later chapters, they are all hindered by a lack
of curation that solidi es the CSD as a leading, up-to-date, and trustworthy source of
information.

1.3 Thesis Outline

1.3.1 Chapter 2 - Topological Characterisation of Metal-Organic Frame-
works

In chapter 2 we introduce the signi cance of topological analysis and how it can be used
to understand metal-organic frameworks (MOFs) and their growing importance in mate-
rials science. With over 120,000 MOF-like structures deposited into the CSD database,
the complexity of these structures presents challenges in characterisation. Topological
analysis simpli es MOF structures by identifying their basic connectivity, which can aid
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in design and synthesis. Software tools like ToposPro, MOFid, and CrystalNets assist in
assigning topology descriptors to MOFs, though each has its strengths and limitations.
This perspective highlights the importance of topology in MOFs, discusses available soft-
ware, their algorithmic approaches and methods, limitations, and uptake within the MOF
community.

In the conclusion, we emphasise that topological characterisation extends beyond
MOFs to other crystalline materials like COFs and Zeolites. The choice of software
depends on study requirements; CrystalNets o ers speed but limited chemical insights
compared to MOFid or ToposPro. A notable limitation is discrepancies in topology allo-
cation, which should be addressed following IUPAC guidelines. The lack of a complete,
freely available database of MOFs with veri ed topology information is highlighted, abd
although initiatives like the QMOF database show promise for some signi cant applica-
tions more work is required. Suggestions are made to integrate topological information
into established databases like the CSD, enhancing accessibility and facilitating research
in MOF characterisation.

1.3.2 Chapter 3 - Integrating CrystalNets.jl and Bench-marking Per-
formance on the Cambridge Structural Database

In this chapter we aimed to address the challenges in topological assignment of com-
plex MOF structures by comparing two high-throughput topological assignment pack-
ages, MOFid and CrystalNets, supplemented by a custom Python work ow utilizing the
CSD Python API. By analysing a large set of CSD 2D and 3D MOFs (54,473 experimen-
tal structures), the study aimed to assess the agreement between these approaches and
identify the most e ective method for topological assignment. This comparative analysis,
believed to be the rst of its kind using the CSD MOF subset, led to the development

of a new Python-based approach integrated within CSD Mercury, facilitating topological
assignment with a single click. The investigation aimed to determine the most suitable,
presently available, work ow for high-throughput topological characterisation of MOFs.

We concluded that our results indicated that combining CrystalNets with the reten-
tion of CSD bonding information yielded the highest recall and precision rates, with
minimal computational cost compared to the MOFid approach. The automated work ow
achieved success rates of 75.9% for 2D MOFs and 51.25% for 3D MOFs, though room for
improvement remains, particularly regarding disorder in structures and modi cations due
to solvents within CIFs. Additionally, the study emphasized the simplicity of integrating
new tools within the CSD, providing the developed work ow publicly through CCDC's
open-source GitHub repository, enhancing accessibility for researchers seeking e cient
topological assignment methods.

1.3.3 Chapter 4 - Machine Learning and Digital Manufacturing Ap-
proaches for Solid-state Materials Development

Chapter 4 serves as an introduction to the integration of machine learning (ML) into
the realm of material discovery and chemical manufacturing, which whilst relatively re-
cent shows promising progress, particularly in solid-state nanomaterials. ML has been
successfully applied to predict novel synthesis conditions, enhancing sustainability and
economic e ciency. However, challenges such as inconsistent reporting and the lack of
data on unsuccessful experiments hinder the accuracy of predictions. We discuss the
shift towards open-source data repositories and collaborative e orts within the scienti c
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community which aim to address these challenges, making research more accessible, af-
fordable, and environmentally conscious. With the availability of resources like journal
publications, GitHub repositories, and physical experimental documentation, the use of
ML in chemical space is expected to accelerate.

In this chapter we concluded that advancements such as knowledge graphs, graph-
based reaction optimisation, and digital twins are facilitating the discovery of new path-
ways to stimulate the automation of laboratory processes. In the context of large-scale
integration of ML and digitisation for synthesis of metal-organic frameworks (MOFs),
high-quality algorithm outputs are crucial for continuous manufacturing and commer-
cialisation. Predicted synthesis conditions will allow manufacturers to optimise resource
usage and production processes, thereby reducing costs and environmental impact. How-
ever, challenges such as the complexity of certain MOF structures and the scarcity of
certain materials pose limitations on large-scale synthesis. Events like the COVID-19
pandemic have underscored the importance of assessing the resilience of manufacturing
pathways to disruptions in supply chains, highlighting the need for digitisation to increase
e ciency and resilience. Nonetheless, the full potential of digitisation relies on access to
su cient, high-quality data, which remains a critical aspect for further progress.

1.3.4 Chapter 5 - DigiMOF: A Database of Metal-Organic Framework
Synthesis Information Generated via Text Mining

The work in chapter 5 outlines the development of the DigiMOF database, an open-source
resource generated through the adaptation of the ChemDataExtractor (CDE) tool to ex-
tract synthetic properties from over 43,000 MOF publications. A continuation from the
adoption of ML within the chemical space, this database encompasses various parameters
such as synthesis method, solvent, linker type, metal precursor, and topology, providing
a centralised repository of valuable information for MOF researchers. Additionally, an
alternative data extraction technique was employed to identify linker types and their as-
sociated costs, further enriching the database. DigiMOF o ers a comprehensive resource
for researchers to rapidly search for MOFs with specic properties, aiding both compu-
tational screening and experimental evaluation of MOF properties. The database and
associated software are openly available, allowing for updates and modi cations to ensure
the continuous identi cation of new MOF-property relationships.

In the conclusion, the signi cance of DigiMOF in advancing the eld of MOF re-
search is reiterated, as one of the rst automatically generated database of MOF syn-
thesis properties, it o ers a valuable resource for researchers seeking to enhance MOF
production pathways and identify commercially viable synthesis routes. By providing
over 15,000 uniqgue MOF records with detailed synthetic data, DigiMOF now facilitates
techno-economic assessments, life-cycle assessments, and experimental validation work.
The database is poised to reduce the reliance on unsustainable synthesis routes within
the MOF community to help stimulate the application of MOFs in decarbonisation tech-
nologies. With its extensive dataset and potential, subject to further work, for continual
updates, DigiMOF now serves as a foundational tool for advancing the digital manufac-
turing of MOFs and driving innovation in materials science.
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1.3.5 Chapter 6 - Augmented Reality for Enhanced Visualization of
MOF Adsorbents

Finally, chapter 6 explores the innovative use of augmented reality (AR) technology to
enhance the visualisation and understanding of complex 3D materials, particularly metal-
organic frameworks (MOFs). The paper demonstrates a work ow for AR modeling that
allows for the visualisation of MOF crystal structures, topologies, and gas adsorption
sites directly on Android or iOS smartphones without the need for additional apps. The
technique is not only bene cial for computational and experimental scientists in research
but also serves educational purposes, o ering an engaging and interactive experience for
students and researchers alike.

The paper showcases the practical applications of AR modeling for MOFs and by pro-
viding freely available, no-cost methods, distributed via QR codes, this technique enables
the creation and sharing of AR maodels globally and instantly. The ability to modify the
size of AR representations adds to its versatility, allowing for educational use in various
settings, such as conferences, workshops, and classroom presentations. Additionally, the
paper explores potential applications of AR in other areas of materials science, includ-
ing catalysis, crystal engineering, and collaboration between research groups, as well as
artistic experiences of crystal structure representations. Overall, this research paper high-
lights the potential of AR technology to revolutionise the way we visualise, teach, and
understand the eld of materials science.

1.4 Aims, Objectives and Scienti ¢ Contribution

Before this project commenced, the CSD consisted of approximately 88,000 MOFs, a
gure which has risen over the past 4 years to an incredible 120,000+. The goal of this
project was to conduct systematic computational study into the network topology of
MOFs and to implement data-driven design approaches to explore the library of MOFs
within the CSD.

With unparalleled potential to investigate thousands of structures in a short time,
computational high-throughput screening is extremely well suited to unravelling trends in
key MOF properties, establish structure-property relationships, and guide future synthesis
e orts. Whilst in the last few years CCDC's computational analysis has been primarily
focused on geometric characterisation (e.g largest pore size, pore volume, surface area,
and gas adsorption properties) we further these investigations using a variety of new
approaches. Previous computational investigations have delivered important insights but
are still yet to answer key questions about useful MOF properties such as performing
reliable topological characterisation of the CSD MOF subset, and identifying constituent
metals and organic linkers. To address these, we proposed this project which is the result
of a combination of e orts including the expertise of CCDC's scientists in crystallography
and materials science in conjunction with researchers here at the University of She eld
and at University College London.

1.4.1 Topological Characterisation

Our initial objective was to perform topological characterisation of all MOFs within the
CSD MOF subset, including investigating the methods and algorithms through which
they can be categorised. We rst planned to develop a new standalone software to handle
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this problem that could be integrated within the CSD, however upon release of the open
source CrystalNets package, only minor modi cations to the run process were required to
signi cantly increase the reliability of the current state of the art tools. This was achieved
through a combination of the work detailed in Chapter 2, Chapter 3, and Chapter 5.

1.4.2 Machine Learning and Augmented Reality

Next, quantitative structure/property relationship (QSPR) analysis was used to system-
atically correlate certain topological descriptors to functional properties in quantitative
terms. Before the commencement of this project, only a handful of QSPR studies had been
reported for porous materials, and we developed new models using established methods
including the use of machine learning in the form of natural language processing (NLP).
We developed several publicly available resources for analysis of information related to all
materials. Our state-of-the-art machine learning (ML) and digital manufacturing tech-
niques were discussed in Chapter 4 and Chapter 5 with the view that they can be applied
to the future of the eld. Our focus began with the use of ML in solid state materi-
als development, followed the developed a new method of abstracting existing synthesis
information published in thousands of previous MOF studies.

1.4.3 Development of New Computational Tools

Finally, we proposed the integration of a newly developed open-source software with
the Cambridge Crystallographic Data Centre's (CCDC) existing crystallographic data
suite and Python API, and we applied new augmented reality techniques to visualise the
results of topological deconstruction and adsorption studies of MOFs. These goals were
met through a combination of the work detailed in Chapter 3 and Chapter 6.

1.5 Summary

The result of this work has enabled researchers to use the Cambridge Structural Database
to maximum e ectiveness when searching for synthesis conditions, precursors, linker
types, topologies, and more whilst also integrating ML techniques such as Natural Lan-
guage Processing (NLP) for data mining and introducing new ways of visualising the
results.
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Chapter 2

Topological Characterisation of
Metal-Organic Frameworks: A
Perspective

2.1 Publication Information and Paper Contributions

This paper has been submitted to the American Chemical Society's journal Chemistry of
Materials for publication as a perspective and is currently under review.

In this publication, I, the candidate wrote the manuscript with supervision from Pro-
fessor Joan L. Cordiner, Dr Jason C. Cole, and Dr Peyman Z. Moghadam.

2.2 Abstract

Metal-organic frameworks (MOFs) began to emerge over two decades ago, resulting in the
deposition of 120,000 MOF-like structures (and counting) into the Cambridge Structural
Database (CSD). Topological analysis is a critical step towards understanding periodic
MOF materials, o ering insight into the design and synthesis of these crystals via simpli-
cation of connectivity imposed on the complete chemical structure. Whilst some of the
most prevalent topologies such as face-centred cubidqu ), square lattice (sql), and dia-
mond (dia) are simple and can be easily assigned to structures, MOFs that are built from
complex building blocks, with multiple nodes of di erent symmetry, result in di cult to
characterise topological con gurations. In these complex structures representations can
easily diverge where the de nition of nodes and linkers are blurred, especially for cases
where they are not immediately obvious in chemical terms. Currently, researchers have
the option to use software such as ToposPro, MOFid, and CrystalNets to aid in the as-
signment of topology descriptors to new and existing MOFs. These software packages
are readily available and are frequently used to simplify original MOF structures into
their basic connectivity representations, before algorithmically matching these condensed
representations to a database of underlying mathematical nets. These approaches of-
ten require the use of in-built bond assignment algorithms alongside the simpli cation
and matching rules. In this perspective, we discuss the importance of topology within
the eld of MOFs, the methods and techniques implemented by these software packages,
their availability and limitations, and review their uptake within the MOF community.

12



CHAPTER 2. TOPOLOGICAL CHARACTERISATION OF MOFS 13

2.2.1 Keywords

Perspective, Topology, Metal-organic Frameworks, Structure Characterisation

2.3 Introduction

Metal-organic frameworks (MOFs) are an emerging class of porous materials, formed by
chemical bonds between metal clusters and organic building blocks [1, 2]. MOFs are a
diverse set of chemical structures often characterised by their porosity and customisability:
the commercial uptake of MOFs are particularly focused towards gas adsorption [3, 4],
separation [5, 6, 7], sensing [8, 9], alongside catalysis [10, 11] and quantum applications
[12, 13, 14, 15]. The MOF materials space consists of many combinations of building
units typically con gured in a symmetrical pattern. Over time, increased importance has
been placed on topology as a predictor of properties: recently investigations have been
published that compare topology with porosity and mechanical stability [16, 17], but there
are still areas in which potential correlations between topology and other properties have
not been determined, such as electronic properties, solvent compatibility, and thermal
stability [18].

The CSD MOF subset contains a staggering ca. 120,000 experimental crystal struc-
tures of MOFs (CSD release April 2023), representative of the input of the worldwide
research community, with updates to the total number of synthesised structures being
made quarterly [19, 20, 21]. Figure 2.1 shows the distribution of MOFs within the CSD
from 1981 to present day, including a breakdown of their structural dimensionalities.
Whilst there appears to have been a clear preference towards the synthesis of 1D MOF-
like structures from the inception of the CSD until 2011, there has been a recent increase
in the popularity of 3D structures compared to the initial high proportion of 1D deposits.
The initial prevalence of 1D MOFs could be explained by the cost-e ective formation
of simple structures consisting of basic pyridyl and chelate ligands, typically synthe-
sised with the intention to study these ligands and their interactions with metal centres.
These 1D chains have interesting applications in magnetism, proton conductivity, and
ferroelectricity and can often form larger crystals than equivalent 2D and 3D structures
under ambient conditions. We note that, despite their dimensionality, these structures
can exhibit porosity when linked by hydrogen bonds or other interactions, when woven
together/interpenetrating (1D+1D), or they could potentially exhibit porosity on desol-
vation [22]. 3D MOFs are typically considered to be the ideal candidates for adsorption
applications and the increasing focus on 3D MOFs can be seen in the cumulative 3D
structure deposits (red line in Figure 2.1) where they begin to overtake 2D submissions
in 2015. The number of 3D MOF submissions to the CSD has consistently exceeded 1000
accepted annual deposits for the last 15 years.



CHAPTER 2. TOPOLOGICAL CHARACTERISATION OF MOFS 14

Figure 2.1: The distribution of MOFs within the CSD, including dimension-
ality breakdowns of 1D, 2D, and 3D structures. The left axis indicates the
number of structures deposited per year per dimensionality, whilst the right
axis keeps a cumulative total across the timeline. (Data correct to CSD 5.45
Nov 2023).

Following the International Union for Pure and Applied Chemistry (IUPAC) recom-
mendations, published in 2013, suggesting that all MOF structures are assigned topolog-
ical representations, a signi cant number of these materials should now be published and
deposited with accurate topological information [23]. Ohrstrom et al. [24] released an
informative review in 2015 following the publication of these IUPAC recommendations,
where they o ered guidance to researchers working in the eld of MOFs surrounding iden-
ti cation of nets and network topologies. At present, the CSD does not report network
topologies of its deposited structures, although for many materials submitted since 2013,
this information may be available within the corresponding manuscripts as evidenced by
our previous study which included the text-mining of MOF topologies [25]. The suggested
procedure for reporting MOF network topologies is using a unique three letter code taken
from the Reticular Chemistry Structure Resource (RCSR), printed in bold lowercase let-
ters [2]. The RCSR is an open source, online database consisting of 2,929 3-periodic,
and 200 2-periodic network representations. It is self-described as a collection of spatial
information, and corresponding diagrams, which can be used to map networks that are
built using straight, non-intersecting linkers.

Additional alternative databases for topological descriptions do exist, these primarily
include the Topological Types Database (TTD) [26] and Euclidean Patterns In Non-
Euclidean Tilings (EPINET) [27] theoretical database. Whilst there is often some overlap
between these collections, it is very common to see newly reported structures represented
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in literature by their corresponding RCSR identi ers. Where the RCSR representation

is not present and if the topology has been determined by the authors, the alternative
EPINET or TTD terminology may be seen. Typically, topological identi cation software
packages refer to the RCSR labels with a preference over other representations wherever
it is possible to do so, although RCSR and EPINET topologies are sometimes reported
together. It is worth noting that RCSR topologies appear in the EPINET database with a

di erent unique reference, for example the RCSRpcu is also represented by the EPINET
s-net name sqcl, and likewise bcu can be reported as sqc3.

As the CSD does not contain topological information, and there is at present no
publicly available complete MOF topology database, to obtain the topology for a given
MOF structure one would need to search for the corresponding topology in the respective
publication, or if this was not available, determine the topology for the structure by
using one of the existing software packages. This article discusses the use of three readily
available MOF topology identi cation programmes: Topos Pro [26], hosted by Blatov and
colleagues from the Samara Topological Data Centre, MOFid [28] published by the Snurr
Group at Northwestern University, and nally CrystalNets [29] a Julia based software
from Chimie ParisTech published by the Coudert lab. Each of these approaches di er,
sometimes subtly, in the structure connectivity, deconstruction, and identi cation stages.
We also explain the important challenge of bond assignment and di erent approaches
to topological identi cation, and compare di erent software features that are currently
available. We also discuss the techniques used to obtain deconstructed or underlying nets,
and current examples of datasets created using these packages.

2.4 What is topology?

A long-recognised feature of crystal chemistry is that the connectivity between atoms can
be represented as a simple periodic graph with linkers being considered as edges, and met-
als or metallic clusters being treated as nodes, famously summarised by A.F Wells in his
1977 book on Three-dimensional Nets and Polyhedra [30]. Topological analysis provides
deeper understanding of the synthesised materials and their properties, enabling compar-
isons of new materials with existing literature, and e ectively communicating the networks

of new materials. Topology holds signi cance beyond the simplest natural structures such
as diamonds, zeolites, and quartz to describe and understand the variety of crystalline
materials. Even in these simple one atom type con gurations, the structural connectivity
at atomic scale can a ect the properties of the macrostructure. If we consider only car-
bon, whilst diamond, with its instantly recognisable cubic lattice construction registers at
the peak of the hardness scale, lonsdaleite is built using a hexagonal lattice con guration
and is potentially up to 58% harder than its cubic counterpart when measured across the
<100> face [31].

In 2019, Moghadam et al. [19] reported the correlation between structure-mechanical
stability and topology for 3,385 MOFs and 41 distinct topologies. In this context, they
identi ed the top robust network topologies and emphasised the importance of building
blocks, coordination numbers, and linker lengths. Later, in 2022, Li et al. [32] exper-
imented with di erent synthesis conditions and concluded that it is possible to control
the formation of speci c topologies for a set of identical building blocks which can be
useful to consider if a certain pore shape, size, or stability is desirable. The formation of
distinct MOF nets from the same building blocks is an important insight to consider as it
demonstrates the remarkable structural diversity and exibility of MOFs and underlines
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the importance of the principles of MOF formation.

In 2018, Bonneau et al. [33] published terminology guidelines to aid in the deconstruc-
tion of crystalline networks into their underlying nets. Their estimation suggested that
40,000 MOFs would be synthesised and published by 2025, a result that seems almost
achievable given the 28,729 3D MOFs o ered in the CSD release of April 2023, or one that
already has been achieved if we include 2D MOFs within the prediction. One important
focus of these guidelines was to address the ambiguity of node assignment. The method
through which the nodes are chosen can have a signi cant impact on the outcome of topo-
logical assignment, depending on the constituent building blocks. If, for example, large
linkers with porphyrin rings are present, the style of deconstruction approach can o er
di erent outcomes to the most basic structure form. The general goal is to represent the
connectivity of a structure using an underlying net which is mathematically de ned as a
simple periodic graph, consisting of vertices and edges. A simple graph is made suitable
for modelling topological representations of MOFs by four important criteria:

1. Edges are non-directional, only a Boolean result when questioning connectivity be-
tween two nodes is required.

2. Nodes cannot exist which have only 1-connection, they must be considered ‘loose
ends' and removed. Elements such as hydrogen cannot become nodes.

3. A node cannot be connected to itself, there are no loops, and although this is not
expected when approaching MOFs, it must be considered.

4. Each node connects only once to another node, additional connections between two
of the same nodes are discarded. In some instances, where for example a MOF has
a double linker between two nodes[34], these must be simpli ed into a single edge.

A net must be connected, periodic, and simple; this is the minimum information
required to construct a good topological representation. Topology can be represented for
any periodic crystal structure in both 2D and 3D planes, and for both cases the same
rules apply. Structures that are 3D but only "grow' into two planes (2-periodic) are
known as disjoint, and do not have a true topological representation when considering
RCSR criteria, although some representations for these types of crystal can be found in
the TTD. Figure 2.2a. demonstrates the 3-periodicbcu topology CSD OFAWAV (DUT-
53(Hf)) structure expanding polymerically from its 8-connected SBU in all 3 planes of
space, yet Figure 2.2b. shows the existence of “stunted' nodes on CSD OFAWID (DUT-
84(Zr)), a derivative of the bcu based structure, where we see expansion in only two
of the possible three planes originating from the now 6-connected SBU [35]. Here, two
atomic scale sheets have been layered and are bonded by a linker, but in this case, there
is no potential for expansion via further bonded sheets in thec plane for this structure,
and therefore any subsequent layers would be treated as separate structures, like stacking
sheets of corrugated cardboard. For this structure, the disjoint con guration is due to
the deliberate replacement of linker molecules on the 8-connected SBU metal clusters
with acetic acid molecules, resulting in a 6-connected SBU leading to a restricted 2D
structure consisting of double layers. Interestingly, the pore limiting diameter (PLD),
and the maximum pore diameter are not drastically changed between each con guration,
and when shifting from bcu to the disjoint structure we see them reducing from 8.5A to
7.6A,and 11.2A to 11.1 A, respectively [35]. As a result, we might expect to nd several
deliberately disjointed structures within the CSD's 2D MOF subset that demonstrate a
comparable level of porosity to 3D structures.
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Figure 2.2:  An example of two similarly connected crystal structures expanded
10, 20, and 30 from their unit cells where a. CSD OFAWAV (DUT-53(Hf))
consists of 8-connected SBUs, and b. CSD OFAWID (DUT-84(Zr)) consists
of 6-connected SBUs, visualised using CCDC's Mercury [35, 36]. The latter
entry is considered disjoint due to the lack of polymeric expansion sites parallel
to the c-axis; however, it expands polymerically in both other dimensions. Hf
(bright blue), Zr (cyan), O (red), H (white), and C (grey).

Clearly, there is a requirement for a rigorous and well-de ned way to describe the sym-
metry demonstrated in MOFs, which could be extended to other crystal structures that
consist of repeating units. This is generally accepted to be best represented by repeating
the structure according to one of the 230 space groups found in the International Table for
Crystallography Volume A [37]. After the space group of a structure has been determined,
it is typically followed by the allocation of coordinates for each uniqgue metal node in a
unit cell, designed to create an in nitely expandable 2D or 3D network representation of
a structure where there is little room for ambiguity.

The next, and truly key, step in the topology identi cation process is de ning the
positions of atoms that make up the nodes and linkers of the structure. Once coordinates
are assigned to a vertex it is then designated as a node and the same applies to edges
and their distinction as linkers. Although coordinates may be assigned by a variety of
methods, the topology can be identical for structures that have di erent geometry. The
creation of several nets may lead to a group of isomorphic representations, although it is
often recommended that the network with the highest symmetry should (in these cases)
be chosen as the universal net. This is somewhat subjective as it is often the whim
of the crystallographer that decides the outcome as there are currently no set rules or
absolutes for topological assignment, and it appears likely that will remain the case for
the foreseeable future. There are several valuable discussions available for further reading
that focus on the assignment of topology based on metal-organic polyhedra, such as the
contributions from Goesten et al. in 2013 [38] followed by Kim et al. in 2015 [39].

Additionally, our discussion here must mention the existence of interpenetrating struc-
tures in which the empty space between nodes may accommodate one or more additional
networks. Whilst the description and relationship between two 3D nets is quite straightfor-
ward, the complexity of possible relations between 2D sheets, or 1D chains, is signi cantly
increased [40, 41, 42]. Interpenetrating MOFs, often referred to as IMOFs, can display
some fascinating topologies and architectures and they often exhibit improved functions
for certain applications. The existence of homo- and hetero- IMOFs can make for interest-
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ing discussion surrounding the topology of these structures and the representations that
are allocated to them, particularly those created using two or more underlying structures
that results in a change of dimensionality for the macroscale material. Typically, each
separate structure is considered during topological assignment rather than considering the
interpenetrating nets as a single material, IMOFs do not contain bonds between the nets
that are interpenetrated as they typically form independent structures inside the pores
of each other. As an example, some MOFs can consist of many layers of the same 2D
sheets interpenetrated throughout the entire structure to give an in nite number of 2D
sheets where only one topological assignment needs to be made. An identical procedure
is followed where these simpli ed nets are then matched to pre-existing representations
found within the RCSR. We note that the interpretability of topology can also create bar-
riers towards having exact solutions for each structure where additional representations
are arguably equally suitable for an underlying representation.

2.5 Popular Topologies and Resources

2.5.1 The Reticular Chemistry Structure Resource (RSCR)

The RCSR was developed as a database to aid in both the design of new structures and the
analysis of existing structures [2]. The latter being particularly useful as a considerable
number of materials in the CSD were deposited before the popularity of MOFs began to
boom, and in fact before the distinction of these structures was made in the early 2000s.

The RCSR consists of four sections, 0-, 1-, 2-, and 3-periodic nets. These are also split
into two subsections of default or woven nets. Woven nets contain tangled polyhedra,
chains, interlocked components, weaving and interpenetrating nets, and multi-component
structures. For the default setting, the 0- periodic set contains structures consisting
of convex polyhedra, including cages with 2-coordinated vertices. The 1-periodic list
consists of cylindrical tilings and unsurprisingly, the 2-periodic set consists of plane tilings.
Finally, the bulk of the RCSR, and the most interesting collection for those with an
interest in gas adsorption, separation, and other porous applications of MOFs, is the 3-
periodic set containing embeddings of periodic graphs. These structure de nitions have
been collected over a period from 2003 to present day in a series of important works
[43, 44, 45, 46, 47, 48, 49, 50, 51].

In the RCSR, each topology is given a unique 3-letter identi er, typically reported
in bold. These are sometimes presented with a simple su x providing additional in-
formation. Each entry contains information regarding the vertices and their symmetry,
coordinates, coordination, and order, with the same provided for edges, besides coordina-
tion. It is this data which is necessary to match these representations to simpli ed MOF
structures, and these representations that are often reported in catalogues of MOF data.
Figure 2.3 shows a collection of 10 of the most commonly occurring 3-periodic RCSR nets
found in the CSD 3D MOF subset [25].
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Figure 2.3: Example RCSR topological nets created and visualised using
ToposPro [26]. Red atoms represent metal nodes, whereas green atoms rep-
resent organic nodes.
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In this section, it is also worth mentioning the existence of the TTD, and the EPINET
resource as other examples of topological collections that are notably relevant to the un-
derlying connectivity of MOF structures. However, due to the limited availability of the
TTD database without a licence, we focus our discussion on the RCSR collection. This is
solely to ensure that fair comparison can be made between the topology assignment soft-
ware packages detailed in Section 2.8 For completeness, all the structure representations
in Figure 2.3 can also be found in the EPINET collection by searching the related RCSR
names to nd the corresponding sqc'xxx' style reference codes.

Here, we point out the existence of zeolite framework type descriptors that are also
represented by 3 letter reference codes [52]. These are an older resource than MOF
topologies with rules on nomenclature dating back to 1979 [53], and are unrelated to the
RCSR. The 3-letter codes are typically derived from the material or institution origins,
for example faujasite becomes FAU, and a complete list can be viewed hetgtps://
europe.iza-structure.org/IZA-SC/Zeolite_names.html . However, this is not to say
that RCSR topologies could not be assigned to zeolites, and the use of capitalisation
should set them clearly apart from lowercase RCSR references.

2.5.2 Edge-Transitive Nets

Whilst edge-transitive nets are often reported for many MOF structures, they may not
necessarily be considered as the underlying topology of a structure. Edge-transitive nets
are typically used to describe the structural symmetry, as opposed to the connectivity of
the nodes and linkers. By selecting any edge in an edge-transitive net it is possible to
rotate or re ect the structure around that edge and observe the arrangement of linkers
and nodes remains unchanged. The nets represent a particular structure symmetry and
can be used to design and synthesise MOFs with speci ¢ properties.

On the contrary, underlying nets are not restricted by the speci c arrangement of link-
ers and represent only the spatial arrangements of nodes and connections. Edge-transitive
nets are typically derived from the underlying nets, for example the underlying basicnts
net can be obtained from simplifying further a derived net ntt structure. The deriva-
tions often consist of assigning geometric polyhedra to the nodes, and across some linkers,
to have further in uence on the exact shapes that can be obtained from a certain net.
Chen et al. [54, 55] have worked on reviewing minimal edge-transitive nets speci cally for
the design and development of MOFs, and Ho mann's Introduction to Crystallography
[56] discusses details surrounding the basic and derived nets found in the RCSR, supple-
mented by an online resource [57]. A recent contribution from Delgado-Friedrichs et al.
[58] discusses some new results and contains a concise review on 3D tilings and surfaces.

2.6 Deconstruction Techniques

Embedded within the topological identi cation software packages are several algorithms
that are typically applied to a basic (i.e. containing no additional information such as
atomic bonding) CIF to determine the simple underlying connectivity of the structure
provided. Each algorithm takes a slightly dierent approach to simpli cation, and as
metal nodes can be assigned subjectively, it is important to understand the di erences
between the techniques and how they operate. All methods rst de ne which groups

of atoms should be considered as nodes, and subsequently which connecting branches
become the linkers. It is worth noting that some linkers may contain metals which are
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not necessarily assigned as nodes, for example in a metallic porphyrin ring (CSD BEDYEQ
[59]), and conversely a linker may contain an organic ring which is best represented by a
node, albeit an organic one (CSD JOZWIG [60]). It must also be considered that, for a

topological representation, there is no di erence between the types of nodes which exist
in a simple periodic graph as there is no absolute distinction between metals and organics
in these underlying representations.

The typical algorithms employed in MOF deconstruction include, all node [61, 62,
63], single node, standard representation [26], and metal-oxo [28]. An additional cluster
representation method is a partial but chemically reasonable deconstruction technique
that requires the division of all bonds into inter-cluster and intra-cluster criteria. In what
follows, we outline the steps performed by each of these algorithms and include schematic
diagrams to aid understanding via visual representation of these stages.

2.6.1 All Node and Single Node Deconstruction

The most recent publication describing the all node algorithm was from the work of
Li et al. in 2014 [61]. However, earlier examples have been published as far back as
2006 [62, 63]. This algorithm works by considering inorganic nodes and organic linkers
as abstract shapes (polygons and polyhedra) connected in a simpli ed net. Connected
carboxylates and heteroaromatic rings are considered to constitute part of the node. After
the nodes and linkers have been assigned, these clusters are simpli ed via replacement
with pseudo-atoms at geometric centres. Any isolated pseudo-atoms are considered free
solvents and are removed from this simpli ed net. Figure 2.4a demonstrates the steps
undertaken to assign an all node net for an atomic level crystal structure. Here, the metal
clusters, formed of polygons, are treated as a single polyhedron and simpli ed to a single
inorganic node. Similarly, the porphyrin ring is considered also to have been built with
polygons, which are used to create a single polyhedron with four pseudo-atom connecting
points on the vertices.
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Figure 2.4: Schematic demonstrating crystal deconstruction techniques ap-
plied to CSD JOZWIG [59]. The distinct path taken by each algorithm for
large heteroaromatic rings results ina. the all node approach matching the
XXv topology, andb. the single node approach matching with théw topology.
Wireframe structures show C(grey), O (red), N (blue), Zr (light blue), which
are simpli ed to metal nodes (red), and organic nodes (green) connected by
straight edges representative of linkers (blue).

This approach speci cally identi es branching points within the linkers of a MOF to
provide additional information about the underlying structure, but this allows for the
creation of ambiguous branching nodes. Typically, the all node algorithm creates a more
complex structure which can be matched to non-parent nets in the RCSR. For example,
for the structure shown in Figure 2.5, the xxv net can be considered a derivative of
the ftw net. O'Keefe et al. [64] explains there are many situations in which retained
information takes precedence over reporting only the most simpli ed parent net. Using
these non-parent nets can often be useful for comparing similar structures because of
the retention of this important higher-level connectivity information and it makes the
discovery of closely geometrically related structures much easier.

The single node approach is very similar to that of the all node approach, however
pseudo-atoms with only one neighbour are dealt with based on their identity. Either metal
containing linker molecules show up as pseudo-atoms with hon-redundant connections to
a linker and therefore are merged, or linkers with a single connection, except for single
non-oxygen atoms such as halogens, are removed as unnecessary bound solvent molecules.
This approach is demonstrated in Figure 2.4b where the di erence between the all node
algorithm above can be noted for the simpli cation of the large aromatic ring structure.
Here, the metal clusters are treated the same way as above, but the porphyrin ring is
instead considered to be a single point, rather than a polyhedron with separate vertices
and edges.
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The single node approach is often considered the preferred technique to determine the
most basic nets in MOF chemistry as it typically reports the parent net of structures that
may also have alternative complex representations. It is anticipated that most reported
topologies are obtained using the single node approach, and this allows for easier cate-
gorisation of structures into broader topology groups. The allocation ofxxv and ftw
topologies to this same structure can both be considered correct; we must remember that
one is only a more complex net that has been derived from the other. As the simpli ca-
tions to the structure are only being conducted di erently due to the choice of algorithm
used, either representation is permitted.

Overall, the single node method describes the most basic form, whereas the all node
algorithm retains complexity. It is essentially down to the preference of the researcher
to determine which outcome they consider more favourable, although it is worth noting
that for many materials both algorithms will report the same result as they have only one
valid representation. The IUPAC recommends that researchers should report multiple
topologies if appropriate, in this case when reporting the all node result, we would expect
to see a statement like \the ftw -derived net xxv " which should be stated alongside the
ftw single node outcome [23].

2.6.2 Alternative Deconstruction Methods
Standard Representation (Standard Simpli cation)

This is perhaps the simplest of all the algorithms mentioned in this list, it is concerned
with disconnecting any bonds to metal atoms and leaving the remaining molecular graph
intact [65]. Metal atoms and organic ligands are the only structural units, and all atoms
of each ligand are substituted by a pseudo-atom. More generally, anything classed as non-
metal will be contracted to a single atom at the centre of mass including but not limited
to single non-metal atoms such as oxygen, halogens, or multi-atomic non-coordinated
species.

For the case demonstrated in Figure 2.5a where this simple technique is applied to
MOF-5 (SAHYIK) from the CSD 3D MOF subset, we can see that a signi cant number
of bonds are retained. This method is shown in parallel to the previously described all
or single node approaches shown in Figure 2.5b, proving a distinct di erence in outcome.
Where standard representation here assigns a more complek topology consisting of
signi cantly more pseudo-atoms, the all or single node approach selects only the metal
nodes in a more extreme simpli cation represented by thepcu topology that could be
considered a loss of key information.
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Figure 2.5: Schematic demonstrating crystal deconstruction techniques ap-
plied to CSD SAHYIK [66]. The approach a., standard simpli cation, with
initial disconnection between metal atoms and the organic structural units, re-
sults in a match with f topology andb. all/single node matches withpcu.
Wireframe structures show C (grey), O (red), Zn (blue), which are simpli ed

to metal nodes (red), and organic nodes (green) connected by straight edges
representative of linkers (blue).

In addition to this approach, there is a second method detailed by Barthel et al. [65]
called cluster simpli cation which recognises clusters of atoms with high connectivity.
This technique draws many similarities to the all node and single node algorithms, and
has been used to determine if two separately deposited structures are the same. For
example, rotating a linker of a speci c MOF may not change the material, but it could
have an impact on the space group which in some circumstances would allow the structure
to be redeposited into the same database. In this technique, the smallest ring of bonds is
found for each bond. Next, the ring sizesga, are sorted by increasing value froma; to ay,
whereN is the number of bonds in the structure, in the sequencey a, :::an. Ifthe
sequence contains a paig;;a+1 such thatay aj+1 > 2, the bonds where the smallest
rings are formed by less thani + 1 bonds belong to a cluster, and the others connect two
clusters together. Each cluster is substituted by a pseudo-atom to obtairi and the bonds
are preserved between clusters.

Metal-Oxo

The metal-oxo algorithm is a more recently developed technique, created by the Snurr
Group to describe MOF chemistry by dividing structures into distinct organic and in-
organic building blocks - retaining organic linkers as discrete building blocks (including
carboxylate groups) [28]. Compared to the more topologically inclined single and all node
algorithms, the metal-oxo approach is a more chemistry focused approach to describe the
targeted structure, although it draws some comparisons with the single node approach.
The result is achieved by keeping organic linkers intact and therefore it provides alterna-
tive information to the other methods. MOF structures are divided into distinct inorganic
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and organic building blocks via a bond adjacency matrix using a distance cut-o method
that adopts the InChl convention of classifying metals and non-metals. Typically, the
inorganic blocks consist of metal-oxo clusters including oxides and bound hydroxide, per-
oxide and water species with the remaining fragments considered organic building blocks
and described as larger non-metal clusters. These building blocks, represented as SBUs,
are characterised by their points of extension, through which they connect to other build-
ing blocks in the underlying net [67]. This distinction between the metal-oxo algorithm,
and the single and all node algorithms which consider carboxylates part of the node, can
be an important distinction in cases where, for example, ve discrete metal atoms are
instead represented by a pentametallic SBU [68]. The metal-oxo approach is shown as a
schematic in Figure 2.6, where it is used to simplify the structure into a complex, metal
independent form.

Figure 2.6: A metal-oxo deconstruction, shown as a schematic diagram, per-
formed on CSD SAHYIK [66].In the original structure (left), C (grey), O (red),
and Zn (violet). This technique draws many similarities to the single and all
node approaches, but with a focus on structure chemistry showing the resultant
(middle) Zn metals (red) and 1,3-benzenedicarboxylate linkers (green).

Whilst the metal-oxo method is not typically employed to determine the topology of
a structure, due to being primarily developed to o er insight into the constituent metals
and linkers of a crystal structure, it is both important and interesting nonetheless to
consider alternative approaches to structure simpli cation.

2.7 MOF Databases and Design Principles

Over the past decade, signi cant research has been conducted via large-scale high through-
put computational screening of structures from various databases containing key informa-
tion regarding thousands of lab synthesised MOFs or hypothetical materials. Continuous
improvement in MOF synthesis practices have led to a greater ability to control key prop-
erties of newly created structures, including topology. Over the past 10 years, several
databases containing hypothetical and experimental structures have emerged. Figure 2.7
shows a timeline noting the release date of a handful of key MOF datasets.
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Figure 2.7: A timeline to show the emergence of selected experimental MOF
datasets following the release of the rst hypothetical MOF database (hMOF)

[69] in 2012. Circle size varies to represent the relative size of the database,
colour is representative of the study/research that produced the resource.

The rst categorisation of large sets of experimental MOF structures began with the
creation of the UM MOF database in 2013 [70], this study was focused on the iden-
ti cation of porous MOFs from the CSD, selected to calculate theoretical limits of H2
storage, a study that was completed for 4000 MOF compounds out of around 22,000
‘computationally ready' candidates. This was closely followed by the development of the
Computationally Ready Experimental (CORE) MOF database in 2014, as part of the Ma-
terials Genome Initiative [71]. Consisting of modi ed CSD entries, it had been speci cally
created for use in molecular simulations. Only 3D structures with pore sizes exceeding 2.4
A were considered, and over 4,700 porous materials were collected in a computationally
ready database. Later, in 2019, the CoRE MOF database saw the completion of an up-
date, increasing the total of porous 3D MOF structures, reported in published literature
sources, to 14,000. This new update also added further value to the data set by o ering
new pore analytics and physical property data alongside the correction and reconstruction
of many disordered structures [72].

In 2017, Moghadam et al. [19] developed the CSD MOF subset, a searchable database
of MOFs that is continually and automatically updated, with additions to the collection
every quarter, as new materials are deposited and accepted as part of the CSD. This work
created the largest collection of experimentally synthesised MOF-like structures to date
(now numbering ca. 120,000 as of April 2023) but was done so using loose de nitions
to avoid omitting potentially useful or interesting structures, and to allow for an all-
encompassing data set that can be further scrutinised by the user depending on their
interests. Containing an initial ca. 70,000 1D, 2D, and 3D structures combined, the size
of the CSD MOF subset has almost doubled in just seven years. Additional developments
to the CSD MOF subset reported in 2020, resulted in the creation of 1D, 2D, and 3D MOF
subsets20. Whilst at present there is no option available when browsing CSD structures
to easily identify a material's topology, we are developing methods to perform reliable
high-throughput topological allocation on these new sub-categories of structures to be
included within the CCDC's database. The CSD 3D MOF subset is an ideal candidate
for development into a resource where the inclusion of topological characterisations would
become most readily available.
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Further to this, we note that the distinction between a set containing all structures
and those without disorder is signi cant in this eld where the exact connectivity of atoms
is of upmost importance for producing reliable high-throughput topological analysis. It
is imperative then, that the rst step towards topological identi cation of any structure
found in the CSD MOF subset using these approaches is to determine whether the struc-
ture is crystalline, and what level of periodicity it demonstrates. 1D structures, known in
the CSD as 1D chains, are not expected to be assigned topology using the techniques out-
lined in this article. 2D structures, known as 2D sheets, are restricted in their allocation
to a limited set of 200 con gurations as speci ed in the RCSR, and due to the limited
range and complexity, we expect a signi cant proportion of these should be identi able,
via the use of software. This distinction into periodic categories enables even the novice
crystallographer to quickly determine, by knowing its dimensionality, as to whether an
incorrect topological net has been allocated to their structure.

One reason for mismatched topological assignment between dimensionalities could oc-
cur due to incorrect bonding determination, for example a 3D structure may be assigned
a 2D topology if atom connectivity between 2D layers had not been correctly interpreted
{ a possible outcome when using automatic bonding assignment software, and one that is
particularly prevalent for structures that contain metal-metal bonds. Bond assignments
are typically entered by the CSD editorial team with a view to represent the original ex-
perimental publication as closely as possible, this is to ensure that the process of assigning
bonds is not done entirely on distance - particularly for bridging O or H.

Figure 2.8 compares the distribution of a variety of metallic (X) X-X bonds and
non-bonded interactions within the CSD. In Figure 2.8a bonded (blue) and non-bonded
interactions (orange) for Ag-Ag fall within a range primarily between 2.7 { 3.5 A (rep-
resented within the dashed red box). Figures 2.8b|d show more examples of metals
that either have potential atom-atom bond misalignments or metals where this may be of
no concern. Hg-Hg shows a similar pattern to Ag where ambiguity may lie (also within
the red dashed box) for structures such as the bonded CSD GIZPIP [73] for interactions
between 3.5 { 4A. An apparent lack of data surrounding Cd-Cd bonds here suggests a
lack of Cd-Cd based SBUs (highly likely given the bond order calculations for creating
Cd-Cd bonds [74]) with only 6 non-disordered MOFs containing a Cd-Cd bond, and lastly
the Sn-Sn data shows an example of clear delineation at approximately 3.7A between
bonded and non-bonded contacts. In the dashed red regions, we expect to see examples
of both bonded and non-bonded layers in 3D Ag and Hg containing structures, a highly
important detail when we consider the use of auto-bonding software in the topological
assignment process, but conversely structures such as Sn-Sn would be ideal candidates
for investigation where the use of automatic-bond assignment software could be consid-
ered less troublesome. Subsequently, the 6 Cd-Cd bonded structures identi ed here were
investigated and manually corrected as a result of this study. Whilst we have mentioned
only a select few examples here, metallic bonding data is available for all structures in
the CSD.
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Figure 2.8: Distribution of selected atom-atom bonded (blue) and non-bonded
(orange) contacts (out to VdW+0.0) in the CSD. a. Ag, b. Hg, c. Cd, and d.
Sn. Dashed red boxes suggest contentious atom-atom bonding ranges.

To highlight the importance of bond assignment in determining structure dimensional-
ity, let us investigate an example. Figure 2.9, CSD ZEHMOQ [75] is a 2D MOF containing
some Ag-Ag bonding at 3.32A, however, extending the bonding limit just slightly to 3.35
A (which could be considered a possible bonded or non-bonded distance) transforms the
2D sheets into a single 3D crystal structure. Therefore, taking atom connectivity data
directly from the CSD before modi cation o ers a more chemically aware insight into the
structure of a crystal, as determined by the experimentalists themselves when depaositing
structure information, rather than risking miscalculation by automatic bond assignment
software with algorithms deciding bonding based on atomic distance.

Figure 2.9: Atomic level representations of CSD ZEHMOQ showing a. the
original structure set at a 3.32 A Ag-Ag bond distance limit and b. an auto-
modi ed version with a 3.35 A Ag-Ag bond distance limit, where the connec-
tivity has been calculated using automatic bond assignment tools within CSD

Mercury.

We would recommend that when attempting to assign topology to a structure that
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the original chemical bonding is considered (wherever possible), as opposed to remov-
ing/omitting the existing bonding data and attempting to reassign it using additional
software such as OpenBabel [76]. Therefore, whilst most topological characterisation
software is packaged with some form of bonding assignment tool to calculate atomic
bonding for imported CIFs, we recommend inclusion of the CSD's atomic bonding data
in all generated CIFs. Although this is available for structures obtained through the
CSD's Python API, typical CIFs do not contain atom-atom bonding information. Fur-
ther to this, even if the bonding data is present, it is not always possible to upload a
CIF to these software packages and retain the relevant CSD bonding data as the only
option available may be to re-calculate bond types and distances, and whilst these may
be manually edited later, structures requiring manual bond modi cation may restrict the
capability for high-throughput calculations.

2.8 Topological Characterisation Software

2.8.1 Introduction

At present, a handful of topological identi cation tools exist, aside from the painstakingly
slow and perhaps unreliable method of performing manual structure-net matching. The
most well established and frequently cited package is ToposPro [26]. The developers
at Samara continue to maintain this software, have published many video guides for
inexperienced users, and even o er a topological identi cation service for a fee. A more
recent development, which has seen some updates this year for use in high-throughput
topological assignment approaches is MOFid [28]. MOFid has been used as a topological
identi cation software for the CoRE MOF database so that topology can be searched
for within the data set, but its primary use is focused on obtaining unique identi ers for
MOF linkers. Finally, and most recently published is the CrystalNets package [29], and
although this software has been published and is available, not enough opportunity has
been given since its release to judge the uptake of this approach within the community,
aside from a small number of interesting citations. These software packages have all been
built using di erent programming languages and o er the user multiple approaches to
verify the output of their structure's topological identi cation.

2.8.2 ToposPro and TopCryst

ToposPro is a licenced downloadable programme that it is frequently maintained and
updated, with the latest version 5.5.2.2 available athttps://topospro.com/ |, that can
be activated using a free licence provided for academic users. An entirely automated
version can be implemented for single structure analysis without requiring any installation
by uploading a CIF online at https://www.topcryst.com . The topology of a single
structure can also be quickly obtained by searching the TTD database. An added, and
useful, feature of this online tool allows a user to search for any 3-letter RCSR topological
representation and view this in a JSmol window at various dimensions of unit cell, with
several example structures from the CSD also shown in a table below the topological
search. This is not a complete open-source online database of structures as the free
version does not allow the user to download the CSD refcodes of any speci ¢ topology, but
instead o ers ve random examples of structures which meet the criteria of the searched
topology and notes the technique through which they were obtained. An example is
shown in Figure 2.10 below using CSD SAHYIK, more commonly known as MOF-5, with
the TopCryst online interface after uploading a CIF le where the unbound solvents have
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been removed. Here we can see the allocation of three distinct RCSR topologiesof ,
f , and pcu, with a clear indication of the methods used to obtain each underlying net.

Figure 2.10: A snapshot of the online interface of the TopCryst web topology
service used for the automatic deconstruction of CSD SAHYIK. The original
CIF was modi ed with the use of CSD's Python API solvent removal script.

With regards to the software itself, ToposPro is a program package for comprehensive
analysis of geometric and topological properties of periodic structures such as, but not
limited to, MOFs. The techniques contained within can be applied to almost any struc-
ture of a chemical nature. It has been developed to process large crystallographic data
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samples and correlate structure property parameters. The principles behind this software
package aim to achieve a human independent crystallographic data processing tool which
approaches materials that have a variety of complexity levels with universal algorithms
in contrast to traditional crystallochemical visual analysis. The aim of separating struc-
tures using universal algorithms is an e ort to avoid the di cult nature of topological
assignment and o er consistent topological representation of structures by minimising
any errors. This method is known as the Domains algorithm which uses atomic Voronoi
polyhedra as geometrical parameters of atoms and bonds [26].

All methods contained within ToposPro can be divided into geometric or topological
groups, respectively. The rst group is concerned with routine geometric calculations
and crystal structure visualisation, and the second contains the procedures required for
studying connectivity of the whole crystal environment. A database is created upon the
importation of a CIF, and bonding must be assigned to structures added to the database
before topological assignment can occur. This is performed using the AutoCN programme,
the details of which can be found in the ToposPro manual. It has been tested on thou-
sands of structures from the CSD and has showed good agreement with chemical models
[64, 77]. For structure deconstruction, the use of cluster representation is possible in three
di erent ways, using the chemistry mapping single node, the geometry mapping all node,
and the tertiary building unit (TBU) cluster mode. There is the additional possibility,
which is applicable to all structures, called the ToposPro standard, or standard represen-
tation, mode. It should be noted that this is not always the most descriptive method, and
typically more information can be obtained using other approaches. Additional features
of ToposPro include the ability to detect duplication of structures, investigate entangle-
ments and interpenetration, and the modi cation of structure bonding following the use
of AutoCN. The software is noted for its high accuracy when implemented on suitable
structures following the AutoCN stage.

The limitations of the software include the application of the program on large datasets,
and whilst it is possible to run continuous calculations on tens of structures at once, the na-
ture of the programme restricts the use of true high throughput operation. The ToposPro
package is best suited to investigating individual structures on a case-by-case basis, and
when using this approach it is a powerful tool for topological assignment, particularly
when focused on rod-like MOFs as other packages struggle to handle these di cult to
interpret materials.

2.8.3 MOFid and web-mo d

MOFid [28] is a freeware Github hosted identi cation software available at https://
github.com/snurr-group/mofid . The primary MOFid package can be downloaded and
installed using a make le directly into a virtual environment. Any CIF located in an ac-
cessible directory can be parsed using the cif2mo d function of the MOFid programme for
topological analysis directly from the command window within a python environment. It
is perhaps worth noting that the software package has had a larger focus on the identi ca-
tion of linkers than topology and is primarily designed to o er insights into MOF building
blocks by assigning the linkers with unique identities to improve the cross referencing of
linkers between MOF structures that share some of the same building blocks.

Similarly to TopCryst there is a single structure web based analysis feature into which
CIF les can be uploaded for topological analysis as well as deconstruction into individ-
ual building blocks followed by the allocation of identi ers, this can be found at https:
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/Isnurr-group.github.io/web-mofid/ . Not only does MOFid return a topology pa-
rameter, but it also returns a MOFid or MOFkey string. A MOFid is based upon SMILES
strings and takes the form of inorganic building block, organic building block, format,
topology code, catenation, comment. A typical example of a MOFid for Cu-BTC would
be: [Cu][Cu].[0-]C(=0)clcc(cc(cl)C(=0)[0-])C(=0)[0O-] MOFid.tho.cat0;Cu-BTC. This

can be pasted into any software package that recognises SMILES, such as ChemDraw, and
it should render for visualisation. The alternative output is the MOFkey which takes a
similar form as above except with the catenation and comments no longer present, and the
organic building blocks now represented by a unigue alphabetised code.. The same Cu-
BTC structure as above has the MOFkey as follows: Cu.QMKYBPDZANOJGF.MOFkey-
vl.tbo. Figure 2.11 shows the output of CSD SAHYIK uploaded in CIF format to the
web interface of MOFid, displaying the options for algorithm visualisation in a drop-down
box, and the corresponding MOFid text-string below.

A nal web-based feature is the CoRE MOF database search tool [28] which allows
a user to search over 15,000 MOFs by SMILES/SMARTS, topology, or catenation. A
simple text-based search in this dataset forpcu reveals 749 MOFs and their SMILES
string, catenation, and where applicable their CSD refcode. If a user's chosen refcode
matches a structure in CoRE MOF, there is no requirement for the user to re-run any
structures found in the database to obtain these parameters.

Figure 2.11: A snapshot of the online interface of MOFid's web structure
identi cation and topology tool performing a structure simpli cation on CSD
SAHYIK by uploading the raw CIF.

The MOFid Github package also contains shell scripts to run a directory of CIFs on
a high-performance computing cluster, and it is possible to process a folder containing
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thousands of MOFs, provided that the input les are suitable for the software. Bonding

is assigned using the open source OpenBabel chemical toolbox that was designed for use
with molecular modelling, chemistry, solid-state materials, or related applications [76].
OpenBabel can implement a wide range of cheminformatics algorithms including bond
order perception, once the unit cell information is extracted from a CIF le.

Simpli cation is performed by the metal-oxo, single node, and all node algorithms
with the output of each technique available to visualise via the dropdown box. This
feature is particularly useful to compare the di erent methods, although the output string
containing the topology reports only one underlying net even if several have been detected.

The simpli ed net is exported to Java based net matching programme Systre [51],
where the RCSR nets are pre-loaded, and the new simpli ed net is matched to one of the
existing con gurations within this data set. The use of this programme within MOFid
is key to the topological identi cation stage and the speed at which this matching is
performed can be a limiting factor in the high-throughput use of this software when
compared with CrystalNets which does not require the use of Systre.

It is possible when using the MOFid python package to modify the output desired by
the user by editing a few simple lines of Python code. By performing this modi cation,
a user can report topology based on whatever criteria they so choose, and for example
might only be interested in structures where the topology obtained via the single and
all node algorithms are the same. It would be equally as simple to report topology for
only structures where the output between the two techniques is di erent, or for all three
methods contained within this software.

2.8.4 CrystalNets.jl and CrystalNets

CrystalNets.jl [29] is an open-source Julia based software package hosted in Github, that
can be obtained from https://github.com/coudertlab/CrystalNets.jl . The instal-
lation can be performed quickly and easily after opening Julia, by entering the package
manager and adding CrystalNets, and the integration of the programme within a Python
environment can be enabled with relative ease. It is possible to install the package as
an executable for a handful of structures, but for high-throughput approaches the use
of CrystalNets as a Julia module is recommended. This software is speci cally designed
for the automatic detection and identi cation of underlying topological nets of crystalline
materials, and the input format can follow any le type that is recognised by chem les
[78].

Upon installation, there are a variety of settings available to the user, the most basic
of these includes the ability to select the deconstruction algorithm used, whether to use
the bonds that are input in the le or to guess them, and the type of structure that is
being investigated. In this package the standard, all node, and single node approaches
are available, so for example, it is possible to select MOFs, deconstructed using the all
node algorithm, with the guess function enabled for bonding if they were not included
in the original input le, or auto if some les contain bonds and others do not. This
feature is particularly useful for de ning the topology of MOFs where there are bonding
parameters contained within the input le should the CIF have been taken directly from
the CSD with care taken to ensure that the bond lengths have been retained. There is
also the availability of a MOF option which modi es the approach to enable the detection
of organic and inorganic clusters, allowing them to be subdivided using either all node or
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single node algorithms to identify the underlying nets. Other choices for this parameter

also include Zeolite, Cluster, Auto, and Guess. The CrystalNets manual is a good ac-
companying resource that contains all the available options for each function and further

explanations surrounding exactly what each of the changes to these input parameters
makes to the process.

The use of a Julia module allows for some extremely fast structure deconstruction
compared to the other methods available, and this is ampli ed by the availability of a
multi-threaded implementation for a large set of structures. The CrystalNets programme
is orders of magnitude faster on a typical laptop running a few threads compared to the
automated and high throughput MOFid approach even when it is performed on several
nodes of a high-performance computing cluster, and of course quicker still than the more
user dependent ToposPro approach that requires much more user interaction than the
other techniques. CrystalNets has the power to perform topological identi cation on tens
of thousands of MOF and MOF-like structures with notable reliability, in a recent study
by Burner et al. [79] this software was used to identify the topology of 72,257 MOFs, for
a new database ARC-MOF, with a match to le name 93% of the time and at a rate that
can outperform a competent and experienced researcher investigating a single structure in
ToposPro. The entire database of ARC-MOF could be assessed within a single afternoon
on a regular computer using a multi-threading approach [79].

In addition to the Julia module there is also an online web interface which allows for
the upload of CIF les, with a more user-friendly process for topological identi cation of
individual structures than running them in the Julia interface. The available options using
the newly released online version of the CrystalNets software can be seen in Figure 2.12.
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Figure 2.12: A snapshot of the online interface of MOFid's web structure
identi cation and topology tool, showing the options available for each uploaded
CIF le.

The online version of CrystalNets is not dissimilar to the online interfaces of MOFid or
TopCryst, boasting a visualisation tool that shows a simpli ed net overlaid on the original
structure. One major di erence is the ability to select the structure style and bonding
settings before the structure is uploaded. This is useful for a user who may know specif-
ically which algorithm to select, whereas the reporting of all potential nets by TopCryst
via each technique is perhaps more suited to a more inexperienced crystallographer.

2.8.5 Guidance and Limitations

One major limitation of these high-throughput automated approaches for topological
assignment of crystalline materials via the medium of CIFs is the lack of veri ability of
results returned using these software packages given the subjective nature of topology
assignment, something which is only addressed using a manual topological assignment
tool. However, the possibility to analyse a prospective structure within several di erent
programmes allows for more certainty surrounding the identi cation process than using a
single approach, particularly when considering the similarity in deconstruction algorithms
used across these platforms. We recommend that topological analysis is performed using
at least two software packages, running the same algorithm, to verify the results. Should
the case arise that the two results disagree then further, more detailed investigation must
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take place.

We must consider that some key di erences between these software packages exist,
the most notable being the technique used to assigned bonds between atoms in non-
bonded CIFs. These bonding approaches, despite their apparent similarity contain subtle
di erences in their approach and it is these subtle di erences that can create major
changes in the outcome of topological assignment software. To check that topology for a
large set of structures has not been incorrectly assigned, it is possible to cross reference
structure refcodes with the CSD's 1D, 2D, and 3D structure subset, and the resultant
topology with the RCSR's 1-periodic, 2-periodic, and 3-periodic net database, however
some errors may persist.

2.9 Recent Developments

In recent years, many groups around the world have employed ToposPro to identify the
topology of individual structures, or larger sets of crystal data, and used this information
alongside other properties to create data sets for MOF and MOF like materials. In a recent
study by Cheng et al. [80], Topos software was used for the topological classi cation of
coordination polymers which were generated in the exploration of H2pdba, an adaptable
linker. It was used to assemble a diversity of new Mn, Co, Ni, and Cu coordination
polymers into 2D metal{organic layers and 3D MOFs which disclosed several types of
topologies including sql, hcb, and tfk . There are many examples of the implementation
of Topos for structure analysis within the community and these can be found within the
2000+ citations of the ToposPro software package, although not all of these publications
are exclusively MOF related. It is imperative in this review that we should include the
introduction of the TopCryst online package [81] which was made available for use only
in March 2022, followed very quickly by that of the CrystalNets web interface that came
online just six months later in October 2022. The TopCryst service has already been cited
several times in signi cant journal publications within the rst six months of its release.

There have also been several examples of recent implementations of MOFid to explore
the importance of structure topology. One primary example is the recent publication of
the Automated Reticular Framework (RF) Discovery platform by Pollice et al. [82] in
2021 where they implement data obtained using the tools published in MOFid for a data-
driven strategy focused on accelerated materials design. Knowing the physically feasible
topologies for structures based on chosen linkers has also been useful for bottom-up MOF
building approaches where the topologies and linkers of previously synthesised MOFs had
been extracted from the CoRE MOF database using MOFid [45, 28].

In another study, MOFid was used to identify Cu paddlewheel MOFs from a set of
1172 non-disordered MOFs to investigate structural collapse during activation [83]. Once
these structures were gathered it was possible to perform high-throughput computational
analysis to investigate the e ect of various mechanical properties.

Lastly, the CrystalNets publication, despite its recent publication, has already received
several citations from studies focused on the topological identi cation of MOF structures.
It was rst used in print to characterise the topology of 100 Zr-oxide MOFs, before it
was then applied to much larger sets of data by Burner et al. on a group of approximately
72,000 MOFs that included previously known topologies [84, 79]. Later, Glasby et al. ran
CrystalNets on ca. 28,000 experimental MOFs from the CSD 3D MOF subset for the rst
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time during the development of the DigiMOF database [25]. Mourino et al. also used
CrystalNets to characterise the topology of over 300 COFs as prospective candidates for
photocatalysis, showing that the use of this software is not limited to MOFs alone [85].

2.10 Conclusions and Perspective

The availability of these software packages shows that topological characterisation of crys-
tal structures is important, not only to MOF researchers but also to those interested in
COFs, Zeolites, and other crystals that form periodic networks in their atomic structure.
MOF synthesis can play a major role in topological determination as di erent conditions
lead to the formation of topologically di erent structures, in uencing not only the resul-
tant mechanical stability but also the pore shape and sizes of a crystal depending on the
SBUs and linker types that have been selected for their synthesis.

The choice of topological assignment software is highly likely to depend on the require-
ments of the individual study, as each di erent tool has its own strengths and limitations.
CrystalNets is more notable for its speed and its ability to read in atom bonding infor-
mation, but it does not o er the same chemical structure insights as MOFid for example,
and its choice of topological representations is limited compared with ToposPro. However,
ToposPro has an advantage in that any structure can be manually modi ed during the
deconstruction process increasing accuracy when used by experienced crystallographers
compared to fully automated methods.

A notable limitation of all software approaches is when comparison between single
node and all node topology allocation di er from each other. Following IUPAC guidelines
as outlined in this article, any cases where a di erent net is reported the result should be
designated as \the xxx -derived net yyy ", something we note is seldom seen. A simple
change in the software output to re ect this might help researchers to ensure they are
reporting in line with the guidelines.

Lastly, we reiterate that to date there is not yet a complete, freely available database
of MOFs that contains the relevant RCSR or other topology type for all structures that
has been proven and adequately veri ed. The introduction of resources such as the QMOF
database [86], which contains over 20,000 MOFs and their quantum-chemical properties
serves as an example of the importance of publishing key data to limit the need to repeat
computational calculations between research groups. Once a database of MOF topologies
has been properly curated and con rmed it can prevent the need for repetition. Whilst
the topologies reported in the CORE MOF database has been a good start, there are still
improvements to be made.

The CSD is an ideal target for a database that could include topological information
published during deposition given its manual curation, continuous quarterly updates, and
extensive searching tools. Whilst we note here that the CSD system itself is not freely
available, individual structures are through the CCDC's access structures service, and
should the relevant topology be contained within a deposited CIF then that information
would become freely available, as the individual deposited CIFs can be downloaded from
the respective entries.
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Chapter 3

Integrating CrystalNets.jl and
Bench-marking Performance on
the Cambridge Structural
Database

3.1 Publication Information and Paper Contributions

This paper has been prepared for publication as short article and is currently under
review.

In this publication |, the candidate, wrote the manuscript under the supervision of
Professor Joan L. Cordiner, Dr Jason C. Cole, and Dr Peyman Z. Moghadam.

3.2 Abstract

Obtaining and verifying the results of topological assignment is not an easy task for the
many complex and confusing MOF structures that exist in materials space, and even
manually attempting to visualise the assigned underlying nets can be a challenge. We ini-
tially compared the use of two high throughput topological assignment packages, MOFid
and CrystalNets on a large set of CSD 2D and 3D MOFs to gauge the agreement between
approaches and then ran these same structures after implementing a custom CSD Python
API work ow that prepared CSD structures prior to the use of CrystalNets for topologi-
cal assignment. A total of 54,473 experimental structures, consisting of 28,962 3D MOFs
supplemented by an additional 25,511 2D MOFs, were topologically analysed using the
three approaches. We believe this is the rst comparison of topological assignment tools
using the CSD MOF subset. Additionally, we developed a new Python based approach
that allows a user to perform topological assignment in CSD Mercury using the CSD
Python API at the click of a button.

3.2.1 Keywords

Metal-organic frameworks, Topology, Crystallography, Software Analysis
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3.3 Introduction

Metal-organic frameworks (MOFs) are an intensely studied area of crystal chemistry.
Known for their porosity, MOFs are primarily considered for applications in areas such
as gas sensing [1, 2, 3], storage [4, 5, 6], and separation [7, 8, 9], as well as catalysis
[10, 11], and drug-delivery [12, 13]. Consisting primarily of metal primary building units
(PBUSs) joined by branches of organic molecules, MOFs can form some beautiful and
unigue crystallographic con gurations with almost limitless possibilities. The underlying
connectivity representations of these materials form the basis of their topology, and to
identify these con gurations it is often necessary to analyse their unit cells using a powerful
computational tool such as ToposPro [14], Systre [15], MOFid [16], or CrystalNets [17].
Once complex linkers have been broken down into more simplistic branches, the most basic
representations can be matched to an underlying mathematically described net obtained
from a database such as the Reticular Chemistry Structural Resource (RCSR) [18], the
Topological Types Database (TTD) [19, 20], or the Euclidean Patterns In Non-Euclidean
Tilings (EPINET) collection [21].

The topology of the structure, once determined, is typically reported within the orig-
inal experimental manuscript alongside other details surrounding the synthesis of the
material [22]. Structures that have been assigned the same RCSR descriptors can be
considered to belong to a subset of structures that have the same underlying connectivity,
and as a result are likely to share some properties through structure-property relation-
ships. Structures that are considered constituents of the same family, such as ZrO based
MOFs, can often demonstrate di erent physical properties but their topology can be used
to help categorise physically similar structures into groups that might show higher me-
chanical stability, have larger pores, or demonstrate more interesting pore shapes than
those that only share a constituent metal type [23, 24]. This is particularly true in cases
where the connectivity of the SBUs can vary between 2 to 12 carboxylates.

Furthermore, topological insights are often used to develop hypothetical structures
using a bottom-up approach to their synthesis by creating physically di erent materi-
als using the same building blocks, or creating similar crystal structures using alternate
building blocks, and there are several services available that can perform this task such as
ToBaCCo [25] or AuToGraFS [26]. There are also many examples of hypothetical MOF
databases such as Majumdar et al.'s set of 20,000 hMOFs [27], and a more recent ML-
focused ultra-stable MOF database developed by Nandy et al. of 50,000 MOFs [28], for
which the majority report structure topology.

Whilst there are a considerable number of experimentally synthesised structures avail-
able from the CSD MOF subset ( 120,000) [29], the CoRE MOF database ( 14,000)
[30, 31, 32], and the QMOF database ( 20,000) [33] (the last of which also contains some
hypothetical materials), none of these collections contain a complete data set of topolog-
ical identities for each structure. Whilst the CoRE MOF database [30] can be accessed
through the MOFid web service [16], and it is possible to search through these structures
using keywords to obtain a set of topologies, we note that searching for NA, ERROR,
UNKNOWN, TIMEOUT, or MISMATCH, also returns a long list of constituent MOFs
for which there are no results. It is clear then, that there is the need for an improved,
accessible database of MOF topologies.

Given the nature of topological assignment software, as discussed in our recent per-
spective publication [34], we would expect that new and successful results should be able
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to be obtained from a proportion of structures labelled as ERROR or MISSING LINK-
ERS by using alternative approaches to assigning topology for these materials. However,
at present there is no method to ensure the veri ability for the software approaches used
in assignment besides individual interpretation of the results by the investigating scientist
performing the runs, and we note further that some of the assigned results in the CoRE
MOF database may not agree with the results obtained using an alternative approach.

We might anticipate that a small percentage of structures are constructed using unique
or non-veri able connectivity, but we should in general expect that the majority of 2D
and 3D nets (not including those which may be considered disjoint) should be assigned
an RCSR [35] topology (or acceptable alternative). Whilst we note that both the MOFid
[16] and CrystalNets [17] packages have been used to identify topologies for all MOFs in
the CoreMOF [30] database there has yet to have been, to our knowledge, a publication
comparing software outputs between all topological types in the CSD MOF subset, besides
some comparisons made between text-mined topologies and CrystalNets outputs in the
creation of the DigiMOF database [36].

Following the work of Zoubritsky and Coudert (2023) [17], where they compared the
use of MOFid and CrystalNets on the CoreMOF database, resulting in a 25% increase
in identi ed structures from an original 36% assignment rate using MOFid to 61% using
CrystalNets, we conducted a similar investigation performing high throughput topological
identi cation using both MOFid and CrystalNets on 28,962 MOFs in the 3D MOF subset
followed by an additional run on the 25,511 structures of the 2D MOF subset. We
employed the single node approach to topological assignment to ensure that the analysis
obtained the simplest representations of the crystal structures in question, but we also
compared the e ect of using a custom CSD API approach, involving the inclusion of
bond data, as a step towards preparing structures speci cally for topological evaluation
in conjunction with the CrystalNets software.

3.4 Work ow and Method

3.4.1 Structure and Software Preparation

To evaluate the outputs of two programs, MOFid and CrystalNets, we downloaded the
2D and 3D MOF subsets (Version 5.43 Apr 2023) using the subset search tool in CSD
ConQuest, saving the database les in CIF format and ensuring that the \_geombond_"
parameters were retained within the les. We also obtained the latest versions of both
software suites (as of June 2023), from their respective Github pages.

3.4.2 Software Runs

We initially ran two separate directories of CIFs (2D MOFs and 3D MOFs) on the Crys-
talNets platform, specifying the structure type as MOF, the clustering as SingleNode, and
selecting additional settings so that the software would auto-assign bonding information
by using the Guess input parameter. We made no other initial preparation of these struc-
tures. Each run took sub-30 minutes using a single thread on a Dell XPS 8940 desktop
computer, but it would be possible to use multi-threading with relative ease to further
reduce the overall time taken to assess the structures.

Next, we performed a similar investigation but instead used the retained atom bond-
ing information obtained from the CSD. To execute this, we simply altered the input
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parameter for bonding, changing it from Guess to Input and performed the structure
analysis again.

Lastly, to compare the results of CrystalNets against another approach we submitted
these directories of structures to MOFid. The Python based tool takes considerably longer
than Julia based CrystalNets and necessitated the use of high-performance computing
(HPC) resources. The directories were split into 20 sub-folders containing approximately
1000-1500 structures and submitted as batch jobs to the CSD3 HPC resource. Each folder
had an average compute time between 90 and 120 minutes, with an upper bound of almost
4 hours. The overall compute time for all structures in MOFid sat in the region of 50 hours,

a signi cant increase on the 1 hour required to run CrystalNets on an identical set of
structures. One minor di erence to this approach was that we retained the original setup
of MOFid such that if the Single Node algorithm output was not available, the All Node
output was printed, rather than printing an UNKNOWN or ERROR output. MOFid uses

the open-source chemical toolbox Open Babel [37] to assign bonding information and at
present does not take bonding data as an input, so only one analysis run was performed
with this approach.

We note that selecting CIFs as an input le could be considered a awed approach,
typically a potentially signi cant quantity of interesting information is lost when default
CIFs are written out from various visualisation programmes. CIFs are not required to
contain bonding information by default, merely the positions of the atoms within the
crystal's unit cell, but a key feature of obtaining them from the CSD is the ability to
retain this key information.

3.4.3 Software Outputs

The data was gathered from each software output and collated into a single TSV le for
each dimensionality (2D and 3D). From these collated spreadsheets we were easily able
to perform matching and analysis of structures and results, which have been detailed in
the results and analysis section of this paper.

The general results of these three runs can be found in Table 3.1. Initially we consid-
ered \result" for 2D MOFs to be any output that matched with references from the RCSR
database. However, after some initial investigations, the criteria for \result” were modi-
ed to consider that many EPINET codes, such as sqc2075, were likely to be found in the
3D subset for results that were obtained from CrystalNets analysis due to the inclusion of
the EPINET database in this software. A list was taken from the respective resources (as
of June 2023) to allow for matching to be considered. We note later in the analysis sec-
tion that some of these assumptions did include errors, so the total of "successful results"
is slightly lower, however we do note there is benet to keeping additional data in the
preliminary stages to discard later as opposed to discarding potnetially interesting/useful
results in the initial analysis stage.
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Table 3.1: A general overview of the output of each approach on 2D and 3D
structures before detailed analysis was carried out.

| Condition (2D) | CrystalNets (Guess) | CrystalNets (Input) | MOFid |
\Result" 19063 19363 7177
UNKNOWN 4493 4170 3142
ERROR/unstable 1919 1956 12052
Other 36 21 3140
Total 25511 25511 25511
Unique Outputs 112 65 66
| Condition (3D) | CrystalNets (Guess) | CrystalNets (Input) | MOFid |
\Result" 15441 15919 6911
UNKNOWN 12970 12626 6258
ERROR/unstable 453 405 13722
Other 98 12 2071
Total 28962 28962 28962
Unique Outputs 490 497 301
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From the preliminary results we can see a signi cant increase in the number of \results"
from MOFid to both runs in CrystalNets, as well as some uctuations in the number of
unigue outputs from the software when we switch from the built in Guess algorithm to
opting to include CSD bonding information in the Input category.

3.5 Results and Analysis

3.5.1 Results and Data Cleaning

The data was compiled after each software run in an XLS workbook for cleaning and
analysis. These initial output workbooks were cleaned using a custom Python script to
extract the relevant CSD refcodes, topology information, and degree of interpenetration.
The outputs were sorted into columns based on the software used and a list of RCSR
topologies was used to determine which results were 2D nets and which were 3D nets.
The entire results workbook is available as Supporting Information.

3.5.2 Analysis

First, we investigated the results of running each approach on 2D MOFs. The implemen-
tation of MOFid saw a result assigned to 7,177 2D MOFs, and following our analysis it
was determined that infact 43 of those results were incorrectly assigned 3D topologies giv-
ing a nal success rate of 27.96% from a possible 25,511 total structures. Similar analysis
was performed for CrystalNets (Guess) which uncovered 150 3D assignments, lowering the
successful results to 18,898 and giving us an assignment success rate of 74.08%. Lastly,
within the 2D category, CrystalNets (Input) contained only two 3D assignments, dropping
the success total to 19,361 and 75.89%. Here, we can show that the retention of bond
information has not only increased the number of successful assignments from 18,898
to 19,361 it has also reduced the number of misaligned dimensionalities from 0.01% of
assignments to 0.0001%. This is better visualised in Table 3.2.
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Table 3.2: A review of the output of 2D structure analysis.

| Condition (2D) | CrystalNets (Guess) | CrystalNets (Input) | MOFid |
Initial 2D Results 19048 19363 7167
Identi ed 3D Results 150 2 43
Final 2D Results 18898 19361 7134
] Success Rate | 74.08% \ 75.89% | 27.96% |

More investigations led to identi cation of the frequency of topological types. A
histogram, shown inFigure 3.1, noted the top 10 most prevalent 2D MOF topologies
identi ed in our study by the CrystalNets Input approach compare besides the same
results from our other two studies. This gure provides a visual representation of the
diversity and prevalence of 2D MOF topologies as histogram illustrates the frequency
of occurrence of each topology within the dataset. Each bar corresponds to a specic
topology, with the height of the bar indicating the number of occurrences observed.

Figure 3.1: A histogram depicting the most commonly obtained 2D topologies,
based o the CrystalNets Input results (blue), but also showing the occurrences
for CrystalNets Guess (orange), and MOFid (grey).

From this histogram we can see thatsql style structures make up a signi cant pro-
portion of the total number of 2D MOFs, with a return of 45.5% in the 2D MOF subset.
Additionally, hcb also make up a signi cant proportion at almost 15% meaning there is
a 3 in 5 chance that any given 2D MOF is con gured in one of these two ways.

Next, we performed a similar analysis on the 3D set of structures. Beginning again
with MOFid, we saw a result assigned to 6,911 structures and following analysis it was
determined that 2,078 of these were assigned 2D topologies, leaving a total of 4,833
successful assignments at a rate of 16.69%. Moving on to CrystalNets (Guess) we went
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from an initial 15,441 results to 15,346 after 95 2D assignments were removed giving a
rate of 50.07%. The nal analysis conducted at this stage saw the CrystalNets (Input)
total shift from 15,919 to 15,798 resulting in a 3D assignment rate of 51.25% and 121
2D assigned nets. Interesting, the in uence of retained bonding information appears to
have had less of an e ect on 3D MOFs than the initial 2D analysis. This can be seen in
Table 3.3 where we also include the EPINET results, however these were not analysed in
sign cant detail due to an inability to make comparisons across the board and so they
have all been considered successful results in this instance.

Table 3.3: A review of the output of 3D structure analysis.

| Condition (3D) | CrystalNets (Guess) | CrystalNets (Input) | MOFid |
Initial 3D Results 14956 14963 6911
Identi ed 2D Results 95 121 2078
Final 3D Results 14501 14842 4833
EPINET Results 845 956 NA
| Success Rate | 50.07% \ 51.25% | 16.69% |

A deeper investigation into the most commonly occurring topologies within the 3D
subset was also conducted, and the results of the top 10 topologies from the CrystalNets
Input set are shown in Figure 3.2, a histogram depicting the distribution of the top 10
most prevalent 3D MOF topologies, with comparisons made to the occurrences from the
additional sets. The histogram illustrates the frequency of occurrence of each topology,
providing insights into the relative abundance and diversity of 3D MOF structures. This
visualisation o ers a concise overview of the dominant 3D MOF topologies, o ering new
insight into the structural landscape of these materials.
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Figure 3.2: A histogram depicting the most commonly obtained 3D topologies,
based o the CrystalNets Input results (blue), but also showing the occurrences
for CrystalNets Guess (orange), and MOFid (grey).

We found that the most common structure representations arepcu, dia, pts,rtl ,
and cds, however it is noted that this order is not necessarily true of the MOFid results
which shows some mildly signi cant discrepancies - particularly for the pts and cds
topologies. In contrast to the 2D subset which shows relatively low topological diversity,
pcu is the most prevalent topology at approximately 9%, with the top 10 structures
combined making up 27% of the 3D MOF subset. This result con rms that a much
greater topological diversity exists within the 3D MOF space, as expected of a more
complex space with an additional dimension in which the crystals can occupy.

These di erences in assignment we see here have been attributed to the atomic bonding
approaches that are taken in each respective run. We allow MOFid to assign bonds
using OpenBabel, we also allow CrystalNets to assign bonds using its inbuilt CrystalNN
approach, and then we nally use the CSD to provide the bonding information as CIFs are
entered into the CrystalNets programme. Whilst this could clearly explain the di erences
between using Input and Guess, it does not o er conclusive evidence that bonding is the
sole reason for discrepancy between MOFid and CrystalNets, likely the subtle di erences
between algorithms within the software are also a contributing factor. OpenBabel uses
chemical rules and heuristics to infer bonding, relying on prede ned chemical knowledge,
whereas CrystalNets can be tailored to focus on topology and connectivity and may
disregard bond orders or chemical valence rules, as a result the former may struggle with
unconventional bonding scenarios that are not well represented in its database whereas
the latter is designed for use in creating a simpli ed network representation to be used for
topological characterisation. An example of a structure that is given di erent topologies
is CSD BUSSOZ which was assignetl using MOFid and fes using CrystalNets.
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RCSR Topologies and Diversity

In total, the RCSR contains 3,132 unique nets (excluding 0-D and 1-D nets), of which 200
are 2D with the remainder being assigned to 3D structures, as of May 2024. Additionally,
it partially overlaps with the 14,532 3D nets of the EPINET database. We analysed the
results for the number of unique RCSR topologies found within the dataset.

For 2D MOFs, MOFid identi ed 49 unique nets, CrystalNets (Guess) identi ed 63
unigue nets, and CrystalNets (Input) identi ed 59. These gures di er from the unique
outputs stated in Table 3.1 due to the inclusion of only RCSR outputs and not just unique
outputs. Similarly, for 3D MOFs, MOFid identi ed 257 unique nets, CrystalNets (Guess)
identi ed 385, and CrystalNets (Input) identi ed 388. These gures do not include the
misidenti ed dimensionality nets as stated in the section above.

Further, in terms of the mismatched nets, in the 2D run, MOFid identied 12 3D
nets, CrystalNets (Guess) identi ed 41 3D nets, and CrystalNets (Input) identi ed 2 3D
nets in keeping with the 2 misidenti ed structures. Similarly, for mismatched nets in the
3D space, MOFid identi ed 38 unique nets that were 2D in nature, CrystalNets (Guess)
identi ed 8 2D nets, and CrystalNets (Input) identi ed a total of 9 unique 2D nets within
the set. Perhaps also interestingly, for MOFid 76 nets appeared only once, whereas for
CrystalNets (Guess) we saw 97 nets just once, and 100 unique nets occurred only once
for CrystalNets (Input).

Whilst there is the potential for further discussion of these occurrences to take place,
we do not feel they would add anything of signi cant value to the discussion other than be-
coming an interesting anecdote to the more pressing research questions we try to address,
i.e why are these discrepancies occurring, and how can they be solved?

Fingerprints

It is worth also mentioning a unique feature of CrystalNets, which is that when analysis
of an unidenti able topology is performed, the software produces a ' ngerprint' consisting

of a string of numbers that represents the topological con guration of the structure due
to failure to match it to the database. These ngerprints can be used to match topologi-

cally similar structures that do not currently have entries in any nets database for their

con gurations. Analysis of these ngerprints was not performed in this study, however

future work could include further analysis to be performed on this information to discover
new unigue nets, or match several unknown structures together for further investigation.
One of the main reasons behind this is their current lack of recognition by the IUPAC
committee, they are not a recommended format through which to report structures, and
we have seldom, if at all, seen any new structures being reported with topology nger-
prints thus far. This is not to say that it would not be a recognised and adopted feature
in the future but at present it is not common practice.

3.6 Implementation of CrystalNets within CSD Mercury

As a notable part of this study we demonstrated that there is a preference towards the
implementation of a CrystalNets tool within CSD Mercury over MOFid, both in part
due to the computational advantage of using a Julia package when compared to Python,
but also due to the increased reliability of results for experimental structures analysed
from their respective CIFs. As a result of this study we developed a Python script that
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enables a user to call CrystalNets.jl whilst working within both CSD Mercury, or in the
CSD Python API. This script began as a standalone topology analyser but we decided to
import some additional functionality from other existing Python API scripts to avoid the
need to duplicate existing work ows, but also to prevent users interested in additional
structure properties from having to duplicate analysis using two or more di erent scripts
on the same materials.

The ease of implementing the CrystalNets package compared with other available
software such as ToposPro, or Systre, was a signi cant factor in its selection. We initially
attempted to output les in a format that would be suitable to implement Systre in
the analysis (or net-matching) stage, however as a result of the investigations conducted
in this article we instead decided to select CrystalNets due to its signi cant increase in
analysis speed and its ease of use. The CSD's Python API can easily be modied to
call a Julia package with just a few lines of additional code, and this also makes it easily
transferable for use within CSD Mercury where the .py le only needs to be placed within
a relevant directory, selected within the software settings, to enable it to produce HTML
structure analysis les. Figure 3.3 demonstrates the recommended procedure for using
this new structure analysis tool within Mercury, highlighting its ease of use with any
selected structure.

To add a script location, simply select CSD Python API in the navigation bar, select
Options... and in this menu it is possible to add a directory to a list of locations Mercury
can search for python scripts. Here it is also possible to select a new output directory if
desired, or change your installed python version. Once set-up in Mercury simply go to
your desired structure, then nd the CSD Python API tab in the navigation bar again
and select mofcrystal_structure _report_v2.py to run the analysis.
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Figure 3.3: A screenshot demonstrating the implemented CrystalNets process
within CSD Mercury

Whilst implementing the CrystalNets approach to CSD structures we also decided
it was necessary to modify the output script to include some other potentially desirable
parameters that can be obtained from the CSD, speci cally for researchers who are in-
terested in structural features of MOFs or other materials. An example of the HTML
output can be seen in Figure 3.4.

This script is a great tool for those with an interest in adsorption applications as a
recent update to the CCDC software suite included the PoreBlazer tools [38] an open-
source, and open access Fortran 90 code used to determine the pore properties of MOFs,
including the calculated void percentage and void volume. Here, the void calculations
were performed using a probe radius of 1.2\, and a grid spacing of 0.7A, but these can
be easily changed within the python script to custom values. We decided to package this in
the same output with other results such as the space group, cell dimensions, experimental
volume, and of course the topology. This is also supplemented by a diagram to show the
atomic con guration, as well as the refcode and chemical formula. This work ow, when
implemented, should eliminate the need for users to download CIFs from the CSD to
determine pore volumes and topological con gurations.
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