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Preface

Met het schrijven en verdedigen van deze doctoraatsthesis komt er een einde
aan mijn tijd aan de universiteit. Een rit die meer dan tien jaar geleden
begon in de eerste Bachelor in de Ingenieurswetenschappen. De keuze voor
de afstudeerrichting Engineering Physics was een evidentie, aangezien ik
al sinds het middelbaar gefascineerd was door het begrijpen van de me-
chanismen achter natuurfenomenen en het (wiskundig) beschrijven ervan.
Tegen de tijd dat ik een masterthesis moest kiezen, was het mij ook duidelijk
geworden dat computationele simulaties cruciaal zijn om inzicht te krijgen in
deze complexe fenomenen en hun gedrag te voorspellen. De combinatie met
een sterk implementatie-aspect en de duidelijke link met maatschappelijk
relevante problematieken overtuigde me om voor het Centrum voor Molecu-
laire Modellering (CMM) te kiezen. Het fundamentele onderzoek maakte
me zo enthousiast dat ik uiteindelijk ervoor koos om het onderwerp van
mijn masterthesis voort te zetten in een doctoraatsonderzoek, waarvan deze
scriptie het finale resultaat is.

Uiteraard was het bereiken van deze mijlpaal onmogelijk zonder de onder-
steuning van een heleboel mensen. Van elk van hen heb ik heel veel geleerd
en ze hebben me geholpen om mezelf te ontplooien, zowel op professioneel
als op persoonlijk vlak.

Eerst en vooral wil ik mijn promotoren, Veronique, Sven, en Pascal, bedanken.
Veronique, ik wil je bedanken voor alle kansen die je me gegeven hebt en de
voortdurende steun die ik heb mogen ervaren. Je hebt het CMM uitgebouwd
tot een stabiele en enthousiaste onderzoeksgroep, met een uitstekende om-
kadering die ons toelaat om ons op onderzoek te concentreren. Ook heel
hard bedankt voor de inzet om mijn interne verdediging nog in mei te laten
plaatsvinden, zodat ik me in de zomermaanden optimaal kon focussen op
het verwelkomen van onze tweede dochter. 1k vond het een eer om te
mogen werken onder jouw supervisie, waardoor ik nu kan zeggen dat ik een
doctoraat behaald heb bij de Belgische Nobelprijswinnares. |k apprecieer
het ook enorm dat je de tijd nam om naar het afscheid van papa te komen,



ondanks de drukke agenda en vele deadlines in die periode. Dat toont dat je
niet alleen een fantastische wetenschapster bent, maar ook een groot mens.

Sven, ik wil je bedanken voor de dagelijkse begeleiding en het aanscherpen
van mijn soft skills. Het was een geruststelling te weten dat ik zonder een
meeting in te plannen je bureau kon binnenlopen wanneer er een weten-
schappelijk probleem opdook of om een discussie te houden. Je hebt ervoor
gezorgd dat mijn schrijf- en presenteerskills sterk verbeterd zijn, zeker tijdens
de intensieve trainingsperiode om mijn SB-FWO beurs binnen te halen. Ik
waardeer de eerlijke en open gesprekken die we konden voeren. Ook bedankt
om mij af en toe uit mijn comfortzone te pushen, waardoor ik grenzen kon
verleggen en nieuwe dingen kon bijleren.

Pascal, het was een plezier om samen te werken met zo’n sterke experimen-
tele partner en ik wil je graag bedanken voor de kritische experimentele
feedback die je hebt gegeven tijdens mijn werk. Ik wil graag jou en prof.
Stevens bedanken voor de experimentele samenwerking binnen het GOA-
project.

Het is al een tijdje geleden, maar tijdens het binnenhalen van mijn SB-
FWO beurs heb ik heel waardevolle input gekregen van Bart Hommez en
Lennart Joos. Bart, bedankt voor de coaching over patenten en om het
valorisatiepotentieel van de aanvraag te belichten. Lennart, bedankt voor
jouw inzicht in carbon capture systemen en het enthousiasme dat je toonde
voor het project. Ik ben er oprecht van overtuigd dat jullie bijdrage het project
naar een hoger niveau hebben getild.

Graag zou ik ook Sander B. bedanken voor de nauwe samenwerking tijdens
mijn onderzoek. Sander, het was een plezier om met je samen te werken.
Jouw expertise, inzet en helpende hand hebben een enorme impact gehad op
de kwaliteit van mijn werk.

De bovenstaande mensen hebben stuk voor stuk bijgedragen aan mijn weten-
schappelijk onderzoek. Maar ook de rest van het CMM wil ik graag bedanken
om van de werkvloer een aangename plaats te maken waar het altijd een
plezier was om naartoe te komen. Ik zie jullie ondertussen niet als collega’s,
maar eerder als een groep vrienden. Niet in het minst mijn kantoorgenoten
Tom, Massimo, en Kuber, oftwel the Boys. Jullie maakten van ons kantoor
een tweede thuis en stonden altijd open om een gezellig babbeltje te slaan
of om mijn wetenschappelijke of minder wetenschappelijke frustraties aan
te horen. lk hoop dat de tekening op ons bord ergens een mooi plaatsje
krijgt in de CMM-legacy. Ook de groep van generatiegenoten op het CMM
(Liesbeth, Ruben, Karen, Sander V., Siebe, en nog eens Tom en Massimo),
was het nu de Kindergarten of eerder de OKRA, hebben heel hard geholpen
om het groepsgevoel te versterken, met hier en daar eens een drankske, een
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etentje, of een danske. Ik zou ook graag Aran en Siebe willen bedanken om de
FMLs in goeie banen te leiden en Sander V. en Siebe om samen de MaChT-
quiz tot een goed einde te brengen. Leen en Mieke wil ik graag bedanken
voor de uitstekende technische en administratieve hulp doorheen de jaren.
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Samenvatting

Materiaalkunde is een interdisciplinair onderzoeksgebied op het grensvlak
van chemie, fysica, en ingenieurswetenschappen, met als doel het ont-
werpen van nieuwe functionele materialen met uitstekende eigenschappen
voor verschillende toepassingen. Onder de onderzochte materialen vormt
de klasse van nanoporeuze materialen, zoals zeolieten, metaal-organische
roosters (MOFs, van het Engelse metal-organic frameworks), en covalente
organische roosters (COFs, van het Engelse covalent organic frameworks),
een veelbelovend platform omwille van de grote experimentele controle over
hun porositeit op de nanoschaal. Hun grote interne oppervlakte stelt gas-
moleculen in staat om de interactie met de poriewanden te maximaliseren,
resulterend in unieke eigenschappen voor gasopslag, separatie, en katalyse.
Meer specifiek worden duurzame-energietoepassingen, zoals CO,-afvang na
verbranding en opslag van methaan voor voertuigen, intensief onderzocht om
de impact van de huidige industrie op het klimaat te verminderen en minder
afhankelijk te worden van de eindige hoeveelheid fossiele brandstoffen.

De recente ontwikkeling van COFs heeft veel aandacht gekregen binnen
de wetenschappelijke en industiéle wereld. Deze nanoporeuze materialen
bestaan uitsluitend uit organische, lichte bouwstenen die verbonden zijn
door sterke covalente bindingen, waardoor ze een hoge mechanische, ther-
mische, en chemische stabiliteit hebben. Bovendien kunnen hun fysische en
chemische eigenschappen op het moleculair niveau geregeld worden door de
bouwstenen of de manier waarop ze zijn verbonden, d.w.z. hun topologie,
te veranderen in een concept genaamd reticulaire chemie. Hierdoor zijn
COFs de ideale constructiematerialen, aangezien hun structuren op zeer
modulaire manier kunnen worden aangepast om een specifieke eigenschap
te verkrijgen.

Reticulaire chemie stelt ons echter ook voor de uitdaging om het geschikte
materiaal te vinden voor de juiste toepassingen, aangezien er in principe een
ongelimiteerd aantal van deze materialen bedacht kunnen worden, vertrek-
kende van een zeer groot aantal bouwblokken en topologieén. Experimentele
screening van deze uitgestrekte materiaalruimte om de beste COF voor een
bepaalde toepassing te identificeren zou een tijdrovende, zo niet onmogelijke,
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taak zijn. De recente ontwikkeling van supercomputers heeft uitgebreide
computationele screenings mogelijk gemaakt om deze zoektocht naar ma-
terialen te versnellen. In dergelijke screenings wordt meestal gestart van een
database van materialen, die in twee klassen ingedeeld kunnen worden. Aan
de ene kant zijn er de experimentele databases met structuren die verkregen
zijn uit experimentele metingen zoals rontgendiffractie. Vaak focussen deze
databases zich te veel op subklassen die veel voorkomen in de literatuur, en
benadrukken screenings die hiervan gebruikmaken onvoldoende de minder
onderzochte subklassen. Aan de andere kant zijn er de hypothetische databa-
ses, die materialen bevatten die computationeel gegenereerd zijn en mogelijk
nog niet gesynthetiseerd werden. Alhoewel deze databases een brede en
evenwichtige representatie van de materiaalruimte bieden, bestrijken ze er
vaak slechts een beperkt deel van.

Om de ontwikkeling van COFs te versnellen en experimentele onderzoe-
kers naar veelbelovende materialen te leiden, hebben we in deze thesis
een diverse en direct bruikbare database van COFs gegenereerd. Vervol-
gens werd een computationele screening uitgevoerd voor twee duurzame-
energietoepassingen: CO,-afvang na verbranding en opslag van methaan
voor voertuigen. Zoals geintroduceerd in Hoofdstuk 3, wordt de database
gegenereerd met behulp van een geautomatiseerd ontwerpalgoritme, dat
geimplementeerd is in een Python-pakket. De methodologie is gebaseerd op
een bouwblokconcept waarin de topologische inbedding dient als fundering
die vervolgens wordt gedecoreerd met een set van bouwblokken. In elke
stap van de iteratie wordt weloverwogen een gunstige configuratie van een
bouwblok geselecteerd op basis van geometrische en energetische overwe-
gingen om uiteindelijk een plausibel periodiek materiaal te verkrijgen. In
principe hangt de voorkeur voor een specifieke bouwblokconfiguratie af van
de configuraties van de aangrenzende bouwstenen, en moeten daarom alle
materiaalconfiguraties geévalueerd worden. Aangezien dit aantal zeer groot
kan worden, verhoogden we de computationele efficiéntie van ons algoritme
door een additieve benadering te implementeren, waarbij de bouwblokken
één voor één worden toegevoegd. Het gebruik van ons algoritme wordt
gedemonstreerd in drie toepassingen.

Ons geautomatiseerd ontwerpalgoritme wordt toegepast op een groot aan-
tal combinaties van topologieén en bouwblokken in Hoofdstuk 4 om de
ReDD-COFFEE (van het Engelse Ready-to-use and Diverse Database of Cova-
lent Organic Frameworks with Force field based Energy Evaluation) database
te genereren, bestaande uit 268 687 COF-structuren en systeemspecifieke
krachtvelden. Deze database heeft een grote diversiteit qua poriegeometrie,
linkers, en verbindingen, maar omvat slechts een beperkt aantal functionele
groepen. De systeemspecifieke krachtvelden bieden een efficiénte maar
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nauwkeurige beschrijving van de atomaire interacties. Ze zijn afgeleid van
de clusterkrachtvelden van de respectievelijke bouwblokken waaruit elke
COF opgebouwd is en die op hun beurt gefit zijn aan kwantummecha-
nische referentiedata. Hiervoor werd gebruik gemaakt van het QuickFF-
concept dat eerder binnen het Centrum voor Moleculaire Modellering werd
ontwikkeld. Door deze aanpak kunnen een groot aantal systeemspecifieke
krachtvelden worden afgeleid uit een beperkt aantal ab initio berekeningen.
De verbeterde nauwkeurigheid van deze krachtvelden ten opzichte van de
generieke krachtvelden die meestal worden gebruikt in uitgebreide scree-
nings is aangetoond door structurele en vibrationele materiaaleigenschappen
te voorspellen. Door de ReDD-COFFEE-database vrij beschikbaar te maken
via de Materials Cloud, hopen we dat het andere onderzoekers zal inspireren
om de mogelijkheden van deze intrigerende functionele materialen verder te
verkennen.

In Hoofdstuk 5 wordt de ReDD-COFFEE-database gebruikt in drie uitge-
breide screeningstudies. Ten eerste worden de texturele eigenschappen
van COFs gekarakteriseerd en worden relaties tussen deze eigenschappen
vastgesteld. Deze worden bovendien vergeleken met andere klassen van
nanoporeuze materialen, zoals MOFs en zeolieten. Vergeleken met deze
materiaalklassen bezitten COFs de laagste massadichtheden en de hoog-
ste gravimetrisch toegankelijke interne oppervlakten en poriefracties. Ten
tweede worden de prestatiegrenzen van COFs voor de opslag van methaan
voor voertuigen onderzocht. Hoewel COFs aan de ARPA-E-doelstelling voor
de gravimetrische leverbare capaciteit van aardgas kunnen voldoen, wordt
de doelstelling voor de volumetrische leverbare capaciteit niet gehaald. Dit is
vergelijkbaar met de huidige best presterende nanoporeuze materialen, zoals
Co(bdp) en NJU-Bai 43. Het is dus nog te vroeg voor de commerciéle ont-
wikkeling van COFs en andere nanoporeuze materialen voor geadsorbeerd
aardgas (ANG, van het Engelse adsorbed natural gas) in het wegtransport.

Ten derde worden veelbelovende kandidaten voor de afvang van CO; uit
puntbronnen na verbranding geidentificeerd. Tijdens deze screening ma-
ken we gebruik van machinaal leren om de CO,-werkcapaciteit en ideale
CO,/N;-selectiviteit van alle COFs in de database te voorspellen. Op deze
manier kunnen we 3305 materialen met een hoog potentieel selecteren in
slechts een fractie van de benodigde rekenkracht voor de karakterisering
van de volledige database. De mengselselectiviteit van deze materialen werd
vervolgens bepaald om competitieve adsorptie en co-adsorptie in rekening
te brengen. De resultaten van onze studie tonen aan dat COFs met een
poriediameter van ongeveer 1.0 nm een relatief hoge werkcapaciteit en ideale
selectiviteit vertonen. Deze materialen hebben adsorptieplaatsen met een
hoge CO,-affiniteit in porién die omgeven worden door aromatische ringen,
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die vaak voorkomen in de bestprestererende 3D COFs. Deze sites zijn meestal
afwezig in de gelaagde structuur van 2D COFs. In deze materialen is de che-
mische samenstelling van het rooster een cruciale factor om de CO,-afvang
te verbeteren. Onder de bestudeerde functionele groepen vertonen fluor-
substituenten een superieure prestatie. Bovendien vertonen COFs met een
imide-, (acyl)hydrazone-, of (keto)enamine-verbinding een hogere prestatie
voor COj-afvang. Uit de top-20 van 2D en 3D COFs werden drie kandidaten
geselecteerd voor experimentele synthese op basis van de beschikbaarheid
van een synthetische route.

We hopen dat deze scriptie kan bijdragen aan het snel evoluerende on-
derzoek naar COFs met op maat gemaakte eigenschappen en dat we hun
ontwikkeling in duurzame-energietoepassingen hebben kunnen versnellen.
Dit werk verlegt niet alleen de grenzen van het onderzoek naar COFs, maar
benadrukt ook het potentieel van computationele studies bij het sturen van
experimentele inspanningen naar de synthese van geavanceerde en functio-
nele materialen. De inzichten verworven in deze thesis zijn niet alleen van
toepassing op het gebied van COFs, maar kunnen ook dienen als blauwdruk
voor het systematisch ontwerpen van nieuwe materialen binnen het bredere
domein van de materiaalkunde.



Summary

Materials science is an interdisciplinary research field at the intersection of
chemistry, physics, and engineering with the goal of designing new func-
tional materials with outstanding properties for various applications. Among
the investigated materials, the class of nanoporous materials, such as zeo-
lites, metal-organic frameworks (MOFs), and covalent organic frameworks
(COFs), forms a promising platform due to their tailored porosity at the
nanoscale. Their large internal surface area enables guest molecules to
maximize the interaction with the pore walls, resulting in unique properties
for gas separation, energy storage, catalysis, and many more applications.
Of particular interest are clean energy applications, such as carbon capture
and vehicular methane storage, which are heavily investigated to reduce the
impact of our current industry on the climate and to become less dependent
on the finite amount of fossil fuels.

The recent development of COFs has sparked a lot of attention within the
scientific and industrial community. These nanoporous materials are solely
composed of organic and lightweight building blocks, that are connected by
strong covalent bonds, which endows them with a large mechanical, thermal,
and chemical stability. Furthermore, their physicochemical properties can
be tuned on the molecular level by changing the building blocks or the way
in which they are connected, i.e., their topology, a concept coined reticular
chemistry. This makes COFs the ideal engineering materials, since their
structures can be tuned in a highly modular approach to obtain a targeted
property.

However, reticular chemistry also comes with the challenge to identify the
ideal material for a specific application, since the number of materials that
can be synthesized is almost unlimited, starting from a large pool of pos-
sible building blocks and topologies. Experimental screening of this vast
material space to identify the best COF for a certain application would be
a cumbersome, if not unfeasible, task. The recent development of high-
performance computing (HPC) facilities has enabled computational high-
throughput screenings to tremendously accelerate this quest for materials. In
such high-throughput screenings a large set of materials is computationally
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characterized to find promising candidates, establish property-property rela-
tionships, or predict performance limits for a targeted application. Typically,
the starting point of such screening study is a materials database, which can
be divided in two classes. On the one hand, there are experimental databases
containing structures that have been extracted from experimental measure-
ments such as single-crystal X-ray diffraction. Often, these databases are
biased towards subclasses that are omnipresent in literature, and screenings
using them do not sufficiently emphasize the less researched subclasses. On
the other hand, there are hypothetical databases, containing materials that
are generated in silico and are possibly not-yet-synthesized. Whereas they
provide a broad and well-balanced representation of material space, they
often cover only part of it.

To accelerate the development of COFs and guide experimental researchers
towards promising materials, we generated in this thesis a diverse and ready-
to-use database of COFs. Subsequently, we performed a computational high-
throughput screening on two clean energy applications, i.e., post-combustion
carbon capture and vehicular methane storage. As introduced in Chapter 3,
the database is generated using an automated in silico assembly algorithm,
which is implemented in a Python package. This methodology is based on a
building block concept in which the topological embedding acts as blueprint
which is decorated with a set of building blocks. In each step of the iteration,
the favorable building block configuration is selected based on geometric
and energetical considerations, to generate a plausible periodic material. In
principle, the favor for a specific building block configuration also depends
on the configurations of the neighboring building blocks, and therefore all
materials configurations should be evaluated. Since this number can become
very large, the computational efficiency of our algorithm is improved by
implementing an additive approach, in which the building blocks are added
one-by-one. The applicability of our top-down approach is demonstrated by
three case studies.

Our automated assembly algorithm is adopted on a large number of combi-
nations of topologies and building blocks in Chapter 4 to generate the Ready-
to-use and Diverse Database of Covalent Organic Frameworks with Force
field based Energy Evaluation (ReDD-COFFEE) of 268 687 COF structures
and system-specific force fields. The database has a large diversity in terms
of pore geometry, linkers, and linkages, but only includes a limited number
of functional groups. The system-specific force fields provide an efficient,
yet accurate, description of the atomic interactions. They are derived from
the cluster force fields of the respective building blocks that constitute each
COF. These cluster force fields are fitted to quantum mechanical reference
data using the QuickFF concept developed earlier at the Center for Molecular
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Modeling. With this approach, a large number of system-specific force
fields can be derived with only a limited number of ab initio calculations.
The improved accuracy of these force fields over generic force fields often
used in high-throughput screenings is illustrated by predicting structural and
vibrational characteristics. By making the ReDD-COFFEE database freely
available via the Materials Cloud, we hope it may inspire fellow researchers
to continue exploring the potential of these intriguing functional materials.

In Chapter 5, the ReDD-COFFEE database is employed in three high-
throughput screening studies. Firstly, the textural properties of COFs are
characterized and property-property relations between them are established.
Furthermore, these are compared with other classes of nanoporous materials,
i.e., MOFs and zeolites. Compared to these material classes, COFs exhibit
the lowest mass densities and highest gravimetric accessible surface areas
and pore fractions. Secondly, the performance limits of COFs for vehicular
methane storage are investigated. Whereas COFs are able to meet the ARPA-
E target for gravimetric deliverable capacity of natural gas, the target for the
volumetric deliverable capacity is not reached, similar to the current top-
performing nanoporous materials, such as Co(bdp) and NJU-Bai 43. There-
fore, COFs and other nanoporous materials are too premature for commercial
development of storage materials for adsorbed natural gas (ANG) in vehicular
transport.

Thirdly, promising candidates for carbon capture from post-combustion
point sources are identified. During this screening, we adopt machine learn-
ing to predict the CO, working capacity and ideal CO,/N; selectivity of all
COFs in the database. As such, we could select a total of 3305 materials
with high potential in only a fraction of the computational time required
for a full database characterization. These materials are subsequently char-
acterized with mixture GCMC calculations to take competitive adsorption
and coadsorption into account. The results of our study demonstrate that a
relatively high working capacity and ideal selectivity are found in COFs with
a pore diameter around 1.0 nm. These materials exhibit adsorption sites with
high CO; affinity in pores enclosed by aromatic rings, which are commonly
found in top-performing 3D COFs. In contrast, the layered nature of 2D
COFs results in an absence of such high performing adsorption sites. In these
COFs, the framework chemistry emerges as a crucial factor to enhance the
carbon capture performance. Among the studied functional groups, fluor
substituents show superior performance. Furthermore, COFs with imide,
(acyl)hydrazone, or (keto)enamine linkages demonstrate a higher potential
for post-combustion carbon capture. Among the top-20 2D and 3D COFs,
we identified three three candidates for experimental synthesis based on the
availability of a synthetic route.
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We hope that this thesis may contribute to the developing research on
COFs with tailored properties and that we have accelerated their adoption
in clean energy applications. This work not only pushes the boundaries of
COF research, but also underscores the potential of computational studies
in steering experimental endeavors towards the synthesis of advanced and
functional materials. The insights obtained from this thesis are not only
applicable to the field of COFs, but can also serve as a blueprint for the
systematic design of novel materials within the broader realm of materials
science and engineering.
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Introduction

Our history is categorized either by the prevalent materials (think of the
Bronze Age and the Iron Age) or by their revolutionary manufacturing pro-
cesses (such as the Industrial Revolution). Therefore, it is reasonable to say
that we are currently in the age of Materials Science, defined by the wealth of
materials that are discovered by a scientific method.! To arrive at this point,
materials science, and science in general, has evolved through four major
eras, going from the experimental one, over theoretical science, through the
computational era, until we are nowadays on the cusp of the data-driven
era. Each of these fields can be distinguished by a totally different scientific
approach.

The origin of materials science can be traced back to the era of experimental
science. In this era, starting at the dawn of humankind, scientists laid
the foundations by systematically probing and manipulating materials to
understand their properties. Great breakthroughs were the development
of metallurgy,? ceramics,® and glass.* Due to the empirical nature of these
experiments, this era relied heavily on trial-and-error approaches and intu-
ition, as illustrated in 1878 when Thomas Edison invented the light bulb.
As filament, he required a long-lasting, low-heat, and low-power lighting
element. After 14 months of heavy testing thousands of materials, going
from boxwood over coconut shells to hairs cut from his assistant’s beard, he
discovered that a carbonized cotton thread suited his needs most. Later on,
this was perfected to the tungsten filament still used in current incandescent

light bulbs.®



In the 17t" and 18 century, i.e., the Age of Enlightenment, scientists started
to understand how a material was composed at a fundamental level and what
determined its properties. Dalton first discovered that materials were com-
posed of atoms,® which were later on described by Thomson and Rutherford
to consist of negatively charged electrons’ and a positively charged nucleus.?
This theoretical era culminated in 1926 with the dawn of quantum mechanics
and the formulation of the Schrodinger equation, which elegantly describes
the interactions between these subatomic particles.” With these discoveries,
scientists were finally able to not only observe a material’s properties, but
also to understand and explain why it possessed these characteristics. These
insights enabled them to guide their experiments to deliberately design new
materials with tailored functionalities.

The advent of powerful computers midway through the 20t" century enabled
researchers to solve the quantum mechanical equations much faster and
gain unprecedented insight into the behavior of materials at various length
and time scales. The rapid growth of computational resources has made
it possible to screen large portions of material space in a high-throughput
fashion. This has resulted in various large material database, such as the
Materials Project, which tries to collect the fundamental thermodynamic and
electronic properties of all known inorganic materials.'" So far, this database
has already been adopted to design new materials for solar cells,'? batteries,
and other technologies.' By generating materials in silico, i.e., existing solely
in a digital environment, their properties could be determined even before
their synthesis. Since these calculations strongly guided experimental re-
searchers, the need for extensive trial-and-error experiments was drastically
reduced and the discovery of new materials was remarkably accelerated.’ '°
This computational era has brought us on the verge of a golden era for
materials science.’

Besides providing valuable insight in a material’s behavior, computational
calculations also generate an enormous amount of data. Coupled with the
advances in machine learning and data analysis of the decade,'””'® this
marked the beginning of the data-driven era of materials science. Large
datasets, such as that of the Materials Project, are mined to uncover hid-
den patterns and predictive relationships, guiding researchers even more to
identify promising materials for specific applications.” Moreover, the range
of properties observed in a database can be expanded even more by gen-
erating new materials with targeted properties using generative adversarial
networks (GANs).?® Furthermore, machine learning potentials (MLPs) allow
for a tremendous increase in the efficiency and accuracy of the interaction
models employed in molecular simulations.?'"2* As such, materials can be
characterized with quantum mechanical accuracy much faster than ever



Introduction 5

before.

These four eras of science have not evolved individually, but are closely inter-
twined. Combining experimental efforts, theoretical insights, computational
simulations, and data-driven approaches, results in a deeper understanding
of materials than ever before. This holistic approach pushes the boundaries of
materials design to accelerate the synthesis of new and functional materials
for the development of innovative solutions across diverse industries. One of
the remarkable results of this method is the design of materials with tailored
porosity at the nanoscale.?> ?® These nanoporous materials, thoroughly in-
troduced in Section 1.1, exhibit unique properties that make them ideal for
applications such as gas separation, energy storage, and catalysis. Before
stating the goal of this thesis in Section 1.5, we will introduce in Section
1.2 the specific materials subclass on which this thesis focuses, i.e., cova-
lent organic frameworks, with a specific focus on some potential industrial
applications. Due to their modular nature, an almost unlimited number of
these materials can be imagined, as explained in Section 1.3. To navigate
in this haystack, the role of computational high-throughput screenings in
identifying promising materials and finding performance trends within this
extended material space is explained in Section 1.4.

1.1 Nanoporous materials

The most famous example of porous materials are probably sponges, due
to their presence in everyone’s kitchen. The term “porous” refers to the exis-
tence of pores or voids in their structure, offering them a unique advantage in
aquatic ecosystems. Natural sponges extract their nutrients from the water
that flows through their pores. Specialized cells in their bodies allow the
sponge to take in the water, transport it, and filter out microscopic particles.
Within the environment of a regular kitchen, the pores of sponges can trap
and remove particles, grease, and food residues from surfaces. Furthermore,
they can take up large amounts of liquids, such as water. When applying an
external pressure, for example by squeezing the sponge, the absorbed liquid
can be forced out of the material again.?’

Whereas the typical size of the pores in sponges ranges from micrometer to
milimeters, nanoporous materials demonstrate even smaller pores. Accord-
ing to the [IUPAC convention, these nanopores can be divided in micropores
(pore width smaller than 2nm), mesopores (pore width between 2 nm and
50 nm), and macropores (pore width larger than 50 nm).28~30 Therefore, they
possess an exceptionally high internal surface area that provides interaction
sites for other species to interact with.3! Furthermore, nanoporous materials
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Figure 1.1: A visualization of three classes of nanoporous materials, i.e., ze-
olites (left), metal-organic frameworks (MOFs), and covalent organic frame-
works (COFs).

provide a level of control and customization that is not achievable in bio-
logical systems.>> For example, chemically active species can be introduced
at predefined sites in the material to allow for specific functionalization.?®
Moreover, nanoporous materials exhibit a broad structural diversity, leading
to a range of interaction strengths between the material and the adsorbed or
absorbed guests. These interactions span from non-bonding van der Waals
and hydrogen bond interactions to bonding interactions, such as metal-
ligand coordination bonds and covalent bonds.3* An overview of the three
classes of nanoporous materials mentioned in this thesis, is provided in
Fig. 1.1.

Back in 1756, the Swedish mineralogist Axel F. Cronstedt discovered a min-
eral with the ability to boil water. It was the first report of a naturally occur-
ing zeolite, a term originating from the Greek words for “to boil” (Lew) and
“stone” (A\vdoo).>® They are three-dimensional aluminosilicates, composed of
tetrahedrally coordinated TO, sites, with T being a cation such as silicon
or aluminum. Only in 1948, the path toward the adoption of zeolites in
industry was carved with the synthesis of the first artificial zeolites,3"38
quickly followed by their commercialization by Union Carbide.®*° Due to
their remarkable molecular sieve properties, zeolites have emerged in various
industrial applications, such as adsorption and ion-exchange,*":*? and have
become the workhorses of today’s petrochemical industry.*** The func-
tionality of zeolites can be expanded to a certain extent by changing the
atoms occupying the T-sites or the charge-compensating anions inside the
pores.*! 4246 However, due to the fixed alternating pattern of tetrahedrally
coordinated atoms and oxygen bridges, only a limited number of structural
configurations are available for zeolites, limiting their tunability.*’

With the invention of metal-organic frameworks (MOFs) in the 1990s, a new
class of nanoporous materials with a much higher versatility than zeolites
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was discovered.? #8753 MOFs are framework materials composed of inor-
ganic and organic building blocks. These building blocks can be coordinated
more freely compared with the tetrahedral T-sites of zeolites, resulting in
many more structural configurations that are available to MOFs.>% % Their
structural tunability presents an enormous potential for this material class
as functional materials. Therefore, they have been proposed for applications
such as heterogeneous catalysis, gas storage and separation, liquid phase
applications, drug delivery, sensing, and (opto)electronic devices. However,
since the inorganic and organic building blocks are connected with relatively
weak coordination bonds, their mechanical, thermal, and chemical stability
often remains low, hampering their commercialization.*® > It was only in
2005, with the synthesis of the first covalent organic framework (COF), that
a new class of nanoporous materials was discovered with a tremendously
higher stability.?

1.2 Covalent organic frameworks and selected ap-
plications

Between 1916 and 1919, Lewis, Kossel, and Langmuir laid the basis for
the concept of the covalent bond between atoms.’’">° Through this bond,
electrons are shared between atoms, resulting in exceptionally strong and
directed bonds. Since then, chemists have mastered the craft of synthesizing
extended systems in zero dimensions, i.e., isolated molecules, and one di-
mension, i.e., linear polymers, with increased stability based on this covalent
bond. However, for a long time, the synthesis of covalently bonded systems in
two and three dimensions remained unfeasible.®® It was only in the beginning
of the 21%' century that this challenge was addressed with the synthesis of
COF-1and COF-5, the first 2D COFs, in 2005,% and COF-102, COF-103, COF-
105, and COF-108, the first 3D COFs, in 2007.%'

Covalent organic frameworks (COFs) are nanoporous framework materials
that are assembled by connecting organic building blocks through covalent
bonds.? 17 Since they only contain organic atoms, they are the lowest
mass density crystals known to date, with COF-105 and COF-108 being typi-
cal examples with a mass density of 0.18 g/cm?® and 0.17 g/cm?, respectively.®'
The strong covalent bond results in materials with a high mechanical,
thermal, and chemical stability, which makes them of particular interest
for a multitude of applications, such as gas storage and separation,®’ %
catalysis,’’""3 (opto)electronic’*"’® and sensing devices,”” and drug delivery.”®

In experimental COF synthesis, several precursors are mixed and react with
each other. In Fig. 1.2, two regions are distinguished in such a precursor:
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a linker core and reactive groups. Whereas the former remains unaffected
during the reaction, the reactive groups of multiple precursors interact to
form a covalently bound linkage that holds the structure together. Once the
COF is formed, it can be partitioned into so-called secondary building units
(SBUs). These contain a linker core and part of the linkage, which we call
the SBU’s linkage section throughout this thesis. A point of extension of the
linkage section is defined as the geometric center of the bond that connects
it with the linkage section of another SBU. These definitions are illustrated
in Fig. 1.2 for COF-5. By abstracting each SBU into a zero-dimensional vertex
and representing the connectivity between them as edges, the topology
of a framework is determined as a periodic graph. A large collection of
experimentally observed topologies is provided in the Reticular Chemistry
Structure Resource (RCSR).>®> Some 3D COFs are observed to have inter-
penetrated topologies, in which multiple frameworks are interwoven with
each other.”” 8 Whereas a topology in fact is a periodic graph that only
contains vertices and edges between them, the RCSR database provides an
embedding for each of them. Such topological embedding is a realization of
the topology in 3D Euclidean space, where the vertices are assigned a position
in a periodically repeating unit cell.

The first COFs were synthesized based on boron chemistry, i.e., they assem-
bled forming a boronate ester, boroxine, or borosilicate linkage. Whereas
this resulted in highly crystalline materials, they appeared to be unstable in
water.8 82 Later on, new linkage classes were proposed with a large variety of
functionalities beyond crystallinity. For example, imine-linked COFs, which
form the largest class of synthesized COFs to date and are illustrated by
COF-300 as a prototypical example, provide materials with an enhanced
stability,”® 8384
hydrazone COFs are often proposed to be adopted in catalysis since they
provide coordination centers for transition metals.®%” An overview of fre-
quently observed COF linkages is provided in Fig. 1.3.

which is even surpassed by enamine COFs.®> Triazine and

Below, we will focus on three specific applications for which COFs are
promising materials: carbon capture, vehicular methane storage, and het-
erogeneous catalysis. The choice for these applications is informed by their
relevance in the current societal endeavor to achieve cleaner and more sus-
tainable energy production and utilization.

1.2.1 Carbon capture

Anthropogenic emission of greenhouse gases is one of the most urgent and
pressing threats to today’s society,® resulting in a sharp increase of natural
disasters caused by climate change, such as extreme temperatures, heavy
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Partitioning

Reactive groups Core linkers

Precursors SBUs
Figure 1.2: lllustration of the nomenclature of SBUs employed throughout
this thesis. Whereas the linker cores (red) remain unaltered during synthesis,
the reactive groups (green) of two precursors react to form a linkage. Each
linkage consists of multiple linkage sections (blue) that are assigned to an
SBU. A point of extension (red dot) forms the connection between two linkage
sections. Figure adapted from Ref. 88 with permission of the Royal Chemical
Society (©2023).

precipitation and pluvial floods, river floods, droughts, and storms.”® The
intensive industrial development and explosive population growth of the past
century have disturbed the natural equilibrium between the emission and
capture of greenhouse gases.”! Most efforts to curb the effects of climate
change focus on reducing anthropogenic CO; emissions, since CO, has the
most significant long-term impact on the Earth’s radiative balance due to
its abundance and long lifespan.®’ In the long-term, the only sustainable
solution to climate change is the evolution towards a CO,-neutral economy,
which, however, requires the development of new decarbonized industrial
processes.’! In anticipation of this goal, it is essential to uncover materials
that can efficiently and inexpensively capture CO, from the flue gases of
stationary point sources, such as power plants and industrial production
sites, which are responsible for about half of the CO, emissions.”" As visu-
alized in Fig. 1.4, the separated CO; molecules can either be safely stored
in empty oil reservoirs (carbon capture and sequestration, CCS),°>% or they
can be reused in industrial processes, thereby closing the carbon loop (carbon
capture and utilization, CCU).7% %’

Current carbon capture technologies used in industry rely on chemisorption
in a process termed amine scrubbing.”® However, the high regeneration
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Figure 1.3: Model reactions for the formation of some frequently occuring
COF linkages. Figure adapted from Ref. 88 with permission of the Royal
Chemical Society (©2023).

energy, fast equipment corrosion, and solvent decomposition cause this
technology to be highly expensive and prevent its widespread adoption.”’
As illustrated in Fig. 1.4, a more viable approach is to convert the flue
gas through fixed beds of nanoporous materials, which pores are especially
designed to selectively capture CO, from the flue gas. This process requires
far less regeneration energy, and thus financial cost, since the molecules are
only physisorbed to the framework rather than chemisorbed as in amine
scrubbing.'% Activated carbon, zeolites, MOFs, and COFs are all proposed
as adsorbent materials for carbon capture.®® 19171% However, the adoption
of activated carbon, MOFs, and zeolites in industrial environments has been
hampered by several challenges, such as reduced CO; selectivity or strong
performance deterioration in the presence of water, often present in flue
gases.68’ 103 The high mechanical, thermal, and chemical stability of COFs, in
combination with the large internal surface area on which CO; molecules can
be adsorbed and the enormous structural versatility, makes these materials
of particular interest for industrial carbon capture applications.®® 106-18 |p
Paper V, an extended high-throughput screening is performed to establish
performance trends and to identify promising COFs for carbon capture.
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Figure 1.4: The carbon pathway, illustrating the proposed mechanism to
separate CO; from industrial flue gases using COFs. Once captured, the
recovered CO; is either sequestered (CCS) or reutilized (CCU).

1.2.2 Vehicular methane storage

Another application for which COFs are highly promising due to their low
mass density and high internal surface area is vehicular storage of natural
gas, which mainly consists of methane.'” "° This is a green alternative
to traditional petroleum and gasoline based fuels.""" "> However, the low
energy density of natural gas prevents its adoption in practical applications.
Several approaches, such as compressed natural gas (CNG)," liquid natural
gas (LNG),"" and adsorbed natural gas (ANG),'™ ''® are proposed to densify
the natural gas. Nanoporous materials are used in the latter approach to store
the gas at a higher storage pressure. The methane is then gradually released
until a lower depletion pressure is reached, at which point the tank should be
refilled. The deliverable capacity of a nanoporous material is defined as the
amount of gas that can be released every cycle. The Methane Opportunities
for Vehicular Energy (MOVE) program of the Advanced Research Projects
Agency-Energy (ARPA-E) of the US Department of Energy has set targets on
this deliverable capacity for nanoporous materials to compete with a 250-bar
CNG tank."” Promising materials should exhibit a gravimetric deliverable
capacity higher than 0.5 g/g, whereas the volumetric deliverable capacity
should exceed 315 vSTP/v.""” The unit vSTP/v determines how much volume
the delivered methane molecules in one volume unit COF would occupy if
they would be placed under standard temperature and pressure (STP), i.e.
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273.15 K and 1 atm, in the absence of the COF. The performance limits of
COFs for this application are investigated in Paper III.

1.2.3 Heterogeneous catalysis

At the hearth of the chemical industry are chemical reactions, in which
reactants transform to produce products. However, often the rate at which
these reactions occur is too slow. In catalytic processes, a substance, i.e.,
the catalyst, increases the reaction rate without being consumed by the
overall reaction. The catalyst facilitates the reaction by providing an alter-
native pathway with lower activation energy. In homogeneous catalysis, the
catalyst occurs in the same phase as the reactants and products, which is
typically the gas phase. However, this type of catalysis suffers from difficult
product separation, low recyclability, and high costs.'™® "% In heterogeneous
catalysis, the catalyst is in another phase as the reactants and products.
Typically, this is a solid material, such as graphitic carbon nitride,'* MOFs,'?!
and COFs.'22 A particular type of catalysis is photocatalysis, in which the
chemical reaction is activated by absorption of light.”> 1237125 |n Paper 1V,
our experimental partners synthesized new COFs that can be adopted in a
photocatalytically enhanced Povarov cyclization reaction, in which glycine
esters are oxidized into quinolines and a-dicarbonyl compounds.

1.3 The haystack of reticular chemistry

Similar to MOFs, COFs are composed of SBUs, assembled in a topological
net. This principle, coined reticular chemistry,'?® provides a design recipe
for the targeted synthesis of crystalline nanoporous materials. Firstly, a
topological embedding should be chosen as blueprint for the resulting ma-
terial. Secondly, for every family of vertices in the topology, i.e., a so-called
Wyckoff set, an SBU should be selected that matches their local symmetry.
Lastly, the modular building blocks should be reticulated into the actual COF
structure.> Whereas there is a large diversity in symmetry of MOF building
blocks, this remains limited for COFs, due to the inherent organic nature
of their SBUs. Therefore, most building blocks employed in COF synthesis
to date are trigonal, square, or tetrahedral. These are especially suited
to assemble in high-symmetry topologies, such as hcb,? sql,'”’ kgm,'?
dia,”® bor,°! ctn,®" and pts.”” However, extensive efforts are being made
to increase the diversity of SBUs, already resulting in COFs containing
hexagonal,'® cubic,'! or even one-dimensional building blocks.'3! Therefore,
with the further development of the field of COF synthesis, the number of
available topologies and their complexity can increase significantly.'*2
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Figure 1.5: According to the principle of reticular chemistry, the structure of
COFs can be easily decomposed into SBUs. Combining these building blocks
in alternative ways allows one to construct an enormous number of possible
not-yet-synthesized structures, which is unfeasible to screen experimentally.

The true power of reticular chemistry lies in the large freedom of available
SBUs for a given topology, as exemplified in Fig. 1.5. Therefore, the physico-
chemical properties of the framework can be largely tuned by selecting the
appropriate composition of building blocks, thereby making them the ideal
engineering materials. For example, already in 2008 Tilford et al. managed
to tailor the pore size of a COF family between 11 A and 18 A by func-
tionalizing the linker with alkyl groups (see Fig. 1.6)."> In another example,
the conductivity of a porphyrin-based COF could be switched from hole-
dominated to electron-dominated or ambipolar by introducing a different
metal in the porphyrin ring.'3* Furthermore, as again illustrated in Fig. 1.5,
the same SBU can be observed in multiple topologies by combining them
with different other building blocks, or altering the synthesis route. As
such, reticular chemistry lies at the origin of the enormous structural and
functional versatility of these material classes.

However, since a huge number of SBUs can be adopted, and since the number
of possible topologies that can still be discovered for COFs is very large,
the number of hypothetical COFs is, analogous to MOFs, almost unlimited.
Therefore, several attempts have been undertaken to collect all possible
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Figure 1.6: In reticular chemistry, new materials can be designed by chang-
ing the SBUs involved in the synthesis process. By carefully changing the
alkyl functionality of the linkers, Tilford et al. managed to tune the pore
diameter of these COFs with great precision. Figure reproduced from Ref. 133
with permission of John Wiley and Sons (©2008).

MOFs and COFs in large material databases. Depending on the origin of the
involved structures, these databases can be divided into experimental and
hypothetical databases. The experimental ones exist of materials that are
already synthesized, containing either the structure as synthesized, or after
guest removal and/or computational structure optimization. In one of the
first efforts to generate a large experimental database, Chung et al. identified
a subset of 5109 MOF structures from the Cambridge Structural Database
(CSD)™> and collected them in the Computation-Ready Experimental (CoRE)
MOF database®. Later, they expanded this database to include a total of
14 142 structures.’””” An automated screening algorithm was implemented
by Moghadam et al. in the CSD Python API to directly identify a MOF
structure when it is added to the CSD. Their subset contained a total of 69
666 materials at the time of its first publication.'®® Recently, 15 713 MOFs
for which efficient density functional theory (DFT) calculations are feasible
were extracted from the previously mentioned databases and collected in the
QMOF database.’™ Currently, there are two experimental COF databases
available. Encouraged by the success of the CoORE MOF database, Tong et
al. developed a CoRE COF database, containing experimental COF struc-
tures that are ready for computational simulations.' Later on, Ongari et
al. published the Clean, Uniform, and Refined with Automatic Tracking
from Experimental Database (CURATED), where the focus is on a uniform,
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consistent and reproducible protocol to make the structures clean and error-
free.'!

Hypothetical databases contain possibly not-yet-synthesized materials that
are generated in silico. Opposed to experimental databases, which naturally
focus on cheap and easy-to-synthesize materials, they provide a broad and
diverse subset of material space. Moreover, Lan et al. demonstrated that
promising hypothetical materials possibly can be synthesized by experimen-
tally creating four new materials selected from an in silico generated COF
database, among which two materials in a not-yet-observed topology.'4?
Whereas energy minimization approaches exist, such as the Automated
Assembly of Secondary Building Units (AASBU),' that design reasonable
structures, most hypothetical databases are constructed with geometric pro-
cedures. Such a geometric procedure forms a periodic material by connecting
SBUs with one another, after which a geometry optimization relaxes the
structure. Depending on the SBU assembly process, two classes of geo-
metric procedures are discerned, i.e., bottom-up and top-down approaches.
In the bottom-up approach, building blocks are automatically assembled
without prior knowledge of the underlying topology. In their pioneering
work, Wilmer et al. constructed a database of 137 953 MOFs adopting a
bottom-up approach, starting from a set of 102 SBUs.'** Later on, Fernandez
et al. generated a database of 324 500 MOFs from 66 SBUs and 19 functional
groups.'® However, it turned out that the topological diversity in these
databases is limited. For example, the database of Wilmer et al. recognized
only six different topologies.'*® To increase the number of topologies utilized
in a database, several software packages, such as Zeo++,'” AuToGraFS,'*
Weaver,' TOBASCCO,™ and ToBaCCo™" 2 have proposed a top-down
approach to generate materials in silico. In such a top-down method, a
topological embedding is selected a priori, after which suitable SBUs are
placed on its nodes. For example, the ToBaCCo software package has been
adopted to generate a database of 13512 MOFs, starting from 78 SBUs and 41
topologies.’! For COFs, two hypothetical databases have been constructed
by Martin et al.'®® and Mercado et al.'>* The first database contains a to-
tal of 4147 interpenetrated 3D COFs derived from 620 non-interpenetrated
geometries. They used commercially available precursors and limited them-
selves to the experimentally observed dia, bor, and ctn topologies to derive
experimentally feasible materials.” Mercado et al. generated 69 840 COFs
from a total of 666 SBUs and 839 2D and 3D topologies.'>*

As illustrated by this literature overview, the number of (hypothetical) MOFs
and COFs is overwhelming. Therefore, finding the most optimal material
for a given application from this vast material space is like searching for a
needle in a haystack. A full experimental characterization of all materials
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is not only cumbersome, but also very expensive, both in terms of time
and financial cost. Because simulations are significantly faster and cheaper
than experiments, computational high-throughput screenings have attracted
much attention in the past decade to quickly find performance trends and
identify promising materials in the haystack of reticular material classes.

1.4 Computational high-throughput screenings

The field of computational modeling aims to develop reliable methods to ac-
curately characterize a given material. However, the most accurate methods
typically require a large amount of computational resources, even for a single
material. Applying these algorithms to many materials in a high-throughput
fashion would be unfeasible. Therefore, as illustrated in Fig. 1.7, high-
throughput screenings frequently adopt a multi-step procedure to system-
atically filter the most promising materials. These are subsequently exposed
to more expensive computations to characterize them more accurately.! In
general, high-throughput screenings on large material sets have three major
advantages.' Firstly, promising materials can be identified quickly. By
adopting a database containing experimental materials, the synthetic fea-
sibility can be ensured. However, starting from experimental materials is no
prerequisite, as illustrated by Boyd et al., who synthesized AI-PMOF and Al-
PyrMOF after they demonstrated an exceptional performance for CO; cap-
ture during a computational high-throughput screening.'® Secondly, useful
property-property relationships can be established. When only a handful
data points are available, it might be difficult to distinguish whether a re-
lationship exists. However, as demonstrated in Fig. 1.8, clear trends emerge
when increasing the sample size. Thirdly, the performance limits of a material
class for a specific application can be predicted. Therefore, the selected
dataset should represent the targeted material space correctly. Databases
of hypothetical materials are ideally suited for this purpose since their in
silico assembly algorithm provides a large degree of freedom in the material’s
geometry.

Within the field of nanoporous materials, such high-throughput screenings
have primarily concentrated on gas storage and separation properties.’™
In their pioneering study, Wilmer et al. explored the uptake of CHy, the
main component of natural gas, in MOFs,'* after which several others
followed and investigated both MOFs36 131 152,160 3 nd CQFs 88 153, 134,160, 161
Similarly, H; adsorption has also attracted a lot of attention due to its high po-
tential as an energy carrier to replace fossil fuels.'>! 19271 Several examples
of gas separation processes have been investigated, including the purification
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Computational Materials most likely
cost to be of interest

Figure 1.7: Computational high-throughput screenings frequently adopt
a multi-step procedure to find promising materials. In each step, a new
descriptor is calculated that requires an increasing amount of computational
resources. Based on the calculated descriptor, the sampled material space is
narrowed down to a more interesting region. Figure adapted from Ref. 1 with
permission of Annual Reviews (©2015).

of natural gas from undesired trace gases, such as CO,,"8 167171 N, 167, 172

and H,,'7% 1727174 and pre- and post-combustion carbon capture. The latter
focuses on CO,/H, 7% 1775177 and CO,/N, ™1 156 158, 168, 169, 178-186 soa rations,
respectively. Recently, more complex properties have been calculated in
high-throughput screenings, such as the thermal conductivity,'®” mechanical
stability,'>% 18 electronic band gap,' 8% 1°0 and catalytic activity.'"

Traditionally, high-throughput screenings relied on brute-force screenings
within an existing database. However, the growing number of available ma-
terials has made this approach unfeasible, even with current computational
resources.'*> %2 To accelerate high-throughput screenings, researchers have
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Figure 1.8: High-throughput screenings are able to establish performance
trends that can not be distinguished with limited data. Both figures visualize
the relation between CO; uptake at 2.5 bar and the heat of adsorption. With
only 10 data points, no clear trend can be distinguished in a). However, when
the results of more than 130 000 MOFs are combined in b), a well-defined
structure-property relation emerges. Figure adapted from Refs. 157 and 158
with permission of John Wiley and Sons (©2011) and the Royal Society of
Chemistry (©2012).

started turning to machine learning (ML) algorithms.”™ 13 Such workflow
typically starts with featurizing each material in the database. Most com-
monly, textural features, such as the pore diameter and internal surface, are
adopted. Chemical descriptors, describing the chemical environment of a
framework, drastically increase the accuracy of a ML algorithm for most
applications.”* 1% Examples of such descriptors are compositional descrip-
tors derived from the chemical composition,m’ 194,19 revised autocorrela-
tion functions (RACs),"” 1°® and atomic-property weighted radial distribu-
tion functions (AP-RDFs).'4% 199200 Qnce all materials are featurized, a ML
algorithm learns trends from a subset of the database and leverages this
knowledge to predict the characteristics of previously unseen materials more
rapidly than traditional calculations. ML has been employed to predict the
uptake and separation of various gases and their combinations,?'
storage of Hy,202205 CO,,15 196 N, 1% and CH,, 192 194 195,206,207 31 the sep-
aration of CO,/N,,1% 208209 €O, /H, 19 200,210 O, /CH, 2% 211 CH,/H,2"
and noble gases.?'® 2" Furthermore, other applications of ML can be found in
the prediction of ideal synthesis conditions,?™ 139, 189, 150
and mechanical stability.'®8

such as the

electronic properties,
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1.5 Goal and outline

As outlined in Section 1.4, a lot of high-throughput screenings have already
been performed on MOFs, and they start to find their way in the field of
COF research. However, until now, the performance limits of COFs for sev-
eral applications are not yet clear. Furthermore, screening studies crucially
depend on the existence of diverse databases and the accurate description of
the interatomic interactions, which is currently lacking in the field of COFs.
Therefore, the goal of this thesis is to characterize the COF material class
for clean energy applications, such as vehicular methane storage and carbon
capture, by means of a computational high-throughput screening starting
from an extended and diverse, in silico generated database with accurate
interatomic interactions. As depicted in Fig. 1.9, this will be accomplished
via several intermediate goals, each discussed in the following chapters.

In Chapter 2, the necessary tools to accurately model crystalline materials
and predict their macroscopic properties will be introduced. Starting from
the Schrodinger equation, the potential energy surface (PES) will be defined.
A force field description of the PES provides a good balance between effi-
ciency and accuracy, which is required for reliable high-throughput screen-
ings. We demonstrate that a force field for a periodic material can be effi-
ciently derived from the cluster force fields of its underlying building blocks.
Several sampling techniques are introduced to explore relevant regions in a
material’s phase space with molecular simulations.

Before being able to start such simulations, the geometry of a material, i.e.,
the positions of all atoms and a unit cell to describe the periodic boundary
conditions, needs to be defined. However, since our goal is to generate a
large database containing a huge amount of materials, a manual procedure
is not feasible. In Chapter 3, an automated procedure is introduced and
implemented to in silico generate nanoporous materials for which the retic-
ular chemistry principle applies. This protocol follows a top-down approach,
starting from the SBUs and the topology of a material, using both geometric
and energetic criteria. The algorithm is illustrated by three case studies.

Adopting this procedure to various combinations of SBUs and topologies
allows us to automatically generate an extensive number of COF geometries.
In this way, the ReDD-COFFEE database is generated in Chapter 4, contain-
ing a total of 268 687 COFs with an ab initio derived force field for each of
them. The diversity of the database is analyzed and compared with already
existing COF databases. Furthermore, we demonstrate that the system-
specific force fields provided in the database indeed reproduce experimental
properties more accurately than the generic force fields typically used in
high-throughput screenings.
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Figure 1.9: Schematic overview of the workflow to perform high-throughput
screenings followed in this thesis. In Chapter 3, an automated protocol
is introduced to derive hypothetical nanoporous materials in silico. This
procedure is adopted in Chapter 4 to generate a diverse COF database, which
is subsequently screened for clean energy applications in Chapter 5.

Finally, this thesis culminates in Chapter 5, where several high-throughput
screenings on the ReDD-COFFEE database are performed. First, we start
with a fast screening of the textural properties of COFs and compare them
with other classes of nanoporous materials, i.e, MOFs and zeolites. Sec-
ondly, the performance limits of COFs for vehicular methane storage are
investigated. Third, an extended high-throughput screening of COFs for
carbon capture is performed, using machine learning algorithms to greatly
accelerate the screening. We establish performance trends, formulate design
rules, and identify promising candidates for experimental synthesis.

In Chapter 6, a concluding overview of the key findings of this thesis is
provided, together with a personal perspective on possible avenues for high-
throughput screenings in nanoporous materials.
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A material’s macroscopic properties are determined by its behavior on the
microscopic level. As illustrated in Fig. 2.1, the field of molecular modeling
provides insight in this behavior with four typical steps. After the atomic
structure of a material is defined, the interatomic interactions are determined
by accurate, yet efficient descriptions. The interactions between the atoms
are detailed by quantum mechanics, which is described in the Schrodinger
equation. However, even with several approximations, determining the elec-
tronic structure of a material requires an enormous amount of computational
power. Therefore, several approximate methods to describe the interatomic
interactions are introduced, as explained in Section 2.1. The next step in a
molecular modeling exercise is the sampling of the multidimensional phase
space, which is defined by the positions and momenta of the atoms in
the material. The goal of these sampling algorithms, which are rooted in
statistical physics and thermodynamics, is to provide and characterize a
set of representative material configurations, from which the macroscopic
properties can be derived in the last step of Fig. 2.1. In Section 2.2, the
two main categories to divide phase space sampling techniques, i.e., static
and dynamic exploration methods, and their application in this thesis are
discussed.

2.1 From quantum mechanics to force fields

Section 2.1.1 introduces the concepts of quantum mechanics to determine
the interatomic interactions. Via the Born-Oppenheimer approximation, the

21
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Figure 2.1: An overview of the four typical steps in a molecular modeling
exercise. After the structure of a material is defined on the molecular level,
the interatomic interactions have to be determined to provide an accurate
description of the potential energy surface (PES, see Section 2.1). Once the
relevant regions in phase space are samples, the physical properties of a
material can be derived. Figure reproduced from Ref. 24 with permission
of the Royal Society (©2023).

potential energy surface (PES) of a material is introduced, which describes
the potential energy associated with each configuration of nuclear coordi-
nates. Fig. 2.2 illustrates that there is a wide variety of methods to deter-
mine the PES. Whereas quantum mechanical methods are the most accurate
ones, they can only describe small systems for a limited time scale. Since
knowledge of the electronic structure is not strictly required to calculate
the structural and adsorption properties focused on in this thesis, a more
efficient description provided by force fields is adopted throughout this work,
as introduced in Section 2.1.2.

2.1.1 The Schrodinger equation and Born-Oppenheimer ap-
proximation

Quantum mechanics postulates that all physicochemical properties of a
molecular system can be derived from its total wavefunction |¥(t)), which
characterizes the probabilistic nature of all elements and the wave-particle
duality. In 1926, Edwin Schédinger formulated his famous Schrodinger
equation, describing the dynamics of this wavefunction through time:’

0 3
zha (W(t)) = H|¥(t)), (2.1)

where & is the reduced Planck constant. The operator F is the molecular
Hamiltonian representing the interactions between the different particles:

j:C:‘j”N‘i“j‘e‘i‘/\A?NN‘i‘/\A?Ne"f"\A?ee, (2~2)

with T and V being the kinetic and potential energy operators, respectively,
associated with the nuclei (V) and the electrons (e). In the context of
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Figure 2.2: An overview of several methods to determine the potential
energy surface (PES). The most accurate methods are those based on quan-
tum mechanics. However, these are very expensive, limiting the length
and time scales for which they can be employed. Classical force fields and
machine learning potentials?! allow to perform simulations on a larger length
and timescale. Coarse-grained models can describe even larger systems by
combining groups of atoms in beads.?'® Figure adapted from Ref. 23 with
permission of Elsevier (©2021).

molecular systems, only the Coulomb potential energy provides a significant
contribution to V since the forces are dominated by electromagnetic interac-
tions on the relevant length scales.

In the absence of external time-dependent fields, the Hamiltonian of Eq. 2.1
contains no time dependency and a separation of variables can be applied to
the Schrodinger equation. This results in the time-independent Schréodinger
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equation of Eq. 2.3, which formulates the task of finding the wavefunction
and its associated energy as a stationary eigenvalue problem:

H [Vn) = En [thn), (2.3)

In this expression, |1),,) are the stationary eigenstates with corresponding
eigenenergies E,. The total wavefunction |¥) can now be expressed as a
linear combination of the stationary eigenstates |1),,).

However, the outlined formalism is not of practical use for most systems
since it becomes increasingly difficult to determine the wavefunction of
molecular systems with a large number of electrons. Therefore, the Born-
Oppenheimer approximation is frequently adopted to solve the Schrodinger
equation for realistic materials.?'” This approximation consists of two parts.
Firstly, the clamped-nuclei approximation observes that the wavefunction
1)) can be separated in a nuclear part, [¢)"V), and an electronic part, |¢¢),
since electrons are more than three orders of magnitude lighter than nuclei
and therefore equilibrate on much shorter timescales. Neglecting the nuclear
motion results in the following electronic eigenvalue problem:

(e + Vo + Ve + Vec ) 105) = E5(R) o) 24)

with [¢¢) and ES(R) being the electronic wavefunction and correspond-
ing eigenenergy, respectively, given a specific fixed configuration of the
atomic nuclei, R. Repeatedly solving the electronic Schrodinger equation
for different atomic configurations, as illustrated in Fig. 2.3, results in high-
dimensional surfaces as a function of the nuclear coordinates, R, also known
as Born-Oppenheimer surfaces. Secondly, when the electronic energy levels
are well separated, the adiabatic approximation can be used, which assumes
that the system remains in the same electronic eigenstate upon a slight
change of the nuclear configuration. Within this approximation, the nuclear
wavefunction [¢)"V) can be determined by solving the remaining nuclear
Schrédinger equation:

(5 + B (R)) [9%,) = Bum [0 25)

This yields the energy levels associated with the vibrational and rotational
motion of the nuclei, indicated in Fig. 2.3 in blue and green, respectively.
Since these are mostly separated by a much smaller energy difference than
the electronic energy level, the adiabatic approximation is valid for the major-
ity of molecular systems. Furthermore, when the electronic energy levels are
well separated, only the Born-Oppenheimer surface of the electronic ground
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Figure 2.3: lllustration of the two lowest Born-Oppenheimer surfaces (red),
i.e., the electronic ground state (n = 0) and the first excited state (n = 1).
The vibrational (blue) and rotational (green) energy levels determined by the
nuclear Schrodinger equation (Eq. 2.5) are also visualized.
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state (n = 0) is of interest, which will be referred to as the potential energy
surface (PES). It describes the variations of the ground state energy as a
function of the nuclear coordinates, such that the different extrema of this
surface represent the relevant atomic configurations, ie., the (meta)stable
configurations and the transition states separating them. Due to the large
mass of the nuclei, these particles can be treated as classical particles,
eliminating the need to solve the nuclear Schrédinger equation of Eq. 2.5.
Therefore, calculating the PES from Eq. 2.4 is a key concept in molecular
modeling for which a broad range of methods exist.

The most accurate methods to solve the electronic Schrodinger equation
originate from quantum mechanics and can be roughly categorized into
two classes. Wavefunction-based methods, such as (post-)Hartree-Fock
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(HF),218-222 golve the electronic Schrédinger equation using an approximated
wavefunction. Since the wavefunction is 4n-dimensional, with n being the
number of electrons in the molecular system, this is a computationally
very expensive task, however. Therefore, electron-density based methods,
such as density functional theory (DFT),'" are centered around the cal-
culation of the electron density. Whereas the electron density, p(r), is
only three-dimensional, and thus requires less computational resources than
wavefunction-based methods, it nevertheless provides sufficient information
to derive all relevant system properties of the electronic groundstate.??3
Whereas HF is an approximate method with an exact solution, DFT can be
considered as an exact method with an approximate solution due to the
unknown exchange-correlation functional, i.e, a contribution to the total
energy. These exchange-correlation functionals are categorized into differ-
ent classes based on their underlying theoretical principles, such as local
density approximation (LDA), generalized gradient approximation (GGA),
meta-GGA, and hybrid functionals.??* Each class offers a trade-off between
computational efficiency and accuracy, with hybrid functionals, such as
B3LYP,2%7227 being widely used for their balanced performance in many
applications. Since the dynamic correlation of instantaneously interacting
dipoles is not correctly captured in these semilocal functionals, long range
dispersion is not present in DFT calculations. Therefore, dispersion correc-
tions are added to the energy, with the most commonly adopted being the
D3 scheme proposed by Grimme.??

While DFT increases the attainable system size and time scale in molecular
simulations compared to HF, they remain limited to a few nm and hundreds
of ps. Furthermore, these calculations require an enormous amount of
computational resources, even when considering a single material. Given
our aim to characterize thousands of COFs, for which the minimal system
size easily exceeds hundreds of atoms, current high-performance computing
(HPC) infrastructures are not sufficient to reach this goal. To reduce the
computational cost even more, the explicit electronic degrees of freedom can
be neglected. In this approach, the PES is a priori postulated as an analytical
function, thereby introducing the concept of force fields as explained in
Section 2.1.2.

2.1.2 Force fields

Whereas knowledge of the electronic structure of a molecular system is in-
dispensable in some applications, such as the determination of the electronic
band gap of a material or the excited states of a molecule, it is not always a
prerequisite. Especially for the structural and adsorption properties targeted
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in this thesis, exact knowledge of the electronic behavior of the system is
not required and the PES can be approximated by an analytical expression
as a function of the nuclear coordinates, i.e., a force field. Since the energy
and the forces of a given configuration can be determined efficiently by
evaluating a simple mathematical expression, rather than calculating the
wavefunction or the electron density explicitly as in quantum mechanical
methods, an enormous speed-up is obtained. Therefore, force fields are
typically adopted in simulations of large systems and to study their behavior
over long time periods. Also in high-throughput screenings, where a large
number of materials are characterized, force fields are the favored method to
describe the PES due to the limited cost to characterize a single material. In
Section 2.1.2.1, the analytical expression of the force fields used in this thesis
is introduced. This expression contains a number of unknown force field
parameters that should be fitted according to the parametrization procedures
outlined in Section 2.1.2.1I. To limit the computational cost of directly deriving
periodic force fields, we have employed a cluster approach throughout this
thesis, which is introduced in Section 2.1.2.111.

I. Energy expression

Asillustrated in Eq. 2.6, a force field typically contains a number of physically
inspired energy contributions, which add up to the total energy expression.
We distinguish between covalent and non-covalent contributions. Whereas
the non-covalent contributions involve electrostatic and van der Waals inter-
actions that have a large spatial extent, the covalent contributions describe
interactions between atoms connected through chemical bonds. Within a
force field, these shorter-range bonds, which define the connectivity of the
molecular system, are fixed. The covalent part is composed of several con-
tributions corresponding to different kinds of atom patterns, such as bonds,
bends, and dihedral angles. The energy of each of these contributions is rep-
resented by an analytical expression as a function of the internal coordinates
of the involved atom patterns and a set of a priori unknown parameters such
as the equilibrium bond length and its force constant. Many flavors of force
fields exist, differing in the proposed analytical expressions and the procedure
to determine the force field parameters. Below, the various energy terms are
described, focusing on the expressions adopted in the QuickFF,?% 230 UFF,?!
and MM3%32 force fields, frequently used throughout this thesis.

Err = Ecov + Enon-cov
Ecovalent = Ebcnd + Ebend + Eout—of—plane + Eiorsion + Feross (2-6)
Enon-cov = Eei + Evgw
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Bond distance The interaction between two chemically bonded atoms is
most often described by a harmonic potential, which can be interpreted as
if the bonds are replaced by mechanical springs. The internal coordinates of
interest are the bond distances r; and the unknown force fields parameters
are the rest bond lengths 7 and the force constants K ;.

K .
El%l::szF/UFF Z "y — r0)2 (2.7)

Bending angle Similar to the bond terms, the QuickFF force fields used
in this work describe the bend terms as a harmonic potential in terms of the
angles 6;. However, in general, UFF uses a harmonic potential in terms of
the cosine of the angle. When the neighbors of the central atom in the bend
form a linear (n = 2), trigonal-planar (n = 3), square-planar (n = 4), or
octahedral (n = 4) configuration, a small Fourier expansion describes the
bend term. The unknown force field parameters are the rest angles ¢ and
the force constants K ;.

uic K@z
g =D~ (0: = 07)° (28)

i

bend — (2.9)

)

EUFF _ Z K; (1 — cos(nb;)) if specific symmetry
5t (cosb; — cosf)? otherwise

Out-of-plane distance An out-of-plane pattern is formed by an atom with
exactly three neighbors. The central atom can either lay in the plane formed
by the three other atoms, as is the case in conjugated m-systems, or show
nonplanarity, as in the case of sp3-hybridization of amines. UFF describes
each pattern in terms of three out-of-plane angles x; between the plane and
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the respective bonds. To eliminate this degeneracy in out-of-plane angles,
QuickFF expresses the energy in terms of the unique out-of-plane distance
d;. The unknown force field parameters are the force constants Kop; and,
for the QuickFF force field, the rest out-of-plane distances d..

. K. .
QuickFF - 00p,% 0\ 2
Eoul’;-((:)f-place - Z 9 (d’L - dz) (2.10)
i
UFF Koop,i
Eout—of—plane = Z T (1 — COS Xz') (2.1 1)

Dihedral angle The effects of conjugation and steric hindrance on the
dihedral angle ¢; are captured by a Fourier series of the cosine of the dihedral
angle in Eq. 2.12, in which the multiplicity M, the amplitude Ay ;, and the
rest value ¢! of the torsional barrier are the unknown force field parameters.
However, since QuickFF only requires information about the optimal geom-
etry, the full rotational behavior of the barrier is not known. Therefore, the
torsion term is replaced by a sixth order polynomial in Eq. 2.13 in the case
when the force field optimized geometry differs to much from the optimized
ab initio configuration, as demonstrated in Fig. 2.4. To fit the unknown
force field parameters ¢;, additional quantum mechanical reference data is
generated by performing a rotational scan around the respective dihedral
angles. Such additional torsion terms are derived for TA DBC-COF in Paper
I, the COFs in Paper Il and Paper IV, and the triazine-linked COFs in Paper
1.

uic A K
Ergeson = D =5 (1 = cos(Mi(¢i — &) 212)

7

6
lynomial ;
Efpdon =D cjeos’ (1) (2.13)
—

7
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Figure 2.4: Demonstration of the increased accuracy a sixth order polyno-
mial can achieve for an imine-terminated SBU. The initial force field (blue)
poorly reproduces both the energy barrier and the location of the minimum of
the ab initio rotational scan (red). After fitting a new dihedral term, the new
force field (yellow) has an almost perfect agreement with the scan. Figure
adapted from Ref. 233 with permission of Springer Nature.

Cross terms The covalent contributions discussed so far only depend on a
single internal coordinate. Cross terms as a function of two or more internal
coordinates can be included to improve the accuracy. The QuickFF force
fields adopted in this thesis contain bond-bond and bond-bend cross terms,
which describe the coupling between a bend (6;) and the two neighboring
bonds (r; and 7;) and between the bonds themselves. The unknown force
field parameters are the force constants K, K;, and K, and the rest values
0?, r?, and 7’2. UFF does not include cross terms.

B = " Kij(0: — 09)(rj — ) + Kk (05 — 07) (r — 7))

+ Kj(ry —r)(re = rR)  (2.14)

Electrostatic contribution The electrostatic contribution represents the
Coulomb interaction between the charged particles of the molecular system,
i.e., the positively charged nuclei and the negatively charged electrons. Since
the electrons are not explicitly included in a force field description, both
the nuclear charge and the charge distribution localized to a specific atom
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are condensed in an atomic partial charge, which forms the unknown force
field parameter for this contribution. However, because this is no quantum
mechanical observable, many charge partitioning schemes have been devel-
oped in literature to distribute the electron density over the different nuclei.
Throughout this thesis, the partial charges are determined with the Mini-
mal Basis Iterative Stockholder (MBIS) scheme,®* which are subsequently
decomposed in bond charge increments p;; assigned to the bonds of the
molecular system.?>> Once the atomic partial charges ¢; are derived, the
pairwise Coulomb interactions between two atoms separated by a distance
ri; can be calculated, where Gaussian smearing is adopted to obtain a more
accurate description of the charge distribution. The parameter d;; in Eq. 2.15

is defined as | /d? + d?, with d; the width of the Gaussian charge distribution
of atom ¢.

Coulomb __ 4.4, Tij . L ..
Egotomt = - e <dj> with — gi= > py (219

T heighbors j

Van der Waals contribution The van der Waals interaction between two
atoms separated by a distance 7;; contains two effects originating from
quantum mechanics, i.e., dispersion and Pauli repulsion. Dispersion is the
attractive interaction between atoms due to the temporary fluctuations of
the electron clouds and is typically described by a —r~% expression.?*® Pauli
repulsion originates from the Pauli exclusion principle that repels electrons
occupying identical states. In the Buckingham potential proposed by MM3,
Pauli repulsion is included by an exponential function, justified by the ex-
ponential scaling of the overlap between molecular orbitals in terms of the
internuclear distance. However, the well-known Lennard-Jones potential,
employed by UFF, prefers the computationally cheaper 7~!2 functional form.
In these force fields, the unknown parameters ¢;; and o0;; are determined
by mixing rules from the atomic parameters ¢;, €;, 0;, and o, which are
tabulated for the selected force field. Whereas MM3 follows the Lorentz-
Berthelot mixing rules?”- 2 (g;; = VEiE), 0ij = Ui;‘” ), the UFF parameters
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can be derived by the Jorgensen mixing rules?*’ (€ij = \J[Ei€j, Oij = \[/Ti0;).

.. .. 6
EMME =3y (1.84 % 10% exp (—122’{) —2.25 (U”> ) (2.16)
)

T
i#j "
oo\ 12 PN
EFF i ij
Eogw = 24523 <T1> - (ﬁ) (2.17)
i#] J
d- 6t iy 5t

Il. Parametrization of force fields

All force field contributions described above are defined as analytical expres-
sions as a function of the internal coordinates of the molecular system. They
all contain a priori unknown parameters such as the force constants and rest
values. These unknown parameters are determined by a fitting procedure
in which the force field is tuned to reproduce training data as accurately
as possible. Two types of reference training data can be recognized: data
resulting from high-resolution experiments and ab initio data, obtained from
quantum mechanical calculations. Whereas empirical force fields, trained
fully on experimental data, are able to reproduce experimental results more
accurately, they are only valid in a limited temperature and pressure range
around the experimental conditions. Furthermore, they are only available
for well-characterized molecules and materials. Since this condition is not
present for quantum mechanical calculations, which can in principle be
performed for any possible molecular system, ab initio force fields can be
derived for hypothetical compounds to boost the discovery of new useful
materials.

Besides the type of training data used to determine the unknown parame-
ters, a force field can also be classified based on the range of applicability.
Typically, there is a trade-off between the transferability and accuracy of a
force field. Firstly, generic force fields, such as DREIDING?*® and UFF,? are
developed to describe a very large set of molecular systems at the expense
of having a limited accuracy. Due to their full transferability, they are
frequently adopted in high-throughput screenings. Secondly, class-specific
force fields can only describe a particular class of molecules or materials.
For example, the MM3 force field is developed to model the interactions
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in aliphatic hydrocarbons.?®? Lastly, there are system-specific force fields
that are especially developed to describe a single molecular system with
high accuracy. Whereas these were initially derived with ad hoc procedures,
generally applicable methodologies, such as MOF-FF?*! and QuickFF,?? 230
have been developed to derive system-specific force fields for each imagin-
able molecular system consistently. These protocols typically parametrize
the force field based on quantum mechanical reference data, which comes
with an additional computational cost.

Throughout this thesis, system-specific force fields that are trained to quan-
tum mechanical reference data are derived for a large set of materials. All
ab initio training data are generated with DFT using the B3LYP functional
with Grimme D3 dispersion correction.?>7228 This functional has proven to
accurately reproduce molecular geometries. As mentioned before, the partial
charges that determine the electrostatic interactions are obtained from the
electron density with the MBIS scheme.?? The covalent contributions are
derived using the QuickFF protocol, which requires an ab initio optimized
geometry and its Hessian matrix as training data.??* 23° The Hessian matrix
contains the second-order derivatives of the energy towards the nuclear
coordinates and provides information on the local curvature of the PES.
In the first two steps of the protocol, perturbation trajectories around the
equilibrium are generated that minimize the correlation among the internal
coordinates. The force field parameters are fitted in the last step as such that
the ab initio Hessian matrix is accurately reproduced.

Ill.  From cluster force fields to periodic force fields

For materials that can to a large extent be modelled by a periodically repeat-
ing unit cell, such as COFs, the ab initio training data are ideally generated
with periodic structures. However, as mentioned before, COF unit cells can
be very large and contain many atoms, which results in a large computational
cost to obtain the training data for a single material. To reduce this cost and
allow for a feasible calculation time, the modular nature of COFs is exploited
in Paper I, Paper Il, Paper Ill, and Paper 1V to partition a COF in SBUs and
associated clusters. For each of these clusters, a force field is derived, which
is computationally more efficient than directly calculating a periodic force
field due to the limited size of the building blocks. Subsequently, a periodic
force field to describe the whole material is derived by combining the cluster
force fields of the underlying building blocks. 88> 229, 230, 241-248

The workflow to derive periodic force fields is illustrated in Fig. 2.5. The
unknown parameters pP¢" of the periodic force field terms can be obtained as

a weighted average over the associated parameters p<'t of the cluster force

)
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fields associated with each SBU 1 in the periodic material:
PP = Z apUst, (2.18)
i

In this expression, the scaling factors «; are determined in accordance with
the distribution of the periodic force field term’s atoms over the SBUs. There-
fore, force field terms corresponding to atom patterns fully contained within
asingle SBU - say, SBU ¢ - are directly translated to a periodic term, since the
scaling factor of the other SBU disappears (a; = 0, Vj # ). In Fig. 2.5, the
force field parameters of an overlap term are derived from the cluster force
fields of its underlying building blocks (termed SBUs 11-01-01 and 06-08-01)
as an example. The C-B-O angle, highlighted in the figure, contains one atom
in the core of the 11-01-01 SBU and one in the 06-08-01 core. Therefore, the
corresponding scaling factors are a1 = 1/3 and ag = 2/3, respectively. The
resulting periodic force field parameters are summarized in Table 2.1.

To derive a cluster force field that accurately describes an SBU in a periodic
material, its environment has to be mimicked as good as possible by selecting
a suitable termination for the linkage section. A larger termination mimics
the environment of the building block in more detail, but is applicable to a
more limited number of materials since the termination has to represent the
material correctly. However, most COFs are composed of finite, 0D building
blocks and, therefore, a natural termination can be proposed. In Paper Il the
effect of the termination was benchmarked for a set of typical COF building
blocks.

Within the context of high-throughput screenings, the largest advantage of
the cluster model is that only a limited number of ab initio calculations are
needed to derive a force field for a large number of materials, given that they
are composed of a small number of SBUs. This combinatorial power has
been demonstrated in Paper Ill, where a periodic force field is determined

‘ 09 [°] Ky [k)/mol/rad?] Rescaling factor o; []

Cluster force field 06-08-01 | 124.76 395.12 2/3
_ Cluster force field 11-01-01 | 12473 ne. oo
Periodic force field 124.75 387.29 1

Table 2.1: lllustration of the derivation of an angle term that spans two SBUs
in the periodic force field, as illustrated in Fig. 2.5. The parameters 6y and Ky
are derived from the ones of the cluster force fields of the consitituent SBUs
(06-08-01 and 11-01-01) using a weighted average with weights «;. Table
reproduced (adapted) from Ref. 88 with permission of the Royal Chemical
Society.
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Figure 2.5: An illustration of the derivation of the force field for a periodic
structure. The periodic structure is built up from SBUs 11-01-01 and 06-08-01,
for which a cluster force field is derived with QuickFF. The termination of the
clusters are semi-transparent. The parameters of the periodic structure are
obtained as a weighted average of the parameters of the cluster force fields
for its constituent SBUs. For the overlap angle term considered here: a; =
1/3 for SBU 11-01-01 and ap = 2/3 for SBU 06-08-01. Figure reproduced from
Ref. 88 with permission of the Royal Chemical Society

\SBU 11-01-01 J K

for 268 687 COFs. Directly deriving the periodic force fields would require
the daunting task to perform a periodic ab initio calculation for each of these
materials. However, by using the cluster approach, they can be obtained from
only 279 cluster ab initio calculations, i.e., one for every SBUs that is used to
generate the materials in the database. Furthermore, in Paper I, five series
of COFs are investigated that share the same building blocks, but differ in
the adopted topology. Since the cluster force fields are independent of the
topology, each of the materials in the respective families can be described
with the same force field.
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Molecular dynamics Monte Carlo

o\

Figure 2.6: Overview of the techniques to sample the potential energy
surface adopted in this work. Top: two static methods investigating a set
of discrete points. Bottom: two dynamics approaches that include the effects
of entropy and thermal fluctuations.

2.2 Sampling of the potential energy surface

Selecting an appropriate level of theory to describe the PES of a molecular
system is only the first job of a molecular modeler. However, knowledge of
the full PES is often not accessible, because this is a function of the nuclear
positions and, for periodic systems, the cell matrix. Brute-force screening
of all configurations is simply impossible since this multidimensional space
is enormous. Therefore, clever techniques should be adopted to sample the
relevant regions of the configuration space. Furthermore, additional factors
beyond the PES, such as entropy and temperature or pressure effects, can
significantly influence the macroscopic properties and should be accounted
for via dedicated sampling techniques. The various techniques that are
relevant to this thesis are illustrated in Fig. 2.6 and outlined in the subsections
below.

2.2.1 Static exploration of the PES

Static calculations are the most basic type of PES characterization, since they
only involve the evaluation of a limited set of well-separated points. The most
interesting geometry configurations of a system to consider are its (local)
minima, corresponding to its (meta)stable structures at 0 K, which can be
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identified with geometry optimizations. Subsequently, their local environ-
ment can be described with vibrational analysis to approximate entropic and
thermal effects.

I. Geometry optimization

The goal of a geometry optimization is to find a local minimum of the
PES, which is defined by the absence of forces acting on the nuclei and
the condition that small deviations of this configuration should result in
a restoring force. The latter ensures that the system represents a local
minimum and not a saddle point, i.e,, a point that is only in some directions
a minimum of the PES, but a maximum in others. A geometry relaxation
starts from an initial structure and iteratively updates the degrees of freedom,
i.e., the atomic positions and optionally the cell matrix, by moving them
in a direction that minimizes the energy. Popular optimization algorithms
include the steepest descent,®® conjugate gradient,”® and quasi-Newton
Broyden-Fletcher-Goldfarb-Shanno (BFGS)*'"2>* methods. Throughout this
thesis, the conjugate gradient method is adopted.

Il. Vibrational analysis

In a regular geometry optimization, the system may relax towards a saddle
point, where the forces are indeed absent, but which is not a minimum
of the PES. To check whether the configuration resulting from a geometry
optimization is actually a minimum, a normal mode analysis is usually per-
formed. In such calculation, the Hessian matrix of the system, in Section 2.1.2
introduced as the second-order derivatives of the energy towards the atomic
positions, is computed. This matrix describes the local curvature of the PES
as a set of independent harmonic oscillators, which normal frequencies are
the square roots of the Hessian’s eigenvalues. For the system to effectively
be in a local minimum, all frequencies should be positive or zero. Within this
harmonic approximation, the normal frequencies can be used to estimate
the effects of temperature and entropy. The interpretation of the local
environment of a minimum as harmonic oscillators is at the origin of the
QuickFF procedure. In this protocol, the oscillators are adopted to derive
the force constants of the harmonic force field terms. The biggest limitation
of this harmonic approach, and therefore also of the QuickFF force fields,
is that it is only valid for small deviations from the equilibrium structure.
Vibrational frequency calculations with DFT accuracy are performed in this
thesis to determine the Hessian from which force fields are derived. Also
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for the validation of these force fields, a vibrational analysis is performed, to
reproduce the normal frequencies and compare with their ab initio reference.

2.2.2 Dynamic exploration of the PES

Geometry optimizations and vibrational analysis investigate only the local
behavior of a single configuration on the PES. However, at elevated temper-
atures, a system does not remain at this configuration due to thermal fluc-
tuations, but visits many different ones. In essence, a macroscopic property
A is defined as the average over phase space:

A= (A) = /A(s)p(s)ds, (2.19)

where s represents all atom positions and momenta compatible with a
specific configuration, A(s) is the property given that configuration, and
p(s) is the probability to encounter that configuration, which depends on
the macroscopic conditions. However, since phase space is so enormous, a
direct evaluation of this integral is not feasible. Therefore, different methods
generate a collection of configurations, i.e., an ensemble, that represents the
relevant regions of phase space, given external conditions such as tempera-
ture, pressure, or chemical potential. Once such an ensemble is obtained, the
macroscopic property A can be determined as:

A=(A) =) A(s) (2.20)

Compared to Eq. 2.19, the integral is replaced by a discrete sum over the
configurations s of the ensemble, which should be sampled according to
the probability p(s). Different methods to generate such an ensemble exist,
which can be roughly divided into molecular dynamics (MD) and Monte
Carlo (MC) simulations.

I. Molecular dynamics

In an MD simulation, the (classical) propagation through time of the nuclei
is traced using Newton’s equations of motion:2>°

d’R;

with m; and R; being the mass and position of atom ¢, F; the force acting
on it, and E representing the PES, i.e., the lowest-energy Born-Oppenheimer



Molecular modeling tools 39

surface. These equations are most often discretized through the Verlet inte-
gration scheme.?® In this procedure, the positions and momenta of all atoms
are updated iteratively every timestep. According to the Nyquist-Shannon
sampling theorem, this timestep should be chosen such that the mode with
the highest frequency fs of the system can be completely reproduced, i.e.,
At < 1/(2f5).®7 In a typical COF, the highest frequencies are the vibrations
of the covalent bonds involving a hydrogen atom. For safety, a timestep of
0.5 fs is adopted throughout this thesis, which is a factor 10 smaller than the
maximally allowed timestep according to the Nyquist-Shannon theorem.

The configurations sampled from the resulting MD trajectory form a rep-
resentative ensemble, as dictated by the ergodic principle of statistical
physics.?% 29 Therefore, the macroscopic properties of the system can be de-
rived as a time average over the trajectory. When directly applying Newton’s
equations as in Eq. 2.21, the total energy of the system is conserved since
only conservative forces are present in our systems. Therefore, the micro-
canonical (N, V, F) ensemble is sampled, conserving the number of particles,
the total volume, and the total energy. To mimic realistic conditions, i.e.,
elevated temperature and pressure, Newton’s equations can be coupled with
a thermostat or a barostat, respectively. When a thermostat is applied, which
mimics the exchange of heat with an external heat bath at constant temper-
ature, the canonical (N, V,T) ensemble is sampled.?®® Additionally adding
a barostat, which drives fluctuations of the unit cell through an externally
exerted pressure, results in the sampling of the isobaric-isothermal (N, P,T)
ensemble.?®" 2°2 Within this thesis, MD simulations are frequently used to
describe the dynamic behavior of COFs, which is especially important to
correctly capture the inherent temporal character of powder X-ray diffraction
(PXRD) patterns, as demonstrated in Paper I. The experimental conditions
are controlled by a Nosé-Hoover thermostat?*372®> and a Martyna-Tobias-
Tuckerman-Klein barostat.?%% 267

II. Monte Carlo

Many solid-state systems are characterized by multiple (meta)stable basins
in phase space, separated by an energy barrier. Sometimes, a molecular
system requires a very long time to cross this energy barrier, requiring
extensively long MD simulations to be performed. Although enhanced MD
techniques exist to reach these regions, a more efficient approach is provided
by the Monte Carlo (MC) method.?®® This technique takes advantage of the
fact that the probability p(s) in Eq. 2.19 is negligible small in large parts of the
phase space. In MC simulations for solid-state systems, importance sampling
is often adopted to only visit the relevant regions of phase space.?®® In each
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step of an MC simulation, a new configuration is proposed by a trial move,
which is accepted or rejected based on the energy of the new configuration
compared to the previous one. With the selected configuration, either the
new or the old one, the integral in Eq. 2.19 can be updated.

Grand canonical Monte Carlo A particular advantage of the Monte
Carlo approach is that a trial move can also involve insertion or deletion of
a molecule in the framework. In this case, besides the temperature and the
total volume, also the chemical potential  can be controlled. The chemical
potential represents the energy required to add or remove a particle from a
system and is related to the pressure of an external gas reservoir through
an equation of state. As such, the grand canonical (i, V,T) ensemble is
sampled. Hence this type of calculations are called grand canonical Monte
Carlo (GCMC) simulations. When the external gas reservoir only contains a
single species, the adsorption capacity of that molecule inside the material
can be calculated. Furthermore, the isosteric heat of adsorption, Qs, i.e., the
enthalpy change when adsorbing a molecule, can be derived as:

(EN) — (E) {N)

Qs = —q+ RT with q= (N?) — (N)?

, (2.22)

with g being the average energy of adsorption which can be computed from
N the number of adsorbates and E their energy at the sampled configu-
ration. The term RT, which is the product of the gas constant R and the
temperature 7', is due to the work required to push the gas out of the material
when desorbing. Including multiple species allows one to determine the
selectivity of a material towards one of the gas components. Throughout this
thesis, GCMC calculations are adopted to check the COF performance limits
for vehicular methane storage in Paper IlI and to identify high-performing
COFs for carbon capture in Paper V.

Within this chapter, the required tools and concepts for a molecular modeling
exercise are introduced. Starting from the Schrodinger equation and the
Born-Oppenheimer approximation, the potential energy surface (PES) of a
material was introduced. Whereas quantum mechanical methods are most
accurate to determine this PES, they are computationally too expensive for
high-throughput screenings. Therefore, we introduced system-specific force
fields as an efficient, yet reliable, description of the interatomic interactions.
With this method to characterize the PES, the relevant regions of phase space
can be explored using several sampling techniques. These allow us to derive
the macroscopic properties of a material.



In silico design of covalent organic
frameworks

Before being able to initiate any of the molecular modeling techniques
outlined in Chapter 2, the structure of a material has to be defined. For
molecules, this boils down to specifying the chemical element and position
of each atom. For periodic materials, also a unit cell that defines the pe-
riodic boundary conditions has to be determined. Such structures can be
extracted from experimental techniques, such as single-crystal or powder X-
ray diffraction,?’%"273 or they can be created manually with software such as
Avogadro,?’* Zeobuilder,””> or Molden.?’® 2’7 However, to generate a large set
of hypothetical materials, automated computational procedures have to be
developed and implemented, which is the goal of this chapter. In general,
there are two approaches for such automated assembly algorithms. Firstly,
non-optimal structures can be generated very rapidly with cheap procedures.
Many such algorithms, which are mostly based solely on geometric criteria,
are implemented in software packages such as ToBaCCo,"' TOBASCCO,™°
Zeo++,"" and AuToGraFS."® Since a new structure can be created very
quickly, these procedures are mostly adopted to generate a huge set of struc-
tures for high-throughput screenings.’>! Examples of such extended material
sets are the hMOF database of Wilmer et al.,, containing 137 953 MOFs,'*
the ToBaCCo generated material set of 13 512 MOFs,”! and the database
of Mercado et al. of 69 840 COFs, created with Zeo++.">* However, since no
energy criteria are included in these procedures, the resulting structures can
be suboptimal and the energy barrier between the created structure and the

41
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global minimum can be too high to cross during molecular dynamics sim-
ulations, even at elevated temperatures.'”® Therefore, a second approach to
generate new materials tries to find optimal geometry configurations close to
the global minimum. In contrast to the first approach, this is computationally
more demanding as multiple configurations have to be tested. Therefore,
this approach is less attractive for high-throughput screenings. Weaver is
an example of a software package belonging to this class of approaches.
It tries to find an optimal configuration with a genetic algorithm.' As a
compromise between these two approaches, we have developed and imple-
mented in Paper Ill an additive top-down algorithm based on both geometric
and energetic criteria that is able to find a good material configuration very
quickly. The methodology of our automated in silico structure assembly
algorithm is outlined in Section 3.1, whereas its implementation in Python is
discussed in Section 3.2. We conclude this chapter with Section 3.3, in which
we demonstrate the applicability of our algorithm with three case studies,
described in Paper I, Paper Il, and Paper IV.

3.1 Automated structure assembly

Our procedure to generate new COFs follows an additive top-down approach,
starting from the topology of the material and a set of secondary building
units (SBUs) for COFs, as introduced in Section 1.2. In a four-step process,
the building blocks are decorated on the nodes of the topological embedding,
i.e., its vertices and edges, to form a periodic material. During the assembly
process, three descriptors are derived that check whether the structure is
physical. These descriptors will be adopted in Chapter 4 to discard unphysi-
cal COFs from the database. In what follows, we will delve deeper into each
of the four steps of the assembly algorithm.

Step 0 As exemplified in Fig. 3.1, a topology and a set of SBUs are selected
in the initiation step to form a so-called (topology, SBUs) combination. The
topologies and their embedding in Euclidean space that are employed in this
thesis are extracted from the RCSR>® using a self-implemented web scraping
script. The set of SBUs should contain a building block for each Wyckoff
set of the topology, i.e., each set of equivalent nodes. Optionally, an edge
Wyckoff set can also remain vacant, to accommodate for materials without
linker.

Step 1 The unit cell vectors of the embeddings provided in the RCSR have
an arbitrary length unit (l.u.), which should be converted to a physical unit.
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STEP 0
Initialization of the topology and the secondary building units (SBUs)
example topology example SBUs,
pts uniquely assigned to the Wyckoff positions
Wyckoff vertex SBU, SBU, SBU3

(V11, V12)

Wyckoff vertex /l\ (no SBU)
(Va1, V22)

Wyckoff edge W3
(E11, Eqp, -2) placed on placed on placed on W3

Figure 3.1: Initialization step of our automated structure assembly protocol.
Both a topological embedding and a set of SBUs to decorate its nodes have
to be selected. Figure adapted from Ref. 88 with permission of the Royal
Chemical Society (©2023).

Furthermore, the embedding has to be rescaled to be able to accommodate
the SBUs that are intended to decorate it. Therefore, for each edge Wyckoff
set in the topology, a rescaling factor f; is computed to make the distance
between its neighboring vertices match the distance between the centers
of the SBUs decorating those vertices, as visualized in Fig. 3.2. Since we
require the unit cell to be rescaled isotropically, only a unique rescaling
factor is allowed, which is defined as the mean (f;) of the rescaling factors
of all edge Wyckoff sets. However, when these rescaling factors differ a
lot, the resulting SBUs will overlap at some locations while leaving gaps
between SBUs elsewhere. The standard deviation o of the rescaling factors
indicates whether the obtained rescaling factors are similar to one another
and therefore forms a first descriptor to check the structural viability of the
resulting material.

Step2 Aftertherescalingin the previous step, the topological embedding is
ready to be decorated with SBUs. During this process, the internal geometry
of the SBU remains fixed. The decoration is achieved in two moves per SBU,
i.e.,atranslation and a rotation. The translation vector is trivially determined
for every SBU as the difference between the node’s position and the SBU’s
center. However, it is not easy to find the optimal rotation matrix, since
there are multiple orientations of the SBU and it is not a priori known which
configuration is optimal. As illustrated in Fig. 3.3a, each configuration is
determined by assigning a point of extension of the SBU to each neighboring
node in the topology. Therefore, when there are N points of extension,
there will be N! different SBU configurations. These configurations may
correspond to distinct internal geometries, as can be observed in the two
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STEP 1
Isotropically rescale topology to fit neighboring SBUs

D¢

rescaling factor f

Figure 3.2: Rescaling step of our automated structure assembly protocol.
The topological embedding has to be rescaled such that it can properly
accommodate the SBUs that will be placed on its nodes. Figure adapted from
Ref. 88 with permission of the Royal Chemical Society (©2023).

configurations of the square SBU in Fig. 3.3b. Furthermore, when the point
symmetry of the SBU, i.e., including its internal geometry, is lower than the
point symmetry of its points of extension, information about its internal
geometry is lost upon abstracting the SBU to its points of extension.'® This is
illustrated in Fig. 3.3c, where two configurations of the tetrahedral SBU have
a different internal geometry despite the fact that their points of extension
coincide. To tackle this challenge, the most favorable SBU configurations
are retained in Step 2 and Step 3 of our automated assembly algorithm by
taking into account geometric and energetic criteria, respectively. Once a
configuration is selected, the rotation matrix can be derived with Kabsch
algorithm.?’®

A preliminary selection of viable SBU configurations is made based on a
geometric criterion that checks whether the points of extension align ap-
propriately with the neighboring nodes. This alignment is assessed through
the root-mean-square deviation (RMSD) between two sets of unit vectors:
(i) those originating from the node towards its neighboring nodes in the
topological embedding X, and (ii) those extending from the center of the
SBU to its points of extension x;.

N
X, — a2
RMSD — ZHN%’ (3.1)
=1

This RMSD, considered over all SBUs, is also the second descriptor to check
whether the resulting material is physical. Ideally, the vector sets coincide
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Figure 3.3: An illustration of different possible SBU configurations. a)
Nomenclature of an SBU configuration: the points of extension, indicated
with red lowercase letters, are oriented towards the neighboring nodes in
the topological embedding, indicated with green uppercase letters. b) Two
different configurations result in a completely different internal geometry,
which is discerned in Step 2 based on geometrical considerations: the left
configuration has a lower RMSD than the right one. c) In case the internal
geometry of an SBU has a lower symmetry than its points of extension, two
configurations with the same RMSD can have different internal geometries.
The most favorable configuration depends on the configurations of the neigh-
boring SBUs and will be assessed in Step 3.

after the Kabsch rotation. However, for some configurations, a geometric
mismatch between the topological nodes and the SBU remains after the
transformation, as can be observed in configuration 2 of SBU; and configu-
ration 3 of SBU; in Fig. 3.4. To prevent these suboptimal configurations from
being inserted in the embedding, only those configurations that minimize
the RMSD are chosen and advanced to the next step. This minimal RMSD
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Figure 3.4: Decoration steps of our automated structure assembly protocol.
In Step 2 and Step 3, the most probably SBU configuration is selected based
on geometric and energetic criteria, respectively. Figure adapted from Ref. 88
with permission of the Royal Chemical Society (©2023).
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is allowed to be non-zero since building blocks, especially those of COFs,
can have a high degree of flexibility that can accommodate the introduced
mismatch.

Step 3 Because the abstraction of an SBU by its points of extension does
not fully represent its three-dimensional structure, two configurations with
a different internal geometry can have the same RMSD. These different
geometries will also result in a difference in the linkages formed with other
SBUs, and thus have an influence on which configuration is favorable. This
is illustrated in Fig. 3.3c. In Step 3, the configuration in which the topological
constraints have the least influence on the neighboring SBUs is selected
based on an energetic criterion. This criterion is based on the deformation
energy Fgef, which describes the energy penalty for inserting SBUs in a
suboptimal topological embedding. It checks whether an SBU if sufficiently
flexible to accommodate the mismatches introduced due to the topological
constraints. High deformation energies indicate too rigid SBUs and result
in highly contorted structures with low synthetic likelihood.?”® Formally, we
define the deformation energy in Eq. 3.2 as the energy difference between the
periodic structure (“per”) and the sum of the energies of the isolated clusters
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(“clust”) of its SBUs:

per, intra per, inter per, intra
Ecov + Ecov + Enon-cov

Eger = N

clust, intra clust, inter clust, intra
. Ecov + Ecov + Enon—cov (3 2)
N ' '

In this expression, the subscripts indicate whether the type of interactions
is covalent (“cov”) or non-covalent (“non-cov”) and the superscripts indicate
if the interactions are calculated within (“intra”) or between (“inter”) SBUs.
The deformation energy is normalized with the number of linkages between
SBUs, N. Whereas the covalent interactions between SBUs can still be
described in the cluster model (ECUstinter) by the overlap terms between
the linker core and the termination in the appropriate cluster, the long-
range non-covalent interactions are not present in the cluster force fields.
Since only interactions that are present in both the isolated clusters and the
periodic material are adopted in the definition of the deformation energy,
the non-covalent interaction between SBUs in the periodic material is not
included in Eq. 3.2.

The deformation energy as defined in Eq. 3.2 also depends on the configu-
rations of the neighboring SBUs. Therefore, it should be calculated for all
possible material configurations, i.e., the product of all SBU configurations.
Since the number of material configurations increases exponentially with
the total number of nodes in the topology, it is often unfeasible to perform
a brute-force iteration over all material configurations. To overcome this
challenge, we implemented an additive top-down approach, in which the
nodes of the topological embedding are decorated with an SBU one-by-
one. In each iteration, we determine the most favored SBU configuration
of the selected node, i.e., the one that minimizes both the RMSD and the
deformation energy of the linkages with the previously inserted SBUs. By
using a breadth-first iteration across the topological graph, all nodes at a
specific distance from the starting vertex are decorated before progressing
to the next layer. By calculating E4ef only once for each SBU configuration,
rather than for every material configuration, the computational complexity
of the structure assembly process is lowered from exponential to linear in
terms of the number of nodes.

Step 4 Once the topological embedding is completely decorated with
SBUs, an initial periodic structure is obtained. However, up to now, the
internal geometry of the SBUs remained rigid. This means that geometric
mismatches introduced by non-zero RMSDs in Step 2 are present. Therefore,
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the structure is relaxed to a local minimum in this step using its system-
specific periodic force field. After this full geometry optimization, the geo-
metric mismatch, which was localized around the linkages, is now released
and distributed over the full structure, which results in a decrease of the
deformation energy Eg4.r. However, some SBUs have a higher degree of
flexibility than others, and the mismatch can be too large to accommodate for
rigid SBUs. Therefore, the deformation energy Eyes of the optimized struc-
ture serves as a last descriptor to check whether the structure is physical.

3.2 Implementation in Python

Our automated in silico assembly algorithm has been implemented in Python
and is publicly available.”®® The code is built on top of the Yaff?®' and
MolMod?? packages, developed at the Center for Molecular Modeling, and
inherits a lot of their functionalities. The different core objects and their
functionalities are visualized in Fig. 3.5. After these are explained in detail in
Section 3.2.1, a short demonstration of the general workflow of the code to
generate COF-5 is given in Section 3.2.2.

3.2.1 Core objects

As explained in Step 0, our assembly procedure requires two input objects,
i.e., atopological embedding and a set of SBUs. A Topology object represents
the embedding in 3D Euclidian space with a unit cell and a collection of
Nodes. Each of these Nodes is defined by fractional coordinates and a set
of neighbors to which it is connected. An embedding can be loaded with
the from_file method from a topology file with the extension “top” (see
Example Input File 1 and below). Two other important methods are the
rescale function, which is adopted to rescale the topological embedding in
Step 1 of our assembly algorithm, and the create_graph function, which
converts the topology to a MolMod Graph object that can be traversed in
a breadth first iteration.

In Example Input File 1, the input topology file for the hcb topological
embedding is provided. On the first line, the name of the topology and the
number of vertices and edges is specified. The unit cell of the embedding
can be constructed from the cell parameters provided on the third line.
Subsequently, all vertices and their connections are enumerated. Besides
the coordination and the fractional coordinates of each vertex, it has also
been given a name from which the alphabetic prefix determines the Wyckoff
set it belongs to. In the example of hcb in Example Input File 1, there are
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SBU Topology INPUT
ATTRIBUTES ATTRIBUTES
> molecular system ('sys') > unit_cell
> center > Nodes
> points of extension ('poes') frac_pos
> parameters neighbors
GeometryConstructor
METHODS METHODS ATTRIBUTES >
> |oad() > from_file() > topology 77
> load_parameters() > rescale() > SBUs wn
> translate() > create_graph() > geometry Fa
> orient() > physical metrics g
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METHODS o)
> _rescale() O
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> atomic features test_configuration()
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atom_bonds
METHODS METHODS
> from_file() >add_sbu()
>add_combination() > remove_sbu()
> to_file() > get_deformation_energy()

> to_file()

Figure 3.5: An overview of the core objects of the Python implementation of
our automated in silico assembly algorithm. Starting from a Topology and a
set of SBUs, a periodic Geometry is generated. Both the cluster and periodic
force field parameters are provided by ParametersCombination objects. All
required machinery is implemented in the GeometryConstructor class.

Example Input File 1 An example of the topology file “hcb.top” to initialize
a Topology object representing the hcb topological embedding.

hcb 2 3
# a b c
1.7321 1.7321 10.0
#V cn frac_x
Al 3 0.3333
A2 3 0.6667
# E N1 N2
_A1 A10-0 A2
_A2 Al A2-00
_A3 Al A2

alpha beta gamma
90.0 90.0 120.0
frac_y frac_z

0.6667 0.0

0.3333 0.0
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Example Input File 2 An example of an SBU file for HHTP (“18-08-01.sbu”)
required to determine the positions of the center and points of extension of
a building block.

Catechol_BoronateEster
-0.00000789 -0.00004248 -0.00000411

3

B_C02_18-08-01 -5.82462791 -3.00084840 -0.00000120
B_C02_18-08-01 0.31346535 6.54462950 -0.00000115
B_C02_18-08-01 5.51115769 -3.54379016 -0.00000114

two vertices belonging to the same Wyckoff set “A”. The edge Wyckoff sets
are preceded by a “_” to discriminate them from vertices. For each edge,
the two vertices it connects are specified. Because the directionality of the
edge is not a priori known, and the minimal image convention does not apply
for topological embeddings, the periodic image needed for each neighbor is
specified by a three-character string. For example, the vertex “A2-00” is the
periodic image of vertex “A2” in the unit cell neighboring the central one
along the negative z-axis. With the information from this topology file, a
complete embedding in Euclidean space of a topology can be initialized.

Each node of the topological embedding is decorated with an SBU. Besides
the atomic structure of this building block, also the positions of its center
and points of extension are provided, and, optionally, the cluster force field
parameters can be provided in a Yaff Parameters object. An SBU can be
conveniently initialized with the load method from two separate files: a
regular MolMod checkpoint file with the extension “.chk”, representing the
atomic structure of the building block, and an SBU file with the extension
“sbu”, containing the positions of the center and points of extension. In
Example Input File 2, such an SBU file is visualized for the SBU “18-08-01"
(HHTP). Whereas the first line is a comment line, which here indicates the
boronate ester linkage section originating from a catechol functional group,
the second line defines the position of the center of the SBU (in A). The
third line indicates the number of points of extension of the SBU, i.e, its
connectivity, which are enumerated in the following lines. Each of these lines
provides the position of a point of extension and the force field atom type of
the atom it is connected to. As such, when connecting two SBUs, the atoms
involved in their bond can be easily identified from the points of extension
of the respective SBUs.

»

The force field parameters of an SBU or periodic material are stored in
a ParametersCombination object. This is inherited from a Yaff Parameters
object, with the added functionality that multiple ParametersCombination
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objects can be combined, according to the cluster approach explained in
Section 2.1.2. As such, the overlap terms between different SBUs can be easily
calculated to determine the periodic force field of the resulting material.

The main result of our procedure is the periodic geometry of the material,
which is constructed as a Geometry object. Important attributes of this object
are the periodic force field parameters and the attributes to generate a Yaff
System object, such as the unit cell and the positions, chemical identity, and
force field atom types of the atoms and the bonds between them. During
the assembly procedure, different SBU configurations are tested with the
add_sbu and remove_sbu methods. The deformation energy of a linkage
can be derived using the get_deformation_energy function. Finally, with the
to_file method, the resulting material can be written to a MolMod checkpoint
file.

All machinery required for the automated assembly algorithm is imple-
mented in the GeometryConstructor class. Attributes for this object are the
Topology, a list of the SBUs that decorate it, and a Geometry in which SBU
configurations can be tested or added when finally selected. Without a
doubt, the most important function in this class is the assemble method,
visualized in Code 1. In this routine, the topological graph is generated and
its nodes are traversed in a breadth first iteration.

After the SBU that is assigned to a node is identified, it is decorated according
to geometric and energetic criteria in Step 2 and Step 3 of the structure as-
sembly process, respectively. The N! initial SBU configurations are reduced
with the RMSD and Eges metrics in the reduce_configurations_geometric
and reduce_configurations_energetic methods, respectively. Finally, the SBU
is added to the Geometry in the most favorable configuration by the
test_configuration function with the test flag put to False.

3.2.2 Workflow

With the implemented classes, new materials can be generated elegantly. An
example of the structure generation of COF-5 is provided in Code 2. After
the required SBU, Topology, and GeometryConstructor classes are imported,
the hcb topological embedding and HHTP and BDBA SBUs are initialized.
Whereas the embedding is directly read from the “hcb.top” file, the SBUs
are determined from checkpoint and SBU files with the load function. This
method takes as argument the name and the termination of the SBU (see
Section 4.1.1 for the SBU terminology). The cluster force field parameters of
each SBU are read in and converted to a ParametersCombination object by the
load_parameters method. Once these input objects are configured correctly,
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Code 1 Snippet of the assemble function in our Python implementation of
our automated in silico assembly algorithm. Since this method implements
the decoration of SBUs on the topological embedding, it is the most impor-
tant one of the code.
class GeometryConstructor():
def assemble(self):

# Initialize the topology graph to iterate through

graph = self.topology.create_graph()

for index, dist in graph.iter_breadth_first():

# Get the Node of the Topology that has to be decorated
node_name = graph.node_names[index]
node = self.topology.get_node(node_name)

# Find the SBU that has to be decorated on the Node
sbu = self.sbus.get(node_name)
if sbu is None: continue

# Decorate the SBU on the Node
self.reduce_configurations_geometric(node)
self.reduce_configurations_energetic(node)

config = self.get_final_configuration(node)
self.test_configuration(node, config, test = False)

the GeometryConstructor object is set up. Both the topology rescaling of Step
1and the SBU translations are incorporated in the initialization process, since
they are uniquely defined and require little computation time. As mentioned
before, the optimal SBU configuration is selected by Step 2 and Step 3 in the
assemble method. Lastly, the two output objects, i.e., the periodic structure
and the periodic force field parameters, are written to a separate folder. The
relaxation of Step 4 can be performed by a simple geometry optimization in
Yaff.

3.3 Case studies

As a first proof-of-concept before creating a diverse database of COF struc-
ture in Chapter 4, our structure assembly algorithm is adopted in three case
studies. In the first study, four COF series are generated in the dia topology
with varying degree of interpenetration. This case study demonstrates the
versatility in the initialization of a topological embedding. Furthermore, the
in silico generation of NPN-1 is detailed as a hands-on illustration of the
technical explanation in Section 3.1. In case study two, we assisted our
experimental partners in characterizing two synthesized COFs. In particular,
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Code 2 Snippet to demonstrate how our code can generate the COF-5
structure.

from SBU import SBU

from Topology import Topology

from Construct import GeometryConstructor

# Initialize Topology and SBUs
hcb = Topology.from file('hcb.top')
hhtp = SBU.load('18', '08-01")
bdba = SBU.load('01', '01-01")

# Load SBU parameters
for sbu in [hhtp, bdba]:
sbu. load_parameters('pars.txt')

# Assemble geometry

geom = GeometryConstructor(hcb, [hhtp, bdba])
geom.assemble()

geom.output ('Output/COF-5")

we focus on the ability of our algorithm to find favorable configurations
for linear linkers based on our energetic criteria. Lastly, an appetizer for
the massive material generation in Chapter 4 is served by generating five
large COF series with different topologies but the same two SBUs. These
are subsequently screened to rigorously identify the COF structure that
agrees most with the experimentally measured PXRD pattern without prior
knowledge about the topology of the material.

Case study 1: structure assembly of NPN-1 and derivation of
interpenetrated dia-topologies

Structural flexibility has been widely investigated in MOFs, but its occur-
rence in COFs remains ill-understood.?* Remarkably, large amplitude phase
transitions in COFs have been observed almost exclusively in materials ex-
hibiting the dia topology.?* 283728 |n Paper Il, we systematically investigate
the structural flexibility of a series of four COFs, i.e., COF-300,” COF-320,%%’
NPN-1,288 and NPN-3,288 and its dependence on the degree of interpenetra-
tion. These materials are generated in silico with our automated structure
assembly algorithm. Special attention is given to a consistent description of
the interpenetrated dia topological embeddings, since the materials can only
be compared when they possess an equal number of building blocks in their
unit cells. Below, a detailed overview of the structure assembly of NPN-1 in
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Figure 3.6: Initialization of the dia topological embedding and SBU TNM
used in the structure assembly of NPN-1. The points of extension (red dots,
labeled with lowercase letters) are consistently positioned in the middle of
the nitrogen-nitrogen bond.

the non-interpenetrated dia embedding is provided. A similar workflow can
be followed for the other materials and higher degrees of interpenetration.

Step 0 Similar to its synthesis procedure, NPN-1 is decomposed in a single
SBU, tetrakis(4-nitrosophenyl)methane (TNM), that decorates the vertices
of a non-interpenetrated dia embedding.®® As no two-connected linker is
present in this material, the edge Wyckoff set of the dia topology remains
vacant. Both the topological embedding and the SBU are visualized in
Fig. 3.6.

The non-interpenetrated dia embedding is represented with four vertices in
an orthogonal unit cell. The length of the a, b, and ¢ unit cell vectors are
1.6330 A, 1.6330 A, and 2.3094 A. The positions of the vertices are:

3 3
r1 = 0a + Zb + §C (3.3)
1 3 1
=-a+-b+- 4
) 2a+4b+80 (3.4)
P (3.5)
rs =0a+ - g€ )
1 1 7
ry = §a + Zb + gC (3.6)

A straightforward approach to construct the interpenetrated dia topological
embeddings from the non-interpenetrated one is to translate the individual
nets along the twofold rotation axis (here the c-axis). To find the translated
position of the original vertex r; in the k-th net of an n-fold interpenetrated
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embedding, we can use the following formula:

LD (3.7)
n

However, with this approach, the number of building blocks in the unit cell
depends on the degree of interpenetration. In a more elegant approach the
symmetry of the embedding and the interpenetration axis is exploited and a
new unit cell with the same a and b axis, but a rescaled ¢ axis (¢/ = ¢/n), is
constructed. With this new unit cell, Eq. 3.7 can be rewritten as:

rl(k,n)

=r; + kc (3.8)
The individual nets of the interpenetrated topological embedding now
emerge as the periodic images of the original vertices using the rescaled ¢’
axis. Each interpenetrated embedding contains a total of four vertices and
eight edges in their unit cell, allowing for a direct comparison between the
various degrees of interpenetration.

Step 1 The dia topological embedding is rescaled to accommodate the
TNM SBU. The length between each connected vertex in the dia embedding,
as defined in the RCSR database, is exactly 1 length unit (L.u.). To fit the
building blocks, this should be equal to the distance between the SBUs placed
on those vertices. In the dia topology, there is only one edge Wyckoff set,
along which two TNM SBUs are connected, and hence one unique rescaling
factor. Since the radius of this SBU, defined as the mean distance from
the center to the points of extension, is 6.26 A, the rescaling factor of this
(topology, SBUs) combination is 12.53 A/l.u.

Step 2 and Step 3  Since the TNM SBU has four points of extensions, there
are 24 (= 4!) SBU configurations per vertex. With four vertices that can
be decorated with this SBU, the total number of material configurations is
24 X 24 x 24 x 24 = 331 776, which is already very large for this simple
topology. Our additive top-down approach reduces the number of tested
configurations by starting at a central vertex and sequentially adding new
SBUs one-by-one. Since each SBU configuration is only tested once, the total
number of tested material configurations reduces to 24 + 24 + 24 + 24 = 96.
The selected SBU configuration for each step in the iteration is visualized in
Fig. 3.7.

In each iteration step, a favorable SBU configuration is chosen in Step 2
and Step 3 based on geometric and energetic principles, respectively. From
Step 2, only those configurations that minimize the RMSD proceed to Step
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3, where the deformation energy with the previously inserted SBUs is cal-
culated. Since we follow a breadth-first iteration, the number of linkages
that are already present is higher compared to a depth-first or a random
iteration. Therefore, when calculating the deformation energy of a certain
SBU configuration, a larger fraction of the linkages with neighboring building
blocks is included.

Step4 The TNM cluster visualized in Fig. 3.6 is a priori optimized with the
ab initio derived cluster force field. However, now the TNM SBUs are placed
in a periodic environment and subjected to topological constraints, which can
affect the optimal geometry for the SBUs. To allow the structure to relax, a
full geometry optimization with the periodic force field is performed in this
fourth step. The finally obtained structure is visualized in Fig. 3.7e.

Case study 2: structure assembly of TpPpyCOF and TpBpyCOF
and rotational scan to find favorable linker configurations

Our experimental partners of SynBioC have synthesized two COFs and
tested their photocatalytic activity to enhance Povarov cyclization reactions.
To derive structure-function relationships, we aimed in Paper IV to elu-
cidate on the atomic structure of the material by comparing in silico and
experimental PXRD patterns. Therefore, we generated the two COFs in silico
following our automated assembly algorithm. As visualized in Fig. 3.8, the
two COFs, coined TpBpyCOF and TpPpyCOF, are synthesized from a 1,3,5-
triformylphloroglucinol (Tp) with a 2,2’-bipyridine-5,5’-diamine (Bpy) or 6-(4-
aminophenyl)pyridin-3-amine (Ppy), respectively, in a hcb topology. After
synthesis, the proton of the Tp building block transfers to bind with the
imine nitrogen in an irreversible enol-to-keto reaction to form ultrastable /3-
ketoenamine linkages.®

For linear linkers with two points of extension that lie on the same axis as the
SBU’s center, such as the Bpy and Ppy linkers in these COFs, there remains a
degree of freedom that is not addressed in Step 2 of the assembly algorithm:
the rotation around their axis. Therefore, additional configurations are gen-
erated corresponding to this rotation. In Step 3, these are treated similarly
to the SBU configurations originating from a permutation of the points of
extension. As such, a rotational scan is performed and the SBU is inserted
in that configuration that results in the lowest deformation energy. In this
way, the degeneracy is lifted to the point that only internal symmetries of
the linker persist.
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(a) Iteration 1: Decorate vertex V1. (b) Iteration 2: Decorate vertex Vs.

(c) Iteration 3: Decorate vertex V3. (d) Iteration 4: Decorate vertex Vi4.

(e) Relaxed structure

Figure 3.7: lllustration of the additive top-down approach in the structure
assembly of the non-interpenetrated NPN-1. The SBUs are added one-by-
one, following a breadth-first iteration through the topological graph. Once
all vertices are decorated, the structure is relaxed using its system-specific
force field. Color code: hydrogen (white), carbon (brown), nitrogen (blue),
oxygen (red).
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Figure 3.8: a) Experimental synthesis procedure for TpPpyCOF and TpBpy-
COF. b) lllustration of a rotational scan that is performed to select the most
favorable linker configuration during the structure assembly of TpBpyCOF.

Case study 3: structural characterization of COFs by high-
throughput identification and PXRD matching

Since the synthesis of single-crystal COFs proves very challenging, most
experimental characterization techniques resort on PXRD techniques to elu-
cidate the periodic atomic structure of these materials.®> However, due to
the absence of a one-on-one relation between the one-dimensional Bragg
angle featuring in PXRD diffractograms and the three-dimensional reciprocal
lattice, fully defining the material’s periodicity, prior knowledge of the exam-
ined material is necessary.?®® Therefore, most methods to derive a material
structure from a PXRD pattern start from an ad hoc model and try to itera-



In silico design of covalent organic frameworks 59

tively improve this to maximize the agreement between the experimental and
calculated patterns.?’"23 However, when the experimental PXRD patterns
are noisy, these methods fail to accurately discern between multiple possible
structural models.?*® #' In Paper I, an automated protocol is implemented
that reverses this ad hoc approach by exhaustively exploring all possible
topologies that fit the adopted building blocks to identify the most probable
structural model. The crucial step in this approach is the generation of a large
set of potential structures starting from the experimental building blocks but
considering various topological embeddings in which they may assemble. For
each of these structures, an accurate PXRD pattern is calculated, taking into
account the operando conditions, which is compared with the experimental
pattern by deriving heuristic metrics. These metrics allow one to order the
proposed structural models and to predict the one with the highest likelihood
to correspond to the experimental structure.

A proof-of-concept study has been performed in Paper I to correctly identify
the experimental structures of COF-5,2° TP-COF,’*, TA DBC-COF, %2, COF-
103,°" and COF-108.°" all visualized in Fig. 3.9. For COF-5 and TP-COF,
whose building blocks and linkages have an inherent planar configuration,
a total of 42 2D topologies were tested, among which the hcb topology
was correctly identified as the experimental one. COF-103 and COF-108
both contain a tetrahedral SBU and are thus not allowed in 2D topologies.
For these structures, a total of 26 3D topologies were proposed. Again, the
experimentally observed ctn and bor topologies were correctly assigned to
have the best correspondence with the experimental PXRD patterns of COF-
103 and COF-108, respectively. For TA DBC-COF, the slightly non-planar
DBCTA building block can be accommodated in either a 2D or a 3D topo-
logical embedding. Due to the large amount of topologies in the RCSR with
only four-connected vertices,> a total of 19 and 513 2D and 3D topologies
are retained for structural models, respectively. The 3D embeddings with
the largest strain are filtered out based on the RMSD of the DBCTA SBU
and only a set of 55 are retained. Among these 2D and 3D topologies, again
the experimentally observed kgm topology is correctly identified to have the
largest agreement with the experimental PXRD pattern.

This case study illustrates that even with only two different SBUs, a lot of
materials can be realized. When allowing these SBUs to also combine with
other SBUs, or by including topologies in which three or more different SBUs
assemble, the task of enumerating all possible materials rapidly becomes a
combinatorial challenge. This exponential increase when including multiple
SBUs lies at the origin of the broad material space defined by reticular
chemistry materials. In the next chapter, we adopt the automated structure
assembly algorithm devised in this chapter to generate an extended COF
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Figure 3.9: An overview of the building blocks and experimental structures
for five experimentally synthesized COFs. Besides the name and atomic
structure of each SBU, also their van der Waals volume, point group, and
connectivity are reported. Figure reproduced from Ref. 293 with permission
of Wiley (©2021).

database that can serve as representation of this vast material space.

This chapter devised a computational algorithm to automatically assemble
periodic structures in silico, applying the concepts of reticular chemistry and
the modular nature of COFs. A topological embedding is decorated with a set
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of selected SBUs, for which their favorable configurations are identified using
both geometric and energetic criteria. During this process, three metrics
are proposed that check whether the structure is physical. The automated
assembly algorithm is implemented in a dedicated Python code, which utility
has been demonstrated in three case studies.






ReDD-COFFEE: a diverse database
of covalent organic framework
structures and force fields

The two crucial aspects of computational high-throughput screenings are i)
the availability of a diverse set of geometries and ii) accurate interatomic
potentials. Currently, most high-throughput screenings compute these po-
tentials either with expensive DFT calculations, largely limiting the size of
the investigated dataset,' 1°% %1 or a cheaper generic force field, which has
areduced accuracy.” 2’ As explained in Section 2.1.2, system-specific force
fields fitted to ab initio data achieve a higher accuracy compared to generic
force fields, while maintaining a lower computational cost than quantum
mechanical methods. As a result, quantum-mechanics based force fields have
only been derived in some studies for a smaller set of materials.'8

To establish a reliable representation of the COF material space, we de-
veloped the ReDD-COFFEE database in Paper Ill: a ready-to-use database
including 268 687 COF geometries based on 279 SBUs and 1114 topologies
and an ab initio derived force field for each of them. The acronym ReDD-
COFFEE originates from Ready-to-use and Diverse Database of Covalent
Organic Frameworks with Force field based Energy Evaluation. For each
material, a system-specific force field is derived from the cluster force fields of
its constituent SBUs using the method outlined in Section 2.1.2. Whereas this
protocol was introduced earlier through our QuickFF procedure,?® 23° the
scope of involved materials is tremendously expanded. The computational
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Figure 4.1: The logo of the ReDD-COFFEE database and the link to its
landing page on the Materials Cloud. Our database contains 268 687 COF
geometries and an ab initio derived system-specific force field for each of
them. ReDD-COFFEE is an acronym for Ready-to-use and Diverse Database
of Covalent Organic Frameworks with Force field based Energy Evaluation.

cost of the required ab initio calculations is kept within a feasible amount by
only deriving a cluster force field for the 279 SBUs instead of directly deter-
mining a periodic force field for all 268 687 COFs, which would be a daunting
task. Since the materials are optimized with respect to their derived force
field, the database is ready-to-use in follow-up high-throughput screenings.
Our ReDD-COFFEE database is publicly available on the Materials Cloud
(see Fig. 4.1).%4

The full database generation procedure is detailed in Section 4.1. To validate
that the derived system-specific force fields indeed obtain a higher accuracy
than generic force fields, their ability to reproduce experimental and ab initio
structural and vibrational characteristics is verified in Section 4.2. Lastly, in
Section 4.3, the diversity of the ReDD-COFFEE database in terms of pore
geometry, linker cores, linkages, and functional groups is determined and
compared with other COF databases.

4.1 Generation of the ReDD-COFFEE database

All 268 687 structures of the ReDD-COFFEE database are generated following
our additive top-down approach outlined in Section 3.1. The 279 SBUs
constituting all materials, divided over 11 linkage types, are introduced in
Section 4.1.1. To generate an initial list of (topology, SBUs) combinations,
the procedure outlined in Section 4.1.2 is used. In Section 4.1.3, three filters
are described that ensure only physical geometries are present in the ReDD-
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COFFEE database. Our final database contains a total of 5856 2D COFs and
262 831 and 3D COFs, distributed over 95 and 1019 topologies, respectively.
For each of these materials, a system-specific force field is derived, as ex-
plained in Section 4.1.4.

4.1.1 Initialization of the SBUs and topological embeddings

A total of 279 SBUs are adopted to generate the ReDD-COFFEE database.
As depicted in Fig. 1.2, an SBU consists of a linker core and a linkage
section, uniquely defined by the reactive group it originates from and the
resulting linkage. Therefore, each SBU is labeled with three numbers, i.e., XX-
YY-ZZ, each indicating the linker core (coreXX), originating reactive group
(reacYY), and resulting linkage (linkZZ), respectively. For example, SBU 01-
02-04 is formed by combining a phenyl linker (core01) with linkage sec-
tion 02-04, originating from an aldehyde reactive group (reac02) to form
an imine linkage (link04). 275 SBUs are generated by combining 30 ex-
perimentally observed linker cores with eleven frequently reported linkages
that originate from eleven reactive groups. The four remaining ones have
no experimental precursor but emerge during COF synthesis as explained
below. An overview of the employed linker cores and linkages is provided
in Figs. 4.2 and 1.3, respectively. The ReDD-COFFEE database includes
boronate ester (link01),2° boroxine (link02),2® borosilicate (link03),%° imine
(link04),” (acyl)hydrazone (link05),2® azine (link06),”” imide (link07),%” ox-
azoline (Iink08),%® (keto)enamine (link09),3% 2% triazine (link10),>°° and bo-
razine (link11)3°" linkages. Whereas most linkages are synthesized by the
reaction of two precursors, some linkages, i.e., boroxine, triazine, borazine,
and borosilicate, emerge by combining three precursors. This largely limits
the topologies these linkages can appear in, since they require each SBU
to be connected with a three-connected vertex for their linkage. Although
these cores have no experimental precursor, and are, therefore, technically
speaking no linker cores, they are consistently treated as if they were. More
specifically, their labels use a similar nomenclature, adopting an artificial
reactive group (reac11), and they are also visualized in Fig. 4.2 as core31,
core32, core33, and core34, respectively.

The Euclidean representations of the 2D and 3D topologies used to generate
the ReDD-COFFEE database are extracted from the RCSR database® with
a web scraping script. They are validated by computing the coordination
sequence and vertex symbol of all vertex sets and automatically comparing
them with the ones provided in the RCSR. A total of 2495 topologies with
embedding type 1, i.e., with all nearest-neighbor distances at the same dis-
tance connected by an edge, are extracted since these are most frequently
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Figure 4.2: An overview of the linker cores employed to generate the ReDD-
COFFEE database. They are classified in linear, trigonal, square, tetrahe-
dral, and other linkers. Whereas the trigonal linkages that emerge during
synthesis, i.e., boxorine (core31), triazine (core32), borazine (core33), and
borosilicate (core34), do not originate from an experimental precursor, they
are nonetheless visualized here to give a concise overview. Figure reproduced
from Ref. 88 with permission of the Royal Chemical Society (©2023).
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observed experimentally.3°? Retaining only those with a maximum coordina-
tion number of four, the highest connectivity among the SBUs adopted in
our database (see Fig. 4.2), results in 1272 topological embeddings that are
used as input for the ReDD-COFFEE database.

Each (topology, SBUs) combination, and its resulting structure generated
by the automated in silico assembly algorithm, is provided the unique label
“top_SBU;_SBU,_..._SBUx". From this name, both the name of the topology
(“top”) and the corresponding building blocks can be determined. SBU; is the
SBU that is placed on the i-th Wyckoff set, following the order of Wyckoff
sets defined in the RCSR. The label “None” defines an edge Wyckoff set that
remains vacant. For example, COF-5 can be found in the ReDD-COFFEE
database with the label “hcb_18-08-01_01-01-01” and COF-108 is identified
as “bor_18-08-01_26-01-01_None”.

4.1.2 Enumeration of trial combinations

The total amount of (topology, SBUs) combinations that can be enumerated
for a specific topology is determined by the product of SBUs that can be
placed on each individual Wyckoff set. Given that a topology can contain
many Wyckoff sets, the total number of combinations increases rapidly. To
address this, a combinatorial approach, illustrated in Fig. 4.3, is employed for
every linkage type.

For each Wyckoff set, the possible SBUs are selected based on two criteria: i)
the number of points of extension has to match the coordination number of
the nodes and ii) the SBU needs to have a linkage section corresponding to
the predefined linkage type. For edges, also the option to remain vacant is
included. In the example in Fig. 4.3, the nka topology contains seven Wyckoff
sets, I.e., two with coordination number four, another two with three-fold
connectivity, and three Wyckoff edges (“linkers”). We consider an illustrative
SBU set that results in two options per Wyckoff set.

Without restrictions, the total number of (nka, SBUs) combinations would be
27 = 128, symbolically visualized in the top left panel of Fig. 4.3. These can
be reduced by unifying Wyckoff sets with the same coordination number,
as such that these can only be occupied with the same SBU. By unifying
the edge Wyckoff sets, the edges can therefore only be decorated in two
different ways, instead of 23 = 8 when all Wyckoff edges would be assigned
individually. Similarly, when unifying the Wyckoff vertices with the same
coordination number, these have to be occupied with the same SBU. This
would reduce the options for both the four- and three-connected Wyckoff
sets to two, instead of 22 = 4.
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Figure 4.3: Avisual illustration of the approach to enumerate trial (topology,
SBUs) combinations in the nka topology when two options are available
for each Wyckoff set. To limit the number of combinations, the Wyckoff
sets with the same coordination number can be unified and allocated with
the same SBU. Each of the four panels illustrate one of the combination
sets. Figure reproduced from Ref. 88 with permission of the Royal Chemical
Society (©2023).
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In our approach, the Wyckoff edges and Wyckoff vertices with the same
coordination number are either all assigned individually (.E. and LV, re-
spectively), or they are unified (U.E. and UV, respectively). To make a list
of all (topology, SBUs) combinations, four combination sets are consulted:
(V. + LE), (UV. + LE), (ILV. + U.E), and (UV. + U.E.). These coincide with
the four panels in Fig. 4.3. The input of our structure assembly procedure is
provided by each combination set with total number of combinations lower
than a certain upper limit, N., here chosen to be 10* to keep the number of
structures within a feasible amount.

4.1.3 Thresholds to filter out unphysical structures

Applying the enumeration approach explained in Section 4.1.2 to our set
of 279 SBUs and 1272 topologies results in a total of 5 537 951 (topology,
SBUs) combinations. These are all used as input for our automated assembly
algorithm, as described in Section 3.1. During this procedure, three metrics,
i.e., the deviation of the rescaling factors o, the largest RMSD, and the
deformation energy Egef, are calculated to check whether the structure is
physical. These are adopted in three filters to identify combinations that
result in unphysical structures with a low synthetic likelihood, which are
discarded from the ReDD-COFFEE database. Additionally, a computational
constraint is imposed to finish the optimizations within a feasible timeframe.

Since we require the topological embedding to be rescaled isotropically, the
rescaling factors f; of all edge Wyckoff sets should not differ much. If they
would deviate largely, the SBUs can start to overlap or gaps between them
could occur. Therefore, we demand that the standard deviation o of all cal-
culated rescaling factors remains below the threshold o max. To only retain
those structures with almost perfectly fitting SBUs, the threshold o may is
chosen to be 0.22 A/l.u. Most discarded (topology, SBUs) combinations are
mixed-linker topologies with largely varying linker length. The total number
of combinations that continues to Step 2 is 749 859.

The second filter is imposed on the largest allowed RMSD when introducing
an SBU in the topological embedding. However, the building blocks of COFs
can have an appreciable degree of flexibility and, therefore, some geometric
mismatch can be tolerated. COF-108 is for example assembled by combining
the HHTP and TBPM building blocks in a bor embedding.®' Whereas the
TBPM SBU has the perfect tetrahedral point group Ty, the four-connected
vertices in the topological embedding possess the subgroup D4, resulting in
a RMSD of 0.09 A. This causes the SBUs to be slightly reshaped with respect
to their relaxed equilibrium geometry when no topological constraints are
enforced. To incorporate this COF, which is one of the first synthesized, but
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avoid structures in which the geometric mismatch is too large, the RMSD of
the most favorable SBU configurations after Step 2 should be lower than the
threshold RMSD . = 0.11 A. This reduces the number of allowed (topology,
SBUs) combinations to 403 581.

To keep the computational resources required for the optimizations of Step
4 within a feasible amount, also a computational constraint is introduced for
each generated material. Optimizations were only attempted when there are
no more than 10 000 atoms in the unit cell and when the initial volume is
smaller than 10 000 nm3. Furthermore, only those structures that succesfully
converged towards a minimum in the potential energy surface are included
in the ReDD-COFFEE database. The total amount of optimized materials
adds up to 313 909.

The third and last filter checks whether the SBUs have sufficient flexibility to
accommodate the introduced mismatch in Step 2 of the automated assembly
algorithm. To release the introduced strain, localized around the linkages
between SBUs, the structures are optimized using their system-specific force
field. However, not all SBUs have enough flexibility to find a low-energy con-
figuration. Therefore, the deformation energy F4f of the optimized structure
is consulted and structures with a value exceeding 14 kJ/mol are considered
to be unphysical due to their largely deformed SBUs. Since these materials
have a low synthetic likelihood, they are discarded from the database. After
this last filter, the total number of COFs in the ReDD-COFFEE database is
268 687.

4.1.4 Derivation of the system-specific force fields

One of the unique features of the ReDD-COFFEE database is the system-
specific force field that is derived for each of the materials. The periodic
force field of a COF is obtained by combining the cluster force fields of
its constituent SBUs, as explained in Section 2.1.2.11l. Since this procedure
only depends on the connection between SBUs, and not on the specific SBU
configurations, the periodic force field can already be generated before the
exact material configuration is known. Therefore, it can be adopted in Step
3 and Step 4 to determine the deformation energy of an SBU configuration
and to relax the structure, respectively. In the following section, we demon-
strate that these ab initio derived force fields indeed describe the atomic
interaction more accurately than the generic force fields typically used in
high-throughput screenings.
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4.2 Investigating the accuracy of the system-
specific force fields

As a first validation of the accuracy of the system-specific force fields accom-
panying the COFs in the ReDD-COFFEE database, we predict structural and
vibrational properties with both our QuickFF force fields and the universal
force field (UFF)?*! and compare them with ab initio and experimental data.
Whereas vibrational frequencies and internal coordinates are calculated and
compared with quantum mechanical reference data in Section 4.2.1 on the
cluster level, Section 4.2.2 analyses the ability of the periodic force fields to
predict experimental PXRD patterns and single crystal structures.

4.2.1 Comparison with ab initio clusters

All SBU clusters are optimized with both the QuickFF and UFF force fields,
starting from the ab initio relaxed geometry, and the deviations of the internal
coordinates are determined. As reported in Table 4.1, our cluster force field
correctly predict the ab initio geometry, with RMSD errors on the bonds,
bends, and out-of-plane distances of 4.73 x 1073 A, 7.18 x 10~!°, and
4.12 x 1072 A, respectively. These are significantly smaller than the errors
calculated for the UFF relaxed clusters, which amount to 3.56 x 1072 A,
2.87°, and 4.50 x 1072 A, respectively. Within COFs, the most difficult
internal coordinates to describe are the dihedral angles of non-planar SBUs,
since these are dominated by long-range electrostatic and van der Waals
interactions. Still, these internal coordinates are predicted more accurately
by the QuickFF force fields than by UFF, as can be observed by the RMSD
errors of 9.40° and 22.27°, respectively.

Besides the internal coordinates, also the vibrational frequencies are cal-
culated and compared with the ones derived from the ab initio Hessian.
Also for these properties, the QuickFF force fields outperform UFF. In all
frequency regions, the RMSD error is lower for QuickFF than for UFF, as
can be observed in Table 4.1. While UFF is still able to get similar RMSDs in
the low-frequency regime (< 500 cm™), the QuickFF force fields describe the
high frequencies (> 500 cm™) an order of magnitude more accurately than
the UFF ones, because the QuickFF parameters are fitted to reproduce the
quantum mechanically derived Hessian.
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QuickFF UFF

RMSD MSD RMSD MSD
bonds [A] 473 x 103 1.85x 102 | 3.56 x 102 1.80 x 107
n bends [°] 7.18 x 107 -6.82 x 1073 2.87 -1.45 x 1072
Q dihedrals [°] 9.40 -7.94 x 107 22.27 -1.43 x 107!
oops [A] 412 x 102 -3.87 x 10 | 450 x 102 -6.13 x 10
all [em™] 18.7 -2.38 3.07 x 102 -1.98 x 10°

3 0-100 [cm™'] 7.12 -1.95 12.5 -6.84

§ 100-500 [cm™"] 16.7 -8.43 48.8 -38.7
2. 500-1000 [cm™'] 14.1 -8.79 x 107" | 1.15 x 10> -1.08 x 10?
£ 1000-3000 [cm] 25.5 -1.79 4.40 x 10> -3.68 x 102

>3000 [cm™'] 5.99 458 x 107" | 1.61 x 10° -6.90

Table 4.1: Validation of the system-specific QuickFF cluster force fields.
Both the internal coordinates (ICs) and the vibrational frequencies of the
force field relaxed clusters are compared with those of the quantum mechan-
ically optimized structure. The root-mean-square deviation (RMSD) and the
mean signed deviation (MSD) are mentioned. Table adapted from Ref. 88
with permission of the Royal Chemical Society (©2023).

4.2.2 Prediction of experimental, structural characteristics

Whereas the comparison of internal coordinates and vibrational frequencies
on the cluster level with ab initio data already provides a first indication
of the accuracy of the QuickFF force fields, we are mostly interested in
their prediction of experimentally measured, structural characteristics of
the periodic structures. As mentioned in Section 3.3, the PXRD pattern is
a key macroscopic descriptor of COFs, due their challenging synthesis as
single crystals.®®> Similar to the workflow outlined in Paper I, a static and
dynamic PXRD pattern are calculated for various COF structures, both with
the periodic QuickFF and UFF force fields. The dynamic approach takes
into account operando conditions and the inherent temporal character of
experimental measurements.?”> Whereas the static PXRD pattern is derived
from the optimized structure, the dynamic one is an ensemble average of the
pattern calculated for different snapshots of an MD trajectory at operating
conditions.

To illustrate the difference between both force fields, the PXRD patterns of
CTF-13% and COF-103°" are visualized in Fig. 4.4a and b. The experimental
peaks at low values of 26 are reproduced by all force fields. However, the
peak at 27° and 23° in the patterns of CTF-1 and COF-103, respectively,
is accurately predicted only by the dynamically averaged QuickFF PXRD
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Figure 4.4: Validation of the increased accuracy of the ab initio derived
force fields in the ReDD-COFFEE database by comparing calculated PXRD
patterns with the experimental patterns of seven COFs. A total of four PXRD
patterns are determined for each material, i.e., the static and dynamic PXRD
patterns for both the system-specific QuickFF force fields and the generic
UFF force field. In the visualization of a) CTF-1 and b) COF-103, the PXRD
patterns are offset vertically for clarity. The experimental peaks discussed
in the text are indicated by a gray area. c) The weighted profile residual,
R, for the agreement with the experimental pattern is determined for the
calculated patterns of all selected COFs. Figure adapted from Ref. 88 with
permission of the Royal Chemical Society (©2023).

patterns. The dihedral angles between aromatic rings are poorly described
by the UFF force field, resulting in a large unit cell and a shift of these peaks
toward lower angles.

As a more quantitative descriptor to describe these observations, we adopted
the weighted profile residual, R,,p, to compare the computed PXRD patterns
of a diverse set of seven COFs, i.e., CTF-1,303 COF-103,°' COF-108,°' PI-COF-
4,8 COF-66,"* DualPore-COF,'® and ACOF-1,3% with their experimental
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patterns. The weighted profile residual Ry, is defined as:*?

w; (Y (6;) — Yees(6))*
Fowp = \/Z (Zz(uﬂ)/ref(éh);( ) .1

with each Bragg location 6; having an intensity Y (6;) and a weight w; =
ﬁ(&)' A better agreement with the experimental reference pattern, indicated
by the subscript “ref”, results in an R, value closer to zero. In Fig. 4.4c, the
weighted profile residuals are determined for the static and dynamic PXRD
patterns calculated with both QuickFF and UFF force fields for all COFs in
the diverse test set. For most materials, QuickFF predicts the experimental
PXRD pattern more accurately with both the static and dynamic approach.
Only for PI-COF-47 and ACOF-1,3% the static PXRD is predicted better by
UFF. However, once the experimental conditions are taken into account by
the dynamic approach, the QuickFF force fields again outperform the UFF
ones.

Whereas the synthesis of single-crystal COFs proves challenging, some ex-
perimental groups have succeeded in determining their atomic structure with
single crystal X-ray diffraction®® or 3D rotation electron diffraction.?®” For
these materials, the COF’s structure can be determined with an even higher
resolution compared to analyzing the PXRD pattern. To validate that the
COF geometries are also predicted more accurately by our QuickFF force
field at these higher resolutions, the crystal structures of some materials
are reproduced with MD calculations at operando conditions. Our system-
specific force fields outperform the generic UFF force fields in predicting the
experimental structures of COF-300,%° LZU-111,%° and two distinct phases of
COF-320,%%7 observed at different temperatures and having a distinct pore
structure and unit cell volume. Besides the bonds, for which the relative dif-
ferences obtained by our QuickFF force fields are only half of those obtained
by UFF, also the bends and dihedral angles are modelled at a substantially
higher precision when described by our system-specific force fields. Also the
unit cell lengths and unit cell volume are predicted better by the QuickFF
force fields, again with the relative differences being only half the ones
obtained with UFF.

4.3 Analyzing the diversity of the database

To correctly establish a representation of a material space, databases should
sample all regions in it adequately and equally. On the one hand, as il-
lustrated in Section 4.3.1, experimental databases are often biased towards
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cheap and easy-to-synthesize materials. On the other hand, hypothetical
databases lack materials in specific regions of the material space. Such
databases are described by a low variety V' or a low balance B, respectively.
Moreover, to maximize the information contained in a database and obtain
a higher disparity D, it is better to cover strongly different subclasses that
are well-separated in material space instead of including closely related
subclasses. In Section 4.3.2, these diversity metrics are formally introduced
and calculated for five COF databases. Since many materials in our ReDD-
COFFEE database strongly resemble each other, due to the specific genera-
tion approach, in Section 4.3.3 a subset is identified with similar diversity but
much fewer structures, which is ideally suited for high-throughput screen-
ings using computationally more expensive sampling protocols.

4.3.1 Distribution of linkage types in COF databases

The COF material space is usually divided into several classes according to
the formed linkage. As mentioned in Section 1.2, each of these subclasses
has its unique characteristics and advantages for specific applications. In
Fig. 4.5, the distributions of some frequently observed linkages of two ex-
perimental and two hypothetical databases are visualized and compared
with our ReDD-COFFEE database. The linkages of a specific material are
identified by scanning the material graph for linkage patterns, as explained
in Section S3.2 of the SI of Paper Ill. The majority of the materials in
the CoRE™® and CURATED'*! databases are synthesized with imine and
boronate ester linkages, which are indeed abundantly present in literature.
However, other subclasses are less frequently detected in these experimental
databases. Therefore, Martin et al.'> 154 generated hy-
pothetical databases with a geometric top-down approach to broaden the
scope of examined COF subclasses. Both databases focused on a diverse
set of linker cores but limited the number of included linkage types. The
experimentally omnipresent imine linkages are present in both hypothetical
databases. Martin et al. also included boronate ester COFs, the second most
frequently observed linkage type, and to a lesser extent borosilicate COFs. In
contrast, the database of Mercado et al. did not include boronate ester COFs,
but focused on some less frequently described linkage types, ie., amide,
amine, and carbon-carbon linkages. Whereas amine linked COFs are not
present in any of the two experimental databases, the amide and carbon-
carbon linked COFs represent only 1.79% and 1.46% of the structures in the
CoRE and CURATED databases, respectively.

and Mercado et al.

To generate the ReDD-COFFEE database, we chose to continue on the path
of the hypothetical databases and to include a large variety of linkage types.
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Figure 4.5: Distribution of often observed linkages in five COF databases.
Whereas the experimental CoRE' and CURATED ™' databases are indicated
in blue, the hypothetical databases of Martin et al.' and Mercado et al."* are
specified in green. Our hypothetical ReDD-COFFEE database is visualized in
red. Figure reproduced from Ref. 88 with permission of the Royal Chemical
Society (©2023).

Besides the abundant imine and boronate ester COFs, also less frequently
observed linkages, that still occupy a larger fraction of the experimental
databases than amide and carbon-carbon linked COFs, are included. These
subclasses are experimentally more relevant but remain until now largely
unexplored. In addition, the structures are well distributed over most linkage
classes since the only linkage dependent requirement in the (topology, SBUs)
combination is that the linkage sections of neighboring SBUs have to match
and form their predefined linkage. As mentioned in Section 4.1.1, the number
of topologies available for boroxine, triazine, borazine, or borosilicate linkages
is strongly limited because of the requirement of a three-connected vertex.
This explains that there are relatively fewer structures assembled in these
linkage subclasses compared to the other linkage types.

4.3.2 Quantitative diversity metrics

Moosavi et al. introduced three metrics, i.e., the variety V, balance B, and
disparity D, to quantitatively assess the diversity of a subset of material
space for a specific domain of MOF chemistry.'”® We extended this to COF
databases in Paper Ill and considered their defining chemistry to consist of
four domains: i) the pore geometry, and the chemical environment of the ii)
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linker cores, iii) linkages, and iv) functional groups. The pore geometry can
be characterized with eight structural parameters, such as the gravimetric
accessible surface area, the pore fraction, and the mass density, which are
calculated with Zeo++.3% To describe the chemical environments of a COF,
revised autocorrelation functions (RACs) are adopted,”’ which have been

197,198, 307-309 R ACs are combinations

proven useful in multiple applications.
of atomic properties for specified atom pairs, averaged over the crystal graph.
Each of the three investigated chemical environments has its own set of atom
pairs. These are determined by the start and scope atom lists, which focus
on those atoms that are involved in the respective chemical environment (ii-
iv) and are defined in Section S3.2 of the SI of Paper Ill. Once these atom
lists are determined, the difference and product RACs can be computed by

Eqn. 4.2 and 4.3, respectively.

start scope

St PYT =" (P~ Py)6(dij, d) (4.2)
i
start scope
I d
wope P00 =YY PiPis(dij, d) (4.3)
i

The atomic property P can be one of the six following: the atom identity
(1), connectivity (T), nuclear charge (Z), covalent radius (S), Pauling elec-
tronegativity (x), or polarizability (). As indicated by the Kronecker delta
9, only atom pairs from which the number of bonds between the atoms, d;;,
matches the depth parameter, d, are allowed. Since there are six properties,
two RAC types, and we consider a maximum depth of three bonds, a total of
48 decriptors are defined for each of the three chemical environments.

Once all descriptors for a specific domain of COF chemistry are defined, the
three diversity metrics that characterize how a subset covers material space
can be calculated. Here, we consider the material space as the combination
of the five COF databases discussed before: the two experimental CoRE and
CURATED databases, the two hypothetical databases of Martin et al. and
Mercado et al., and our ReDD-COFFEE database. To calculate the variety V'
and the balance B, the material space is partitioned into 1000 bins, which
can be considered subclasses, with k-means clustering. The variety V' is
the fraction of these subclasses that are sampled by the considered material
subset. The balance B checks that each bin is sampled equally by quantifying
the evenness of the material distribution among the sampled subclasses.
Ideally, all sampled bins contain the same number of materials. Whereas
the variety adopts a clustering-approach to check the covered fraction of
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material space, the disparity D uses a distance-based approach. Thus, it also
characterizes the spread of the bins. Together, the three diversity metrics
determine the diversity from a material subset of material space for each
investigated domain of COF chemistry.

The variety V, balance B, and disparity D are visualized in Fig. 4.6 for each
domain and COF database. As can be observed, the hypothetical databases
have a higher diversity of geometric properties than the experimental ones.
This can be explained by the large freedom of in silico materials assembly
algorithms compared to experimental techniques. Among the hypothetical
databases, our ReDD-COFFEE database has the largest diversity, due to the
large number of topologies that can be included by filtering the structures
based on the deformation energy rather than on the RMSD. Whereas the
experimental databases have a more balanced distribution of linker cores,
the combinatorial freedom in hypothetical databases to select linker cores
that assemble in a COF results in a higher variety. Furthermore, in contrast
to the other databases, which structures mostly contain only two different
SBUs, the structures of the ReDD-COFFEE database can combine multiple
building blocks. While the balance of linkages is best in the CoRE database
and the database of Martin et al., our ReDD-COFFEE database demonstrates
the highest diversity in terms of variety and disparity. The hypothetical
databases of Martin et al. and Mercado et al. have the highest diversity
in terms of the functional groups. Their databases are generated starting
from a large set of linker cores with various functional groups, which has
an even higher diversity than the experimental database. As illustrated
in Fig. 4.2, we started from a limited set of linker cores, to which a small
number of functional groups is attached, but focused on a large number of
linkage types. However, the diversity of functional groups in our ReDD-
COFFEE database can be expanded in a two-step procedure. First, the
nonfunctionalized database can be screened to identify a set of materials
with a high potential for the targeted application. Secondly, this material
set can be easily functionalized a posteriori to investigate the influence of
various functional groups.

4.3.3 Selection of a diverse subset

The large number of structures in the ReDD-COFFEE database might both be
an advantage and a disadvantage for high-throughput screenings. Especially
when the targeted property requires heavy calculations, a smaller subset
with similar diversity might be very beneficial. Therefore, in Paper Il we
implemented the iterative procedure described in Ref. 198 to generate such
a smaller subset, again using the features from which the diversity metrics
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Figure 4.6: The variety V, balance B, and disparity D to describe the
diversity of four domains of COF chemistry in five COF databases. Also
the diversity metrics of a subset of 10 000 COFs from the ReDD-COFFEE
database are calculated. For each domain, a t-SNE plot of the COF material
space, i.e., the union of the databases, is depicted in gray, overlaid by the
density of the ReDD-COFFEE materials. Figure reproduced from Ref. 88 with
permission of the Royal Chemical Society (©2023).

were derived, i.e., geometric properties and RACs to describe the chemical
environment of the linker cores, linkages, and functional groups. In an
iterative procedure, the set of selected structures is gradually filled. The
initial material in this set is randomly chosen. In each further step, the
structure that has the largest minimal distance to the set of already selected
structures is added. As the size of the selected set increases, the variety
V' and disparity D continue to grow. However, after a sharp peak of the
balance B when the empty bins are filled, it will start to gradually drop
when further structures are added. In Fig. 4.6, these diversity metrics are
derived for a subset of 10 000 structures. Whereas the occupied region in
material space is only slightly smaller, resulting in a comparable variety V'
and disparity D, the balance B is higher than the one of the complete ReDD-
COFFEE database. In the complete ReDD-COFFEE database, many materials
explore analogous regions in material space, and the information gained
from one structure can usually be learned from the other structures. For
computationally expensive high-throughput screenings that involve costly
calculations, such as the ones in Sections 5.2 and 5.3, utilizing such subset
can effectively lower computational expenses, while maintaining an accuracy
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comparable to screening the full database.

Concluding this chapter, we have generated the ReDD-COFFEE database
of 268 687 COF structures and accompanying ab initio force fields. By
comparing the diversity of our database with that of other COF databases,
we could quantify that the ReDD-COFFEE has an excellent diversity in terms
of pore geometry, linkers, and linkages, but includes only limited functional
groups. The force field of each material is derived from quantum mechanical
reference data of its constituent SBUs. The increased accuracy of these force
fields is demonstrated by reproducing ab initio and experimental structural
and vibrational characteristics.



High-throughput screenings of
covalent organic frameworks

As discussed in Section 1.4, computational high-throughput screenings have
three large advantages.'>> All three of them are explored by high-throughput
screenings performed on our ReDD-COFFEE database generated in Chap-
ter 4. Firstly, property-property relations can be established that are not
observable with only a limited dataset. In Paper Ill and Section 5.1, such
property-property relations are determined for the textural properties of
COFs. Furthermore, these are compared with other classes of nanoporous
materials, i.e, MOFs and zeolites. Secondly, the performance limits of a
material class can be demonstrated. The potential application of COFs for
vehicular methane storage is investigated and their ability to meet the ARPA-
E targets'" is examined in Section 5.2 and Paper Ill. Lastly, promising mate-
rials for a targeted application can be identified or design rules to synthesize
them can be proposed. This advantage is illustrated in Paper V, in which
potential candidates for post-combustion carbon capture are determined and
design rules are formulated to guide experimental researchers to synthesize
COFs with exceptional performance for CO, capture. These results are
summarized in Section 5.3.

Whereas the calculation of textural properties in the first screening study is
very cheap, allowing them to be calculated for all materials in the database,
the grand-canonical Monte Carlo (GCMC) simulations to determine the
adsorption properties of the two following high-throughput screenings can
become computationally expensive, especially for large-pore materials that

81
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fit many guest molecules. To reduce the computational cost, while maintain-
ing a similar accuracy, the methane properties are derived for a diverse subset
of 10 000 COFs, as mentioned in Section 4.3.3, in the second screening. In the
third high-throughput screening, a similar approach has been followed to
compute the carbon capture performance of a varied subset of 15 000 COFs.
To characterize the complete ReDD-COFFEE database, a machine learning
workflow has been adopted to identify the most promising materials within
this full database of 268 687 materials.

5.1 Textural features of nanoporous materials and
COF property-property relations

Our first high-throughput screening investigates the textural properties of
the COFs in our ReDD-COFFEE database, determines property-property re-
lations between them, and compares these with other classes of nanoporous
materials. Since textural properties are relatively cheap to calculate, all
268 687 materials in the database could be characterized within a reason-
able timeframe. These properties can provide an initial understanding of
the COF material class and are often applied in high-throughput screen-

ings as a first filter to reject materials that do not meet the target design
criteria, 160, 169, 177, 181

The computed properties involve the gravimetric and volumetric accessible
surface areas, the gravimetric accessible volume, and the pore fraction. The
accessible surface area of a unit cell, A,, is the area described by the center
of a probe with a given radius that revolves the framework atoms. The
derived quantities, i.e., the gravimetric accessible surface area, Agrav, and
the volumetric accessible surface area, Ay, can be derived by normalizing
with the mass, M, and volume, V, of such unit cell, respectively. Similarly,
the accessible volume, V., is the unit cell volume that can fit the center of
such a spherical probe. The derived quantities are the gravimetric accessible
volume, Vgray, and the volumetric accessible volume or pore fraction, V.. All
derived quantities are formally defined in Eqn. 5.1 and 5.2.

Agce _ Aacc

Agrav = W Avol - Vv (5‘1)
Vace o Vace

V:grav = M Viol = Vv (5-2)

Also the mass density and the diameters of the largest included sphere, free
sphere, and included sphere along the free path are calculated. All textural
properties are derived with Zeo++.3%® A probe radius of 1.82 A, equal to the
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kinetic radius of nitrogen gas,?'’ is adopted to compute the accessible surface
area and volume.

Property-property relations between the textural properties of COFs are
visualized in Fig. 5.1. As a result of their porous nature and their composition
of organic, lightweight SBUs, COFs possess a very low mass density and
exceptionally high gravimetric properties. As demonstrated by Fig. 5.1c, 3D
COFs have a lower mass density than the more densely packed 2D COFs.
Whereas the majority of the 3D COFs in our database possess a mass density
lower than 200 kg/m?, that of 2D COFs is mostly between 200 and 600 kg/m?3.
The gravimetric accessible surface areas of 2D and 3D COFs reach values in
the range of 1750 to 3000 m?/g and 6000 to 10 000 m?/g, respectively. On
the one hand, as evidenced by Fig. 5.1a and b, the heaviest COFs have only
very narrow pores that are too small to accept guest molecules to enter the
material and, therefore, possess no accessible surface area or volume. On the
other hand, the lightest COFs include the largest pores. Since their unit cell
increases rapidly, while the accessible surface area only grows steadily, the
volumetric accessible surface area of these materials, i.e., the ratio of these
two properties, also drops to zero, as can be observed in Fig. 5.1a and b. COFs
with an optimal balance between accessible surface area and pore volume can
be found in between these two regions of materials with a very low or very
high mass density. These COFs achieve large pore volumes, coupled with
high volumetric and gravimetric accessible surface areas.

Fig. 5.1d demonstrates that the pore diameter and, related, the mass density
are controlled not only by the topology and the SBUs, but also by the linkage
type. Linkages with a small spatial extent decrease the space between the
linker cores. These include boronate ester and imide COFs, but also linkage
types that emerge during COF synthesis, such as boroxine and triazine, since
the linker cores of these SBUs are only separated by a single bond. Therefore,
they result in materials with a lower pore diameter and higher mass density
as opposed to COFs with linkages with a larger spatial extent, such as azine
or (acyl)hydrazone. The property-property relations visualized in Fig. 5.1
illustrate that the porosity of COFs can be tuned by a careful selection of
the topology, SBUs, and linkages.

Besides property-property relations between COFs, we have also compared
them with other classes of nanoporous materials. Fig. 5.2 visualizes the
property-property relations of the COFs in our ReDD-COFFEE database to-
gether with the database of zeolite structures of the International Zeolite As-
sociation (IZA)*” and three MOF databases, i.e., the hypothetical ToBaCCo'!
and hMOF™* databases and the experimental QMOF database.' For each
material class, the same qualitative relation is observed. As determined
in Fig. 5.2a and b, nanoporous materials with a pore fraction around 0.4
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Figure 5.1: a)-c) Property-property relationships between the textural prop-
erties of the materials in our ReDD-COFFEE database. Relation between
a) the gravimetric accessible surface area and b) the pore fraction and the
volumetric accessible surface area. c) The mass density as a function of
the gravimetric accessible surface area. d) Histograms of the mass density
for each subclass of linkage types. Figure reproduced from Ref. 88 with
permission of the Royal Chemical Society (©2023).

and a gravimetric accessible surface area of 4000 m?/g result in the largest
volumetric accessible surface area of almost 2500 m?/cm?. Their mass density
is around 500 kg/m?3, as illustrated in Fig. 5.2c. For all classes of nanoporous
materials, a higher pore fraction leads to materials with a larger gravimetric
accessible surface area. Among the three material classes, COFs have the
lowest mass density and the highest pore fraction, with the structures that
approach a pore fraction of 1.0 reaching gravimetric accessible surface areas
up to 9000 m?/g. Whereas Fig. 5.1 demonstrates that COFs have a broad
range of textural properties, Fig. 5.2 emphasizes their large porosities and
ultrahigh gravimetric accessible surface areas and pore volumes when com-
pared to MOFs and zeolites. This unique combination of properties makes
them of particular interest for adsorption applications.



High-throughput screenings of covalent organic frameworks 85

Figure 5.2: Comparison of the textural properties of the COFs in our
database and other nanoporous materials, i.e, MOFs and zeolites. In a)-
c), the same property-property relations as Fig. 5.1 are provided. d) The
relation between the pore fraction and the gravimetric accessible surface
area. Figure reproduced from Ref. 88 with permission of the Royal Chemical
Society (©2023).

5.2 Determining the performance limits of COFs
for vehicular methane storage

As explained in Section 1.2.2, COFs offer high promise for the vehicular
storage of natural gas, mainly consisting of methane, due to their high
internal surface area and low mass density.'” " The MOVE program of the
US Department of Energy imposed two targets on the deliverable capacity,
defined in Eq. 5.3, to be commercially interesting. A candidate nanoporous
material should have a gravimetric deliverable capacity larger than 0.5 g/g
and a volumetric deliverable capacity of 315 vSTP/v.""” They proposed to
measure the deliverable capacity between a storage pressure of 65 bar and a
depletion pressure of 5.8 bar.!"7: 160

ANcy, = N&§ — N&& (5.3)
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To determine the performance limits of COFs for vehicular methane storage,
the deliverable capacity for a diverse subset of 10 000 materials of the ReDD-
COFFEE database is calculated with GCMC simulations. The subset is se-
lected following the approach explained in Section 4.3.3. A benchmark study
to reproduce the experimental methane isotherms of four COFs®” shows that
combining the DREIDING force field** for the host-guest interactions, the
TraPPE united atom model®'" for the guest-guest interactions, and the MBIS
charges®** for the electrostatic contributions provides the best accuracy while
limiting the computational cost. To reduce the computational resources even
more, both the framework and the guest geometries are fixed due to the
rigidity of their covalent bonds.

Figure 5.3: Property-property relationships between adsorption properties
for the vehicular methane storage of a diverse subset of 10 000 COFs of
the ReDD-COFFEE database. a) Comparison between the gravimetric and
volumetric deliverable capacity. Also the ARPA-E targets are indicated. b)
The relation between the volumetric deliverable capacity and the difference
in heat of adsorption at storage and depletion pressure. c)-d) The volumetric
deliverable capacity as a function of the largest pore diameter and the pore
fraction. The histograms on top of the plots establish the range of values in
which the 5% best and worst materials in terms of the volumetric deliverable
capacity can be found. Figure reproduced from Ref. 88 with permission of
the Royal Chemical Society (©2023).
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Fig. 5.3a illustrates there is a trade-off between the gravimetric and volumet-
ric deliverable capacity. The COFs with the lowest mass density reach the
highest gravimetric deliverable capacity, up to 7.0 g/g. However, these also
comprise the largest volumes, which result in lower volumetric deliverable
capacities of around 60 vSTP/v. Fig. 5.3c and d visualize the property-property
relationships between the volumetric deliverable capacity and the largest
pore diameter and the pore fraction, respectively, together with histograms
of those materials with the 5% highest or lowest volumetric deliverable
capacity, as a function of the largest pore diameter and pore fraction. These
demonstrate that the COFs with the largest volumetric deliverable capacity
exhibit a pore fraction between 0.2 and 0.7 and a pore diameter between
0.7 nm and 3.4 nm. The materials with the highest volumetric deliverable
capacity furthermore possess a large difference between the isosteric heat of
adsorption at the storage and depletion pressures, as evidenced in Fig. 5.3b. In
these COFs, the methane-methane interactions are more dominant than the
methane-framework interactions. This ensures that the methane molecules
are only weakly confined at the low depletion pressure and, therefore, in-
creases the amount of gas that could be delivered.

As observed in Fig. 5.3a, many COFs meet the ARPA-E threshold of 0.5 g/g
for the gravimetric deliverable capacity. However, there is no material that
reaches the target of 315 vSTP/v for the volumetric deliverable capacity. This
does not imply that COFs cannot compete with other nanoporous materials
for vehicular methane storage. In fact, the material in our subset with the
largest volumetric deliverable capacity of 187.4 vSTP/v, i.e., the boronate
ester COF ths-c3_11-01-01_06-08-01_06-08-01, performs comparable to cur-
rent state-of-the-art materials, such as MOF-5 (182 vSTP/v),>1> HKUST-1 (183
vSTP/v),313 Co(bdp) (197 vSTP/v),2™ or NJU-Bai 43 (198 vSTP/v).3!> Previous
research has demonstrated that physical constraints prevent the ARPA-E
targets from being reached, even by these record-holding materials.'¢% 31
Despite that functionalization or anchoring of alkali metals to the COF3'” can
increase the volumetric deliverable capacity, our high-throuhgput screening
indicates that currently the performance limits of COFs are insufficient for
the commercial development of the adsorbed natural gas (ANG) technology,
similar to other classes of nanoporous materials.

5.3 Identifying promising COF candidates for car-
bon capture

As a last clean energy application, COFs are investigated for their adop-
tion as nanoporous adsorbents in carbon capture, as introduced in Section
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1.2.1.68. 1067108 Hioh-notential candidates for post-combustion carbon capture
using a pressure swing adsorption process are identified and design rules are
proposed to guide experimental researchers towards COFs with high CO,
capture performance. Furthermore, we demonstrate that machine learning
(ML) algorithms can significantly accelerate our high-throughput screening
by identifying a set of promising materials. In post-combustion carbon
capture, CO; is isolated from the flue gases of industrial power plants, which
is a mixture of mainly N; and CO, molecules. The three key advantages
of this technology are the easy installation on existing infrastructures, the
stationary nature of these point sources, and the relative high concentration
of CO; molecules in flue gases.3™

In a typical carbon capture process, CO, molecules are captured at ad-
sorption conditions and regenerated at desorption conditions. The specific
adsorption and desorption conditions are determined by the type of process.
In the pressure swing adsorption approach considered here, the temperature
is kept fixed at 298 K and the pressure varies from 10 bar to 0.1 bar during
adsorption and desorption, respectively. Similar to the deliverable capacity
of methane, introduced in Section 5.2, the CO, working capacity, ANco,,
is the amount of molecules that can be captured every cycle, as defined in
Eq. 5.4:

ANco, = Neg, = NEG, (5.4)

However, in contrast to the case of vehicular methane storage, the flue gas of
industrial power plants consists of a mixture of N, and CO,. Therefore, the
perfect adsorbent material should not only have a high working capacity,
but also favor the adsorption of CO, molecules over N, molecules, i.e., they
should have a high CO/N; selectivity. Depending on the adopted calcula-
tions, two types of selectivity can be defined. As defined in Eq. 5.5, the ideal
selectivity, Sigeal, can be derived from the CO, and N, uptakes as calculated
with single-component GCMC simulations:

ads
NCOZ

ade (single-component GCMC) (5.5)
NS

Sideal =

When mixture GCMC calculations are used, mimicking the flue gas as a
binary inlet gas with mole fraction yco, and yn,, the more accurate mixture
selectivity, Smix, can be determined by Eq. 5.6. Since this takes into account
the interactions between the two gas components, this metric also charac-
terizes competitive adsorption and coadsorption.

ads
_ Ncoz/yCOz

Smix = (mixture GCMC) (5.6)
Nl;ajgs/yNz
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Designing the ideal COF for CO,/N; separation is a trade-off between max-
imizing the working capacity and selectivity of a material.’®® The working
capacity is highest in materials with large pores, which increases the gas
uptake at adsorption conditions. However, frameworks with relatively small
pores demonstrate a higher selectivity due to strengthened interaction with
the pore walls. To allow for a robust and effective ranking of the top candi-
dates, the adsorbent performance score (APS), defined in Eq. 5.7, combines
these two adsorption properties into a single parameter.3"

APS, = ANco, 5, (5.7)

The subscript x indicates the type of the employed GCMC calculations and
can either be “ideal” or “mix”. In all GCMC simulations, the host-guest and
guest-guest interactions are described with the MM3%2 and UFF?®! force
fields, respectively, whereas the partial charges for the electrostatic contri-
bution are derived with MBIS.23* This level of theory agrees best with the
experimental isotherms®” and ab initio Henry coefficients,32
in a benchmark study. Similar to the GCMC calculations in Section 5.2, the
framework and the guests are considered rigid.

as determined

The procedure proposed in this high-throughput screening is depicted in
Fig. 5.4. In the first step, detailed in Section 5.3.1, the CO; working capacity
and ideal CO,/N; selectivity are calculated with single-component GCMC
calculations for a diverse subset of 15 000 COFs from the ReDD-COFFEE
database. Whereas the ideal selectivity provides a poor quantitative predic-
tion of the mixture selectivity, the ranking of these two metrics is strongly
related. As such, the ideal selectivity can serve as a first qualitative prediction
of the performance of a set of materials. Since this subset is selected using
the method introduced in Section 4.3.3, its COFs are representative for the
complete database and the working capacity and ideal selectivity of all 268
687 COFs can be easily learned from its results. This is exactly what is done
by a ML model in the second step of our high-throughput screening, as
explained in Section 5.3.2. With these derived results, the most promising
COFs are selected and passed on to the third and last step of our screening.
In Section 5.3.3, these COF candidates are characterized with mixture GCMC
calculations to include the effects of competitive adsorption and coadsorp-
tion. Finally, the materials are ranked based on APS,;x to identify the COFs
with the highest potential for post-combustion carbon capture. In Section
5.3.4, the top-performing COFs are analyzed to establish design rules to guide
experimentalist researchers.
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Figure 5.4: Schematic overview of the multistep procedure followed in our
high-throughput screening to identify top-performing COF candidates for
carbon capture. Figure reproduced from Ref. 321 with permission of the
American Chemical Society (©2024).

5.3.1 Step 1: screening of the diverse subset

In the first step of our high-throughput screening, single-component GCMC
calculations are performed on 15 000 COFs to determine the CO, working
capacity, ANco,, and the ideal CO,/N; selectivity, Sigeal- These results are
summarized in Fig. 5.5. The trade-off between the working capacity and the
selectivity is visualized in Fig. 5.5a. On the one hand, COFs can achieve a
very high CO; working capacity, up to 123.3 mol/kg. However, as mentioned
before, this is observed for materials with very large pores (> 10 nm) that
have a low selectivity.

On the other hand, COFs with very small pores, i.e., between 0.35 nm and
0.4 nm, have the highest selectivity, with values up to 53.5, but a very low
working capacity. As illustrated by Fig. 5.5b, CO, molecules bind more
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tightly to these materials than N, molecules. This is evidenced by the large
difference between the heat of adsorption of these guests for the materials
with the highest ideal selectivity. Whereas the pores of these COFs can
perfectly accommodate CO; molecules, which have a kinetic diameter of
0.33 nm, they have more difficulties with storing N,, due to their larger
kinetic diameter of 0.364 nm. As displayed in Fig. 5.5a, the materials with
the highest APS;gea have a pore diameter around 1.0 nm. These materials do
not have the largest working capacities or selectivities, which are observed
for the very large and very small pore materials, respectively, but achieve
relatively high values of both properties simultaneously. The material with
the highest APS;gea of 527.8 mol/kg is the (acyl)hydrazone COF twt-b_11-04-
05_11-02-05_None_None, which has a working capacity of 35.9 mol/kg and
an ideal selectivity of 14.7. Whereas its ideal selectivity can be compared with
that of conventional adsorbents such as zeolites 13X (ANco, = 2.3 mol/kg,
Sideal = 17.45)3%2 and 5A (ANco, = 4.18 mol/kg, Sideal = 46.5),32 its CO,
working capacity is much higher.

In Fig. 5.5¢c and d, the dependency of the carbon capture performance on the
linkage types of COFs is studied. To this end, the characterized subset is
divided in different classes, according to the linkage type that connects the
SBUs. Fig. 5.5c demonstrates that COFs with an (acyl)hydrazone, imide, or
(keto)enamine linkage (different shades of green in Fig. 5.5¢c and d) typically
exhibit higher APS;4eq values. The distributions of APS;qca for these classes
have medians of 33.1 mol/kg, 31.8 mol/kg, and 30.6 mol/kg, respectively,
significantly higher than those of other linkage classes. This can also be
concluded from Fig. 5.5d, which depicts the fraction of each linkage class
in a subset generated by only selecting those structures that have an APSjgea)
exceeding the threshold indicated on the z-axis. The subset belonging to the
lowest possible APS;qeal threshold of 0 mol/kg coincides with the full material
set of 15 000 COFs. When systematically increasing this threshold, only
well-performing materials are selected for the subset. The best-performing
materials, i.e., those with a high APS;qea value, mostly contain an imide
linkage. This linkage is observed in 69.4% of the COFs with an APS;4e, above
200 mol/kg. Also (acyl)hydrazone and ketoenamine linkages are frequently
present in this subset, with a linkage share of 16.7% and 5.6%, respectively.

5.3.2 Step 2: machine learning prediction of the working ca-
pacity and selectivity

Since the characterized subset is selected to have a similar diversity as
the ReDD-COFFEE database, the CO, working capacity and ideal CO,/N;
selectivity for all 268 687 materials can be derived using a ML model, as
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Figure 5.5: Analysis of the first step of our high-throughput screening in
which the working capacity and ideal selectivity of a diverse subset of 15
000 COFs is determined. The relation between the ideal selectivity and a)
the working capacity and b) the difference in heat of adsorption of CO; and
N, are visualized, together with the largest pore diameter indicated by the
color code. c) Histograms of APS;4ea for each linkage subclass. d) The share
of each linkage class in a varying subset determined by all COFs with an
APSijgeal exceeding the threshold defined on the z-axis. The color code in c)
and d) are the same. Figure adapted from Ref. 321 with permission of the
American Chemical Society (©2024).

is done in this second step. Five different ML algorithms are adopted that
have previously succeeded in accurately predicting adsorption properties
in nanoporous materials, i.e., kernel ridge regression (KRR), support vector
regression (SVR), multi-layer perceptron regression (MLP), random forest
regression (RF), and gradient boosting regression (GB).!"% 27324 Each of
these models is trained to predict five adsorption targets, i.e., the CO; uptake
at adsorption conditions, the CO, uptake at desorption conditions, the N,
uptake at adsorption conditions, the CO; working capacity, and the ideal
CO4/Nj; selectivity. Besides the direct calculation of the working capacity and
selectivity, they can also be derived from machine learning models trained
on the individual guest uptakes. Similar to the calculation of the diversity
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Figure 5.6: Comparison between the most accurate ML predictions of the
five adsorption properties and their actual values as determined by GCMC
calculations for the 5000 COFs in the test set. The best model for each target
is indicated above the respective plot. Furthermore, the coefficient of de-
termination (R?), Pearson correlation coefficient (PCC), and Spearman rank
correlation coefficient (SRCC) are reported in the insets. Figure reproduced
from Ref. 321 with permission of the American Chemical Society (©2024).

metrics in Section 4.3.2, each COF is featurized using textural parameters
and RACs to describe the chemical environment of the linker cores, linkages,
and functional groups. To benchmark the ML models, the diverse subset is
divided in a train and test set of 10 000 and 5000 materials, respectively.

The most accurate ML models and their test set predictions are visualized
in Fig. 5.6. The insets report the coefficients of determination (R?) and
the Pearson and Spearman rank correlation coefficients (PCC and SRCC,
respectively). These metrics indicate that among the individual uptakes, the
CO;, uptake at desorption conditions is most difficult to predict, followed
by the CO, uptake at adsorption conditions. This can be explained since
the chemical environment of COFs is challenging to characterize.” At the
desorption pressure of 0.1 bar, this chemistry is more important than at the
adsorption pressure of 10 bar, where the guest uptake is highly correlated
with the textural features. The framework chemistry is also more crucial
to determine the CO; uptakes than the N, adsorption, due to the higher
quadrupolar moment of COs.

We observe that the ML algorithms directly trained on the working capacity
are mainly fitted to the CO; uptake at adsorption conditions, which is two
orders of magnitude larger than that at desorption condition. Since the
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Figure 5.7: 2D histogram of the ML predicted CO, working capacity and
ideal CO,/N; selectivity for all 268 687 COFs in the ReDD-COFFEE database.
The threshold of APSjgeal = 70 mol/kg determines the promising materials
that are retained for further screening in Section 5.3.3. Figure reproduced
from Ref. 321 with permission of the American Chemical Society (©2024).

small variations of the desorption CO, uptake can be better described by
a ML model specifically trained at desorption conditions, the most accurate
predictions of the working capacity are obtained for the model derived from
the individual uptakes of CO, at adsorption (SVR) and desorption conditions
(GB). On the contrary, the selectivity is largely determined by the synergy of
the CO, and N, uptakes, causing the most accurate model to be a directly
trained ML algorithm (GB). Since small deviations of the N, adsorption have
a large influence on this property and it heavily depends on the chemistry
of the framework,3? the selectivity is more difficult to learn by a ML model
than the working capacity, as illustrated by the smaller R? value and Pearson
correlation coefficient of 0.960 and 0.982, respectively. However, since the
model correctly describes the order of the selectivities, as verified by the large
Spearman rank correlation coefficient of 0.995, our goal of selecting a set of
high potential COFs for further screening is still reached.

Fig. 5.7 provides an updated version of Fig. 5.5a, with the ML predicted work-
ing capacity and ideal selectivity of all 268 687 COFs in the ReDD-COFFEE
database. A promising set of 3305 materials is selected by introducing a
threshold of 70 mol/kg on the APS;4ea1- These are retained in Step 3 for further
screening.
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5.3.3 Step 3: mixture selectivity of the most promising COFs

In the third step of our screening approach, the set of 3305 promising COFs
retained in Step 2 are characterized with mixture GCMC calculations using
a binary inlet gas with a CO;:N; ratio of 15:85, mimicking the typical flue
gas composition of industrial power plants. With this type of simulations,
the more accurate mixture selectivity, Smix, can be derived. As opposed to
the ideal selectivities calculated in the previous steps, this feature takes into
account the effects of competitive adsorption and coadsorption. When the
two gas components do not interact, as in single-component GCMC calcu-
lations, a specific adsorption site is available to both CO, and N, molecules.
However, when they can interact, only one molecule can attach to this site.
Furthermore, the nature of the adsorption site can change when adding other
molecules. These effects can alter the guest uptakes and, thus, also the
selectivity.

Due to the small interactions with the pore walls, switching from single-
component to mixture GCMC calculations changes the selectivity of the
large-pore COFs only negligibly, as illustrated in Fig. 5.8a. When the pore
sizes become smaller and the ideal selectivities increase, larger corrections
are observed. Whereas the deviations remain small when the mixture se-
lectivity is lower than the ideal selectivity, the selectivity can increase by
multiple orders of magnitude when switching from ideal to mixture selec-
tivity. As such, the ideal selectivity behaves as a rough lower limit for
the mixture selectivity and the highest APS,ix will be even larger than the
highest APSigeal- These findings indicate that the ideal selectivity serves
as an acceptable starting point to predict the separation performance of
COFs. However, the introduction of a mixture gas resembling experimental
conditions has a significant impact on the specific adsorption characteristics.

In Fig. 5.8b, an updated version of Fig. 5.5a and Fig. 5.7 is provided for the
set of promising COFs in which the ideal selectivity has been replaced by
the mixture selectivity. As could also be observed in Fig. 5.8a, the mixture
selectivity of 2D COFs is on average larger than that of 3D COFs. However,
due to the larger spread of the selectivity of 3D COFs, these provide the
materials with the highest APS.,ix values. With an APSx of 2835.1 mol/kg,
the best performing material is the 3D imide COF twt-b_12-03-07_17-09-
07_None_None (ANco, = 13.2 mol/kg, Smix = 215.3). Also the 2D COF
with the highest APS,,ix value is an imide COF, i.e., hne_17-09-07_17-09-
07_17-09-07_02-03-07_02-03-07_02-03-07_02-03-07_02-03-07 (ANco, = 5.7
mol/kg, Smix = 127.1). Both materials are visualized in Fig. 5.9a. Despite
being the top performers, these materials exhibited a notably lower ideal
selectivity of 7.8 and 9.0, respectively. This demonstrates the necessity
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Figure 5.8: Analysis of the third step of our high-throughput screening in
which the working capacity and mixture selectivity of set of 3305 promising
COFs is determined. a) Comparison between the ideal selectivity and the
mixture selectivities. b) The relation between the CO, working capacity and
the mixture CO,/N; selectivity of the COFs in the characterized subset. The
color codes indicate the density of 2D (orange/red) and 3D (green) COFs.
Figure reproduced from Ref. 321 with permission of the American Chemical
Society (©2024).

of mixture GCMC calculations to effectively rank the COFs with the best
carbon capture performance.

5.3.4 Design strategies for top-performing COFs

To determine design rules for experimental researchers to synthesize out-
standing COFs for carbon capture, we closely investigated the top-20 of 2D
and 3D COFs with the largest APSp,ix values. Our hypothesis of Section
5.3.1that imide linkages result in materials with an enhanced carbon capture
performance is validated since 75% and 100% of the structures in the top-20
of 3D and 2D COFs exhibit this linkage type, respectively. Among the top-20
of 3D COFs, a three-fold connected phenyl ring is frequently observed, as
proven by the presence of SBUs 11-03-04 and 17-09-07, which are detected
in 20% and 70% of the materials, respectively. Within the top-20 of 2D COFs,
the fluor-functionalized and imide-terminated phenyl rings, represented by
SBUs 02-03-07 and 17-09-07, are recognized in 50% and 55% of the structures,
respectively. Furthermore, the top-5 of 2D COFs contains only materials that
are assembled by these two building blocks. These SBUs are visualized in
Fig. 5.9c.

The distribution of CO, molecules for the best-performing 3D and 2D COF
is visualized in Fig. 5.9a. For the 3D COFs, adsorption sites in pores with a
diameter of 1.0 nm enclosed by approximately parallel aromatic rings provide
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Figure 5.9: Visualization of the top-performing materials and a proposal for
experimental candidates identified during our high-throughput screening. a)
The 2D and 3D COFs with the highest APS,ix value. The insets visualize
a detail of the CO; distribution at 10 bar. b) Candidates for experimental
synthesis with high carbon capture performance. Both the topology and
SBUs of these materials are observed in already synthesized COFs. c) An
overview of some frequently occuring SBUs in the top-20 of best-performing
2D and 3D COFs. Figure reproduced from Ref. 321 with permission of the

American Chemical Society (©2024).
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the highest CO, densities. In a recent study, Boyd et al. found a similar
conclusion after they screened a MOF database for carbon capture.’® This
also explains our conclusion of Section 5.3.1 that COFs with a pore diameter
around 1.0 nm have an increased carbon capture performance. Since the
aromatic rings in 2D COFs are mainly aligned with the layer, these high-
density pockets are usually absent in these materials, explaining their lower
APSix compared to 3D COFs. The large influence of the selected linkage and
SBUs on the carbon capture performance of 2D COFs demonstrates that the
chemical environment of the COF framework is crucial for these materials.
Therefore, the CO, molecules in these materials are mostly located close
to the pore walls, as can be observed for the best-performing 2D COF in
Fig. 5.9a. The high CO; selectivity of fluor-functionalized COFs has been
experimentally verified in triazine COFs,326-328

Despite the fact that hypothetical databases are very valuable to explore
property-property relations and performance limits for a targeted applica-
tion, synthesizing the best-performing materials can be exceptionally chal-
lenging, if not impossible. Interestingly, three COFs are identified in the
top-20 of 2D and 3D COFs with experimentally observed topologies. These
materials, exhibiting the ctn,®" bor,*" and hcb?® topology, are visualized in
Fig. 5.9b. Since also their SBUs have been successfully employed in COF
synthesis, these materials would be excellent candidates for experimental
validation, as suggested explicitely with hypothetical synthesis protocols in
the Sl of Paper V.78 329330

In this chapter, we have performed three high-throughput screenings on the
ReDD-COFFEE database. We determined the textural properties of COFs
and compared them with MOFs and zeolites, demonstrating that COFs
exhibit lower mass densities and higher gravimetric accessible surface areas
and pore volume than the other classes of nanoporous materials. The perfor-
mance limits of COFs for vehicular storage of ANG are identified. Although
that the best COFs in our database can compete with the currently best
performing nanoporous materials, it is still too early for their commercial
development for this application. Furthermore, we also investigated the
possibility to adopt COFs as nanoporous adsorbent beds in post-combustion
carbon capture. Using a machine learning approach, we established several
property-property relations between the macroscopic and microscopic prop-
erties of COFs, identified promising subclasses, and proposed candidates for
experimental synthesis.
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6.1 Conclusion

The synthesis of the first COFs has sparked interest in this new class of
functional nanoporous materials with enhanced stability and structural ver-
satility. This large freedom in atomic geometries, enabled by the concept of
reticular chemistry, allows control over the material’s macroscopic physico-
chemical properties on the microscopic level. However, it also implies that
an almost unlimited number of materials can be proposed. An experimental
characterization of this vast material space is a cumbersome, if not im-
possible, process, due to the time-intensive synthesis of a single material,
the cost of its precursors, or the harsh synthesis conditions. Therefore,
computational high-throughput screenings have been developed in the past
decade as an efficient and reliable toolbox to characterize material classes
in silico prior to their experimental synthesis. Such high-throughput screen-
ings have three major advantages: i) identifying promising candidates for a
targeted application, ii) establishing property-property relationships to guide
experimental researchers, and iii) exploring performance limits to determine
the applicability of the material class for a certain application.’

The hypothetical database used in our high-throughput screenings is gener-
ated using an automated in silico assembly algorithm, based on an additive
top-down approach, as explained in Chapter 3 and Paper IlI. The top-down
approach starts from the topological embedding and deliberatily decorates
its nodes with SBUs. By applying both geometrical and energetical criteria
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to select favorable SBU configurations, plausible periodic materials can be
generated. Since the energetic criteria depend on all SBU configurations,
the deformation energy should in principle be computed for each material
configuration, which can become very large. To increase the computational
efficiency of our algorithm, an additive approach is proposed in which the
SBUs are added one-by-one by inserting them in a breadth-first iteration
through the topological graph. Whereas Section 3.3, Paper I, Paper Il, and
Paper IV demonstrate our additive top-down approach in three case studies
on COFs, it can also be applied to other reticular material classes, such as
MOFs and zeolites.

In Chapter 4 and Paper Ill, our additive top-down approach is adopted to
a large set of (topology, SBUs) combinations to generate our ReDD-COFFEE
database of 268 687 COF geometries and accompanying system-specific force
fields. ReDD-COFFEE is an acronym for Ready-to-use and Diverse Database
of Covalent Organic Frameworks with Force field based Energy Evaluation.
Using the deformation energy introduced in Section 3.1, those structures that
have a low synthetic feasibility are discarded from the database. In Section
4.3, the diversity of the ReDD-COFFEE database is quantitatively compared
with that of other experimental and hypothetical COF databases. Whereas
the experimental databases are biased towards the often reported imine and
boronate ester COFs, the hypothetical databases only include a small number
of linkage types. To provide a reliable representation of material space, we
included a well-balanced and diverse set of 11 linkages in our database. Fur-
thermore, compared to the previously established COF databases, the ReDD-
COFFEE database exhibits a high diversity in terms of the pore geometry and
linker cores, originating from the large topological variety facilitated by the
preceding top-down approach. However, the diversity in functional groups
remains limited, although this can be circumvented by functionalizing the
database a posteriori. Since all materials are provided in an energy minimum
of the potential energy surface, the database is ready-to-use in molecular
simulations. By providing open access to the database via the Materials
Cloud, we encourage other researchers to further investigate the possibilities
offered by these fascinating functional materials.?**

Besides its reliance on the availability of a diverse database of material
geometries, a high-throughput screening typically also requires an accurate,
yet efficient, description of the interatomic interactions in the material.
Due to the scale of our high-throughput screening, which prevents ab initio
characterization, we have used force fields throughout this thesis. However,
unlike most high-throughput screenings, which rely on generic, fully trans-
ferable force fields, we have derived system-specific force fields, fitted to
quantum mechanical reference data, for each material in the database. This
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was possible by exploiting the reticular chemistry concept to derive force
fields for periodic materials from a limited set of cluster force fields for the
building blocks. This approach, introduced in Section 2.1.2, avoids the cost
of deriving ab initio training data for all 268 687 COFs, but requires only the
reference data of the 279 SBUs from which the database is generated. As
such, by taking advantage of the modular nature of our database, an optimal
balance between accuracy and computational feasibility in describing the
interatomic interactions was obtained. The increased accuracy of these force
fields is demonstrated in Section 4.2 and Paper Ill by validating their ability
to reproduce experimental and ab initio structural characteristics such as
PXRD patterns and single-crystal structures.

Besides characterizing the textural properties, we screened the ReDD-
COFFEE database for two clean energy applications, i.e., vehicular methane
storage and post-combustion carbon capture, in Paper Ill and Paper V. In
Section 5.1, property-property relationships between the textural properties
of the COFs in our database are established and compared with MOFs and
zeolites. This analysis showed that similar trends in the textural properties
of multiple nanoporous material classes can be observed. Compared with
the other material classes, COFs demonstrate low mass density and high
gravimetric accessible surface areas and pore fractions, but low volumetric
accessible surface areas. Furthermore, the performance limits of COFs as
attractive storage materials for ANG in vehicular transport are checked in
Section 5.2. Whereas the highest volumetric deliverable capacity approaches
that of current state-of-the-art materials, the ARPA-E target for this property
is not reached, preventing nanoporous materials from commercial develop-
ment for this application.

Lastly, promising COFs for post-combustion carbon capture are identified
in Section 5.3, together with design rules to guide experimental researchers
towards high performing COFs. During this high-throughput screening,
we adopted a machine learning algorithm trained on a diverse subset to
predict the CO, working capacity and ideal CO,/N, selectivity of all ma-
terials in the ReDD-COFFEE database. In this way, we could select a set of
3305 promising candidates with only a fraction of the computational cost
compared to a full characterization of the database. To incorporate the
effects of competitive adsorption and coadsorption, these promising COFs
are subsequently characterized with mixture GCMC calculations. These
demonstrate that the ideal selectivity provides a first indication of the carbon
capture performance, but the mixture selectivity is required to effectively
rank the best-performing COFs for carbon capture. From the first step of
our screening study, it can be concluded that COFs with a pore diameter of
around 1.0 nm exhibit both a high working capacity and high ideal selectivity.
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These materials demonstrate adsorption sites with high CO, affinity in pores
with this diameter that are enclosed by aromatic rings, commonly found in
the top-performing 3D COFs. Unlike their 3D counterparts, 2D COFs lack
these potential adsorption sites due to their layered nature. In these ma-
terials, the framework chemistry is a crucial factor to design high-potential
COFs, with fluor substituents showing a superior performance among the
studied functional groups. For both 2D and 3D COFs, materials featuring
an imide, (acyl)hydrazone, or (keto)enamine linkage exhibit a high affinity
for CO,. Among the top-20 2D and 3D materials, three prime candidates for
experimental synthesis are identified due to the availability of a synthetic
route. While there are already COFs constructed with the topology and SBUs
of these candidates, the current approach to COF synthesis remains largely
empirical, lacking the systematic design facilitated by reticular synthesis.
Whereas the deformation energy provides a first insight into the synthetic
feasiblity of COFs, comprehensive descriptors to predict the stability and
crystallinity of COFs are currently lacking. Nevertheless, once new synthetic
pathways emerge in the rapidly evolving field of COF synthesis, the proposed
materials can be quickly synthesized.

6.2 Perspectives

Of course, this thesis is only one piece in the ongoing field of COF research
and high-throughput screenings on nanoporous materials. Similar as | could
stand on the shoulders of the researchers that came before me and take
advantage of their pioneering work, | hope that my work contributes to the
fascinating science in the field of nanoporous materials. In this concluding
section, | will provide a short overview of possible future avenues building on
the research performed in this thesis.

Within the context of automated in silico materials design, substantial
progress is possible in three areas:

« Firstly, the topological representation of a material is capable of de-
scribing a wide range of spatial disorder phenomena, such as missing
SBUs, phase separation, and grain boundaries, and can even represent
finite crystals.33! Therefore, the top-down approach has a large poten-
tial to generate defective structures, which remains largely unexplored.

« Secondly, little attention has been devoted to the accurate prediction
of low-energy structures. At the moment, Weaver is the only software
package that screens multiple material configurations to find the most
optimal combination of SBU configurations.' Whereas its developers
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implemented a generic algorithm, also other optimization routines can
be explored.

+ Lastly, many materials, such as multivariate reticular materials,
demonstrate multiple low-energy configurations. The specific config-
uration of a cell represents chemical or physical information, and the
sequence of cells in the material can be interpreted as an array of
multistate bits. The amount of information that can be stored in a
single cell of a material, i.e., the number of feasible material configura-
tions, is defined as the unit cell information capacity (UCiC).3*? With a
slight adaptation of the top-down scheme, these configurations can be
explicitly enumerated, to enable a theoretical prediction of this metric.

Turning our attention to the generation and screening of material databases,
| again discern three major directions for future development.

« In the first place, further efforts have to be made to develop descrip-
tors similar to the deformation energy defined in Eq. 3.2 that can
predict the synthetic feasibility of a material.?’® 333 Besides providing
unprecedented insight in synthesis processes, such descriptors would
also allow us to extract those materials from hypothetical databases
that can actually be synthesized.

« Secondly, it is more important for a database to provide a balanced
representation of material space than to have a large number of ma-
terials. As illustrated in Section 4.3.1 for COF databases, experimental
databases have the tendency to overlook subclasses with few synthe-
sized materials, even though they can have outstanding character-
istics, and hypothetical databases represent only part of the mate-
rial space due to their specific assembly algorithm. Therefore, small
datasets with high diversity are preferred over large databases with
limited diversity. A promising pathway to generate new materials
has been proposed by Majumdar et al.>** They analyzed experimental
MOF databases to identify regions in material space that are under-
represented in hypothetical databases. Using this information, they
generated a set of 20 000 MOFs that drastically improved the diversity
of the hypothetical databases.

« Finally, it is often unnecessary to screen a whole database to identify
candidates for a targeted application. Using an active learning ap-
proach, high-performing materials from an existing database can be
efficiently found.?'% 3% |n such iterative procedure, new structures are
added to a subset in each step to maximize the predictive power of the
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characterized dataset. When a material can be featurized before its ex-
plicit construction, the database can even remain virtual and only those
structures that have to be computed should be generated.!?% 20% 213

In the past few years, machine learning potentials (MLPs) have emerged as
a new level of theory between system-specific force fields and quantum me-
chanical calculations. These are numerical potentials generated by fitting a
machine learning model to extensive quantum mechanical training data.?'"2*
Since their analytical expression, which involves a huge number of parame-
ters, allows to learn complex relationships, MLPs are able to approach ab ini-
tio accuracy. Whereas they are mostly adopted to describe local interactions,
they have started to find their way in determining processes that are dom-
inated by non-covalent interactions, such as adsorption and separation.33
While the quest for an accurate universal MLP, virtually applicable to any
imaginary material, is open,**”-3% the field of high-throughput screenings
would largely benefit from a database accompanied with an MLP for each
material. This would tremendously increase the attained accuracy of any
high-throughput screening performed on it. Similar to the cluster approach
followed in this thesis, deriving an MLP for the respective SBUs instead of
the complete materials, could drastically reduce the required training data,
and thus computational cost, for obtaining potentials for a large material

dataset.3®

Obviously, high-throughput screenings on the ReDD-COFFEE database are
not limited to the ones demonstrated in this thesis. Numerous screening
studies are possible, only limited by the imagination and perseverance of the
involved scientists. Whereas most screenings to date have focused on ad-
sorption properties, due to their computational efficiency, other applications
have started to emerge as well. Our ReDD-COFFEE database is especially
interesting for those applications that require MD simulations, such as me-
chanical stability'>> 18 and thermal conductivity," since these will benefit
most from the higher accuracy of the interactions described by our derived ab
initio force fields. Also high-throughput screenings on quantum mechanical
properties such as the electronic band gap'®® ¥ 190 and catalytic activity'™"
have been performed. Since these are computationally costly, they would
benefit most from a reduced subset of the ReDD-COFFEE database or an
active learning approach, as it would be too expensive to characterize the
whole database.

With this thesis we hope to have contributed to the further development
of COFs with tailored properties for diverse applications, ranging from gas
adsorption for clean energy application to catalysis. As we stand at the
forefront of materials design, this work not only expands the frontiers of



Conclusions and perspectives 105

COF research but also demonstrates the potential of computational research
in guiding experimental efforts towards the realization of advanced and
functional materials. The insights gained from this study not only advance
the field of COFs but also serve as a blueprint for the rational design of novel
reticular nanomaterials in the broader landscape of materials science and
engineering.
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Abstract: Structurally characterizing new materials is tremen-
dously challenging, especially when single crystal structures are
hardly available which is often the case for covalent organic
frameworks. Yet, knowledge of the atomic structure is key to
establish structure-function relations and enable functional
material design. Herein, a new protocol is proposed to
unambiguously predict the structure of poorly crystalline
materials through a likelihood ordering based on the X-ray
diffraction (XRD) pattern. Key of the procedure is the broad
set of structures generated from a limited number of building
blocks and topologies, which is submitted to operando
structural characterization. The dynamic averaging in the
latter accounts for the operando conditions and inherent
temporal character of experimental measurements, yielding
unparalleled agreement with experimental powder XRD
patterns. The proposed concept can hence unquestionably
identify the structure of experimentally synthesized materials,
a crucial step to design next generation functional materials.

Introduction
The design of functional materials is instrumental for

advancing technological solutions to tackle pressing societal
problems,""] such as combating climate change and creating
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clean energy pathways. In the last few years, new materials
with particular functionalities have been proposed at a very
high pace, due to an in-depth microscopic understanding of
their functionality and the growing toolbox of synthetic
chemists. Within this toolbox lies the concept of reticular
design,™ where judiciously chosen building blocks are assem-
bled in a predesigned topology, giving rise to materials such as
metal-organic frameworks (MOFs) and covalent organic
frameworks (COFs)."”l Due to their extensive tailorability
and attractiveness for a vast range of applications, the
structural design of MOFs and COFs has formed a very
active field of research.!""™ Thanks to a meticulous control
over synthesis conditions and an ever-expanding versatile set
of experimentally available building blocks, it has even
become possible to synthesize combinations of building
blocks in different structures. To fully explore the function-
alities of the enormous amount of potential structures that
can be formed from a given set of building blocks, an accurate
protocol is needed to systematically derive structural models
for these materials at realistic working conditions of temper-
ature and pressure."®'”! Such structural characterization is
a conditio sine qua non for the atomically guided design of
functional applications in the fields of catalysis, sorption, light
harvesting and more.

Reticular synthesis states that the atomic-level structure
of any framework material is defined by a structural model
containing three elements:™! (i) the material’s building
blocks, (ii) its topology, and (iii) the embedding of the building
blocks in this topology. When designing new experimental
materials, X-ray crystallography is typically adopted to
construct such a structural model. While single-crystal X-ray
diffraction (SCXRD) measurements allow for the direct
atomic-level determination of a material’s bulk structure,'” it
is notoriously difficult to obtain large single crystals for most
porous materials such as MOFs and COFs and one usually
resorts to powder X-ray diffraction (PXRD) measurements*”!
or electron crystallography.”*) During a PXRD measure-
ment, however, the 3D reciprocal space is non-injectively
projected onto a 1D Bragg angle, making the determination
of the true structural model impossible without prior infor-
mation about the structural model. Given the need for such an
ad hoc model—which is absent in SCXRD—PXRD measure-
ments require a method to verify the validity of these
proposed structural models. Therefore, as discussed in more
detail in Section S1.1, whole powder pattern fitting (WPPF)
methods are used to either reject or accept a possible model
based on a visual analysis of the experimental and modeled
PXRD patterns, and on error measures such as the weighted
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profile residual.”®) However, when noisy PXRD patterns are
obtained, such as for structures that lack long-range order,
extracting any structural information becomes increasingly
difficult. As a result, classical methods that rely on the
diffraction data to refine initial structural parameters, such as
the WPPF methods or other popular top-down methods, fail
to accurately discern between multiple possible structural
models.**¥

To circumvent this ambiguity and ensure that no structural
models are overlooked when characterizing challenging func-
tional materials, we here present an automated protocol that
fully accounts for the dynamic averaging of structures taking
place at operating conditions. The procedure, schematically
illustrated in Figure 1, reverses the aforementioned exper-
imental PXRD approach by exhaustively exploring all
potential structures starting from the building blocks and all
possible topologies, and identifying the most likely structural
model upon comparing with an experimental PXRD pattern.
To that end, a large set of possible structural models is
generated from the provided building blocks, which are
assembled in various topologies in the first step of our
protocol. In the second step, PXRD patterns are derived,
using either a static or a dynamic approach in which the
inherent dynamic character of an experimental measurement
is introduced. In the third and final step, a heuristic is derived
and applied to order the proposed structural models as
a function of their likelihood to reproduce the experimental
diffraction pattern. Such a systematic computational protocol
has the added benefit of replacing the ad hoc visual analysis
by a well defined metric, allowing quantitative statements on
how well the model performs.

COFs are ideal materials to test our protocol, as their
structural characterization is challenging due to often noisy
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PXRD patterns, owing to a lack of long-range order and
crystallinity in most experimental samples. These promising
materials are made up from light, covalently bound, organic
constituents, combining low mass densities with a high
stability. Potential applications are situated in the field of
drug delivery,?! (photo-)catalysis,*>** sensing,**"! (opto)-
electronics™* and gas/liquid storage and separation.*' ! In
general, one can distinguish between 3D COFs, which are
completely connected by strong covalent bonds, and 2D
COFs, which form layered structures whose stacking order is
determined by much weaker forces, such as dispersion and
Coulomb interactions.* Only a handful of SCXRD patterns
are available for COFs, which are limited to the strongly
connected 3D COFs.™! Up to now, it is therefore common
practice to propose initial structural COF models by choosing
a topology based on the size of each of the building blocks,
their point symmetry, and their connectivity with neighboring
building blocks (see Figure 2 for representative examples),
favoring the most symmetric topology when multiple possi-
bilities arise.l*®) However, with over 500 different COFs being
synthesized,*” accurate and systematic characterization tech-
niques are crucial to enable rational functional material
design.

Results and Discussion
Material Generation

The general applicability of the in silico protocol is
illustrated for materials being built from seven different

building blocks, illustrated in Figure 2, giving rise to at least
five different experimentally characterized COFs. These

Figure 1. The proposed three-step structural characterization workflow. For each of the hypothetical structural models (generated in step 1),
representative PXRD patterns are derived via either a static or a dynamic approach (step 2), which are then ranked according to their likelihood to

reproduce the experimental reference PXRD pattern (step 3).

www.angewandte.org  © 2021 The Authors. Angewandte Chemie International Edition published by Wiley-VCH GmbH
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Figure 2. Building blocks and experimentally derived structural models in which they assemble for five experimentally synthesized COFs. The
atomic structure and name of each building block (see Table S1 for the abbreviations) are reported, next to their size, symmetry, and connectivity,
as expressed by the van der Waals volume, the point group, and number of extension points, respectively.

building blocks were chosen based on their varying sizes,
symmetries and connectivities. The two 3D COFs, COF-103
and COF-108, were among the first 3D COFs to have ever
been synthesized®! and exhibit the ctn and bor topology,
respectively. The bottom panel shows the three 2D COFs.
Similar to the chosen 3D COFs, COF-5 was one of the first
ever synthesized COFs,'”! adopting the heb topology. TP-
COF™-* was chosen as an isoreticularly expanded equivalent

Angew. Chem. Int. Ed. 2021, 60, 89138922

© 2021 The Authors. Angewandte Chemie International Edition published by Wiley-VCH GmbH

of COF-5, whereas TA DBC-COFP! was chosen due to its
unique kgm topology.

Due to the modular nature of COFs, the seven building
blocks of Figure2 can be assembled in a combinatorial
amount of structural models and hence hypothetical COF
structures. When considering the five different combinations
of two building blocks each that give rise to the five COFs in
Figure 2, almost 700 unique structural models can be con-
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Table 1: Number of 2D and 3D structural models generated by our in-
house protocol (step 1 in Figure ).

Block labels correspond to those in Figure 2. For TA DBC-COF the
number of structural models with a 3D topology that are retained is
reported between brackets.

structed by only looking at the possible topologies for the co-
condensation of each building block combination. In Table 1,
this number is broken down for each building block combi-
nation.

Most building block combinations give rise to only
a tenfold of structural models due to the assumed rigidity of
the building blocks. However, the building block combination
that assembles TA DBC-COF can synthesize in 19 and 513
distinct 2D and 3D topologies, even though only a 2D
structural model was resolved experimentally. This huge
number of hypothetical models can be attributed to two
factors. First, the slight non-planar character of the DBCTA
building block accommodates both 2D and 3D topologies, in
contrast to all other building blocks considered here. Second,
removing the TA building block would preserve the original
topology, similar as for any other twofold connected building
block. Consequently, the TA DBC-COF can hypothetically
synthesize in any of the large subset of topologies that contain
only fourfold coordinated building blocks. By filtering out the
most strained of these structural models, 19 2D and 55 3D
hypothetical models are retained for the TA DBC-COF. For
the five building block combinations of Figure 2, step 1 of our
protocol hence generates a total of 210 structural models. For
each of these models, a fully flexible ab initio based force field
was derived using the QuickFF>*! protocol (see Section S2)
to characterize and validate them with respect to the
experimental PXRD patterns.

Automated Model Selection Protocol via Heuristics

An ideal PXRD pattern consists of discrete Bragg
reflections, where each peak j is defined by its position 6,
intensity /; and shape,™ as illustrated in Figure 3a. These
components are uniquely defined for each structural model;
deviations between experimental and representative compu-
tational PXRD patterns (see Section S1.2) can hence help
localize model inaccuracies through these three components.
To assess the correspondence among PXRD patterns, a quan-
titative measure is required, which, in our protocol, relies on
the similarity index S; and the weighted profile residual R,,, A

www.angewandte.org  © 2021 The Authors. Angewandte Chemie International Edition published by Wiley-VCH GmbH
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detailed explanation and alternative figures of merit are
outlined in Section S1.4. To understand how they penalize
differences between two patterns, it is instructive to consider
their variations for different types of deviations in either peak
or trough regions. To this end, Figure 3b visualizes four
hypothetical PXRD patterns (colored) that are compared to
a given reference profile (in gray). Pattern 1 has a low
deviation in both the experimental peak and trough regions,
whereas pattern 4 has a high deviation in both regions. Pattern
2 exhibits a high deviation in the peak regions of the
experimental PXRD pattern but a low deviation in the
trough regions, whereas the opposite is true for pattern 3.

From Figure 3b, it is clear that the similarity index S,
mainly focuses on the overlap of the peaks, but is largely
insensitive to deviations in the trough regions. This results in
comparable similarity indices for PXRD patterns 1 and 3, and
2 and 4, which differ only in the trough regions. As S; is
normalized to one (see Eq. S1.10), direct comparison between
various patterns is possible, in contrast to the R,, factor.
However, R,, considers relative instead of absolute differ-
ences, as each peak is weighted with an uncertainty factor w;
that is inversely proportional to the reference profile’s height.
As a result, R,,, penalizes the mismatch between the profile
intensities, both in peak and trough regions, as is evident when
considering the similar R,, factors for patterns 2 and 3. Since
the overall relative intensity difference between the reference
and the calculated PXRD patterns conveys no physical
meaning, we will globally scale each computational pattern
to minimize its weighted profile residual when comparing
with the full experimental pattern. This will result in a unique
R,, value for each pattern, whereas S, is unaffected as it is
scale invariant. Since these figures of merit can vary
significantly with the quality of the reference pattern, there
is no specific heuristic value at which the agreement is
deemed sufficient. However, as the best of two models is
defined by a lower value of R,,, (R,,..=0) and a higher
value of S; (S} =1), the heuristic will allow for a quantita-
tive ordering of which models are most likely to reproduce the
experimental data, resulting in an automated model selection
criterion.

Finally, the credibility of any figure of merit is significantly
influenced by the presence of background noise in the
experimental reference patterns. Especially for poorly crys-
talline COFs, significant background noise is expected, which
originates from amorphous regions, and should be filtered.
Clearly, a non-negligible experimental background signal at
Bragg angles that correspond to a reflection peak in the
computational pattern would artificially improve the figure of
merit. As such, eliminating the background profile is essential
before employing any PXRD heuristic. This is achieved here
using the robust Bayesian analysis method (see Sec-
tion S1.5),5* resulting in a protocol that can also be applied
if the material contains large amorphous regions. Henceforth,
only figures of merit applied on the background filtered
profile will be reported, which will be indicated by the “B”
subscript.

Angew. Chem. Int. Ed. 2021, 60, 8913 —8922



116

Paper |

Research Articles

Figure 3. (a) lllustrative PXRD pattern (red) built up from six individual Bragg peaks that are each characterized by their position (black), intensity
(green) and shape (orange). (b) lllustration of the figures of merits used in step 3 of the procedure for four hypothetical and representative PXRD

patterns.

3D COFs

At first instance, the protocol is applied to the two
building block combinations that give rise to the 3D COFs of
Figure 2. In the static approach, all potential structural
models of Table 1 are optimized towards their equilibrium
structure at 0 K and the PXRD patterns of these optimized
structures are derived following the procedure outlined in
Section S1.3. The resulting likelihood ordering, based on the
heuristic value, is visualized in Figure4ab, where the
reference experimental PXRD patterns were extracted from
ref. [48]. As the heuristic is calculated based on the relative
difference between two profile intensities, the 260 range is
limited to the measured experimental data. Consequently,
any diffraction peak of our hypothetical models that falls
outside this experimental 26 range is not taken into account
when calculating the heuristics. As this can artificially
increase the heuristic results for these structural models—it
is expected that the experimental pattern has no matching
peaks outside the experimental 20 range—the names of these
structural models are indicated by an asterisk (*) in Figure 4
and should be considered with care.

Angew. Chem. Int. Ed. 2021, 60, 89138922
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The green regions in Figure 4a,b correspond to success-
fully retrieved experimental structures, whereas the gray
regions indicate other likely potential structural models based
on the heuristic values. For the 3D-COFs, COF-103 and COF-
108, the static approach succeeds in identifying the correct
experimentally resolved structural model when taking both
the §;; and R,,; values into account. The gray zones
correspond to structures which might potentially be viable,
but it is immediately clear that only one heuristic value is
favorable, either S5 is close to one or R,, 5 is close to zero.
For COF-103, shown in Figure 4a, an appreciable difference
is observed between the best ctn topology and the second best
mmm topology, facilitating the correct model selection. While
our protocol also correctly identifies the experimentally
reported topology for COF-108 (Figure 4b), the distinction
between the best topology (bor, indicated in green) and the
second best topology (asn when considering R,,; and ofp
when considering S, indicated in gray) is smaller than
for COF-103 due to the larger residual experimental back-
ground for COF-108 (see Section S1.5). Clearly, the static
approach of our protocol is able to correctly identify the most
probable structural model for 3D COFs, which are connected
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Figure 4. Similarity index S, ; (orange) and weighted profile index R, ; (blue) ordered as a function of decreasing R,,,; for (a) COF-103, (b) COF-
108, (c) COF-5 and (d) TP-COF, without background noise, using either a (top) static or (bottom) dynamic approach. The green regions indicate
a successfully retrieved structural model corresponding to the experimentally reported topology (in bold face), whereas the gray regions
correspond to favorable heuristic values that are unsuccessful. An asterisk (*) indicates that the heuristic results for that topology are artificially
increased due to significant peaks outside the experimental 26 range, which are not taken into account when comparing the PXRD patterns.

through strong covalent bonds and thus less prone to dynamic
effects.

2D COFs

Turning our attention to the 2D COFs, visualized in
Figure 4c,d, our static approach is unable to identify the best
structural models for COF-5 and TP-COF, with no distinct
outlier, in contrast to the 3D COFs. The htb-a, fxt-a, hca-a, fss
and hnd topologies for COF-5, and the ply, heb and hnd
topologies for TP-COF, indicated in gray, have similar S, ,
and/or R, 5 values. However, an optimal heuristic combina-
tion is missing for the experimentally reported heb topology
of both materials.""** This mismatch originates from the
inability of the static approach to account for dynamic
averaging at working temperatures, as only one low-energy

www.angewandte.org  © 2021 The Authors. Angewandte Chemie International Edition published by Wiley-VCH GmbH

structure with a fixed layer inclination is considered (see also
Section S5). This limitation is expected to manifest itself for
every 2D COF, as their layers are held together by weak, non-
covalent forces. However, for TA DBC-COF the static
approach does predict the correct kgm topology, as in this
case the DBCTA building blocks hinder layer shearing due to
steric constraints (Figure S18).

To resolve these dynamic effects in structures that have
a large intrinsic freedom, characterized by shallow minima on
the free energy surface due to the presence of weak
interactions, it is necessary to generate PXRD patterns
through MD simulations at operando conditions of temper-
ature and pressure (see Figure 1). In this dynamic approach,
the PXRD pattern of any structural model is obtained by
averaging PXRD patterns collected at different snapshots
from the MD trajectory of this structural model. As an
example, Figure 5b visualizes the experimental PXRD pat-

Angew. Chem. Int. Ed. 2021, 60, 8913 —8922
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Figure 5. (a) Atomistic representation of the stacking in both the static and dynamic approach, containing two and ten layers, respectively, in their
unit cell. (b) Diffraction pattern comparison for COF-5 using the hcb topology for the optimized structure (static, orange), six representative
snapshots taken from the MD trajectory (gray) and the diffraction pattern obtained by averaging over fifty snapshots of the MD trajectory
(dynamic, green). (c) Definition of the layer offset between subsequent layers, showing the variation of this offset during an MD simulation as

a heatmap.

tern of COF-5 together with (i) the diffraction pattern of the
optimized heb structural model (static approach), (ii) the
diffraction patterns corresponding with several snapshots
through the MD simulation, and (iii) the diffraction pattern
obtained by averaging over the patterns obtained at 50
uniformly distributed MD snapshots, where each snapshot
corresponds to an embedding in the heb topology (dynamic
approach). Clearly, the time-averaged PXRD pattern of the
dynamic approach significantly improves the representation
of the true atomic structure during measurement, increasing
the similarity between the simulated and experimental PXRD
patterns.

Turning our attention to the differences between the
computational PXRD patterns in Figure 5b, two observations

Angew. Chem. Int. Ed. 2021, 60, 89138922
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can be made. First, compared to the PXRD pattern in the
static approach, the reflection peaks occurring in the PXRD
patterns of the MD snapshots are either shifted towards lower
26 values or disappear completely, with the exception of the
first peak at 260=3.4°. While the shift in peak positions
indicates an increase in distance between the diffraction
planes at finite temperatures, the complete disappearance of
peaks indicates that the static structure is too symmetric,
featuring extra diffraction planes compared to the exper-
imental structure. This artificial symmetry in optimized
structures is a well-known effect,” which is resolved by the
MD simulations at finite temperature in our dynamic
approach, as demonstrated in Figure 5b. Second, different
MD snapshots give slightly different PXRD patterns. These
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small deviations are expected, as they correspond to the
natural dynamics of the atoms at operando conditions and
replace the missing atomic displacement factors in Eq. S1.4.
Therefore, the MD-averaged PXRD pattern obtained in the
dynamic approach contains, in a natural way, the broadening
effects that are absent in the static approach. As a result,
Figure 5b demonstrates that our dynamic approach leads to
a much better correspondence with the experimental PXRD
pattern compared to the static approach.

For 2D COFs, the largest discrepancy between the static
and dynamic approach finds its origin in the ability to describe
the dynamic character of the layer movement, which is
evident from Figure Sa. In a static simulation, the layer offset
(see Figure Sc and Section S1.7) has a fixed magnitude and
direction, as defined by the cell vectors. Considering two
layers in the optimized structure, they are either aligned,
yielding an eclipsed stacking (AA), or displaced with respect
to each other, yielding serrated (AB) or inclined stacking
configurations, where the latter is illustrated in Figure Sa. In
contrast, in a dynamic simulation, the layer offset fluctuates in
both magnitude and direction during the simulation, as shown
in Figure 5a for two snapshots. Moreover, in our dynamic
approach, a larger system consisting of ten layers is consid-
ered, giving rise to more complex layer behavior. Figure 5S¢
shows the observed layer offsets both in a static and dynamic
approach through a heatmap. Dynamically, a range of offsets
is found, all with a magnitude around 2.2 A without any
preferential directionality, whereas in the static approach only
one single offset is found with the same magnitude but a fixed
direction, which is insufficient to account for the dynamics of
the system.

Based on the COF-5 case study in Figure 5, one expects
the dynamic approach to yield a much better heuristic value
compared to the static approach for 2D COFs consisting of
weakly bound layers. Figure 4c,d indeed reveals significant
alterations when comparing the dynamic with the static
approach for 2D COFs. Remarkably, in the dynamic ap-
proach, the most likely structural model coincides with the
expected topology for COF-5 and, when ignoring the
structural models that contain diffraction peaks outside the
experimental 26 range, also for TP-COF. We also adopted the
dynamic approach for the 3D COFs and TA DBC-COF,
finding no substantial difference with the static approach due
to the strong connectivity and steric hindrance in these
materials allowing only minimal deviations under finite
temperatures and pressures (see Figure 4a,b and Figure S18).
These results illustrate the general applicability of our
dynamic protocol to predict the correct structural model.

Model Refinement

While the dynamic approach of the in silico protocol
correctly predicts the topology for all COFs considered here,
the precise embedding of the building blocks inside the
topology can still give rise to different structural models. In
turn these can lead to slight variations in the cell vectors and
can significantly influence the intensities of the XRD patterns
(see Section S1.2). Consider for instance TA DBC-COF,
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which assembles in the kgm topology. Even within this
topology, different relative orientations of the imine linkages
give rise to three different pore structures and distinct
diffraction patterns, as illustrated in Figure 6. In other words,
the TA building block can be embedded in three different
ways, with the imine linkages of TA pointing in opposite
directions (kgm1), or with the imine linkages both pointing in
the same direction, which is either bent away (kgm2) or
towards (kgm3) the smaller triangular pore. These different
embeddings can not all be reached during a regular MD
simulation as they correspond to different (meta)stable
configurations that are separated by too large energetic
barriers.

The heuristic values for the different embeddings report-
ed in this figure demonstrate that the kgm3 model best
reproduces the experimental PXRD pattern. Surprisingly, this
structural model does not agree with the experimentally
proposed model (kgm1), which is illustrated in Figure 2. This
experimental model was constructed ad hoc in Material
Studio and subsequently refined using the Pawley method,?!)
which, however, does not fit the atomic positions, as discussed
in Section S1.1. This case study illustrates that, even when the
topology is correctly identified, it is instructive to consider
whether different embeddings of the building blocks within
the topology are possible, at least when multiple (meta)stable
configurations exist. From these results it follows that our
protocol not only succeeds in finding the optimal structural
model for newly synthesized materials, but can also improve
upon existing models through refinement of the local
geometry and embedding, increasing the similarity between
the experimentally observed and calculated diffraction pat-
terns in a quantitative manner.

Conclusion

Crystal structure determination of complex nanoporous
materials is key for establishing structure-function relations in
material design. However, finding the atomic-level structure
of experimentally synthesized materials may become a daunt-
ing task. This is certainly true for materials that lack long-
range order, such as some COFs, where current techniques
struggle to systematically and reproducibly identify the
correct structural model as they are highly sensitive to the
quality of the experimental data and are prone to confirma-
tion bias. Herein, we presented an in silico protocol that
reverses the generally applied strategy of extracting possible
models from the observed PXRD peaks. Instead, by generat-
ing an exhaustive set of structural models for any given
building block combination and generating representative
PXRD patterns for each model through a static or a dynamic
approach that accounts for the operando experimental
conditions, the different structural models are ranked based
on intuitive heuristics that unambiguously quantify the
correspondence between the computed and experimental
PXRD patterns, thereby uniquely identifying the most likely
model.

The procedure was validated for several well-character-
ized COFs, but is equally applicable to other modular building

Angew. Chem. Int. Ed. 2021, 60, 8913 —8922
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Figure 6. TA DBC-COF model refinement for three distinct structural models with the kgm topology but varying orientation of the imine linkage
and hence varying embedding, resulting in a different pore geometry and PXRD heuristic value. The PXRD patterns are obtained experimentally®"

(gray, background-filtered) or through our dynamic approach (colored).

block materials, such as MOFs and zeolites, in any topology.
Starting from seven building blocks, many structural models
were proposed, through all possible topologies. For 3D COFs,
a static approach without dynamic averaging proved sufficient
considering their characteristic strong covalent bonds. How-
ever, for 2D COFs, which show a high degree of flexibility due
to the weak interaction between the layers, it was essential to
account for different dynamically generated snapshots at
experimental temperatures. This approach yields a natural
analog to experimental XRD measurements and corrects for
an artificially too symmetric structure obtained at 0K in
a static approach. Thus, the in silico protocol proposed here
can successfully detect experimental crystal structures, even
for 2D COFs. Interestingly, our approach also succeeds in
showing finer details of the structure. For the TA DBC-COF,
our procedure can distinguish between various structural
models that all exhibit the experimental topology but have
different orientations of the imine linkages. Such subtleties
would easily be overlooked when visually comparing PXRD
peak positions.

The presented in silico workflow opens the perspective to
systematically screen large databases of materials, to identify
their atomic-level structural models, and establish causal
structure-function relations. We hope that such detailed
knowledge will help computational and experimental materi-
al scientists alike by opening the door for a more precise
design of challenging modular materials for various applica-
tions.
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Soft porous crystals, which are responsive to external stimuli such as temperature, pressure,
or gas adsorption, are being extensively investigated for various technological applications.
However, while substantial research has been devoted to stimuli-responsive metal-organic
frameworks, structural flexibility in 3D covalent organic frameworks (COFs) remains ill-
understood, and is almost exclusively found in COFs exhibiting the diamondoid (dia)
topology. Herein, we systemically investigate how the structural decoration of these 3D dia
COFs—their specific building blocks and degree of interpenetration—as well as external
triggers such as temperature and guest adsorption may promote or suppress their phase
transformations, as captured by a collection of 2D free energy landscapes. Together, these
provide a comprehensive understanding of the necessary conditions to design flexible dia-
mondoid COFs. This study reveals how their flexibility originates from the balance between
steric hindrance and dispersive interactions of the structural decoration, thereby providing
insight into how new flexible 3D COFs can be designed.
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phase transitions between different crystalline metastable

phases under external stimuli such as temperature, pres-
sure, or adsorption!. As phase transitions impact the internal
pore architecture of these so-called soft porous crystals (SPCs),
these materials are highly sought-after for applications in gas and
fluid capture, gas separation, heterogeneous catalysis, nanosen-
sing and drug delivery?~13. Thanks to extensive experimental
efforts, the range of SPCs has expanded appreciably in recent
years, especially for the class of metal-organic framework (MOF)
materials!4-16. Taking MIL-47 and MIL-53 as textbook
exemplars!”-18, their well-known winerack topology potentially
allows for transitions in a well-defined range of external condi-
tions. However, the actual occurrence of phase transitions under a
given set of thermodynamic conditions is uniquely determined by
the relative stability of its different phases and the free energy
barriers between them. This is a general observation for SPCs:
while their topology dictates the potential for flexibility, the
degree of interpenetration and the building blocks that decorate
this topology—or structural decoration—defines whether or not
this flexibility comes to expression. To expand the range of
possible SPCs, it is, therefore, key to understand to which extent
this structural decoration impacts the relative stability of the
different metastable phases in an a priori flexible topology. While
several studies have sought to investigate the effect of altering the
linker or metal ion in SPCs!?-21, the impact of interpenetration,
i.e., the occurrence of two or more individual networks catenated
with each other?2, on the relative phase stability in SPCs remains
ill-understood despite the vast amount of interpenetrated fra-
mework structures. In this work, we, therefore, aim to provide
computational guidelines to alter the phase stability and hence
phase transition behaviour of SPCs by controlling their degree of
interpenetration. To this end, we will quantify the impact of
interpenetration on the relative stability of four framework

Responsive nanoporous materials can undergo structural

materials exhibiting the flexible diamondoid (dia) topology and
investigate how external triggers alter this stability.

Although recent years have witnessed a strong increase in the
number of soft porous MOF crystals, the number of covalent
organic frameworks (COFs) with large-amplitude flexibility
under external stimuli remains extremely limited?*-28. While this
may seem plausible given that, in contrast to MOFs, COFs are
framework materials that are completely built up from strong
covalent bonds?, the few COFs that do exhibit flexibility shed
light on how these strong directed bonds may result in ‘soft’
materials nonetheless. Remarkably, all flexible COFs found to
date almost exclusively exhibit the dia topology, which is also
regularly encountered in flexible MOFs’%3l. An example of
this is COF-300%233, for which the dia topology, the non-
interpenetrated structure, and its building blocks are visualised in
Figs. 1, 2a. Similar to the majority of diamondoid frameworks,
COF-300 is interpenetrated such that the individual nets are
translated along the twofold rotation axis (the [001] crystal axis in
Fig. 2b), belonging to the so-called interpenetration class Ia34,
When viewed along this axis, the material exhibits large square-
shaped (SQ) channels, independent of the degree of inter-
penetration, as visualised in Fig. 2c. Experiments have shown
that, besides these SQ channels, the channel network in dia-
mondoid COFs can adopt various sizes and shapes (see Fig. 2¢),
either due to different synthesis protocols or the presence of guest
molecules. This gives rise to smaller square-shaped channels (sq)
or rectangular channels (rect), respectively, as reported in Sup-
plementary Table 1 in Supplementary Note 2. Aside from these
variations, other, possibly more complex, material distortions can
manifest depending on the external stimuli, such as a collective
shearing or individual tilting of the tetratopic nodes®>3¢. How-
ever, as these additional material distortions have not yet been
associated with flexible diamondoid COFs experimentally, and
accounting for their contributions to the phase stability would

° terephtl di 4-(4-formylphenyl)benzaldehyde -azodioxy-
DITOPIC
BUILDING @ o
. o BLOCK
dia topology
o o ° ° tetrakis(4-aminophenyl)methane 1,3,5,7-tetrakis(4-aminophenyl)adamantane
TETRATOPIC °
L4 L4 BUILDING
BLOCK
L4 [ ]

points of extension

(‘o&

¥ @
% <0

A A

Q
S
&

A A

Fig. 1 lllustration of the four considered materials, and their ditopic and tetratopic building blocks. As the NPN COFs form an azodioxy linkage through
selfcondensation during synthesis, the ditopic building block is labelled as such instead of its precursor. Additionally, the four unique points of extension for
each tetratopic building block, coinciding with the nitrogen atoms, have been indicated by the red, green, blue and purple colours.
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(a) Starting from the
dia topology, ...

e.g. COF-300

tetratopic
R building
ditopic block
building
block

SIZE VARIATION

(b) ... independent of
interpenetration, ...

projection on the
(001)-plane

interpenetration
occurs along
[001]-direction

SHAPE VARIATION

(c) ... three distinct channel shapes and sizes can be reached

1 ch 1 hot

Fig. 2 lllustration of the dia topology and its experi

. The dia topology is elaborated by depicting the a non-interpenetrated

atomic representation of COF-300 and b a threefold interpenetrated diamondoid framework. ¢ When viewed along the ideal twofold rotation axis ([001]-
direction), three distinct channel shapes and sizes emerge, namely, sq, SQ and rect, independent of the degree of interpenetration. These channel shapes
and sizes are defined by the relative orientation and distance between adjacent tetratopic building blocks.

require substantially more complex models, they are not explicitly
taken into account in this work. As such, in general, three distinct
channel shapes can be identified in the diamondoid topology,
namely, SQ, sq, and rect. While the observation of different
phases at different degrees of interpenetration and experimental
conditions alludes to a correlation between them, systematic
insight into how the structural decoration and external triggers
affect the phase stability in diamondoid COFs is still lacking.
Moreover, as evident from the broad variety in the experimental
channel shape and size information in Supplementary Table 1, a
comprehensive theoretical understanding of the phase behaviour
would offer a reliable reference framework for experiments.
Therefore, we will herein determine the occurrence and relative
stability of these different phases for four dia COFs. As illustrated
in Fig. 1, these materials represent a versatile set with funda-
mentally different linkers (imine/azodioxy) and tetratopic build-
ing blocks (methane/adamantane). COF-300 and COF-320%7
differ only in the length of their linker, with COF-300 incor-
porating the shorter linker. Both NPN-138 and NPN-338 contain
a much shorter and more rigid linker; the latter has a more rigid
tetratopic building block containing an adamantane cage instead
of a tetraphenylmethane moiety. While single-crystal-to-single-

crystal structural transitions have been reported in the literature
for COF-300 and COF-320, no such transitions have been
reported for either NPN-1 or NPN-3 at the moment (see Sup-
plementary Table 1). In this work, we aim to understand and
verify this striking difference, and its connection to their funda-
mentally different structural decoration. Together, these four dia
COFs have been observed for a wide range of interpenetration,
from four to nine interpenetrating nets, thereby forming a varied
set of materials to derive general relations between the inter-
penetration and flexibility in framework materials exhibiting the
dia topology.

Results

Choice of collective variables to map the phase transition. From
a fundamental point of view, identifying the occurrence of dif-
ferent metastable phases, their transition barrier, and the corre-
sponding transition mechanism, requires knowledge of the free
energy of these phases and the pathways connecting them, and
this at the thermodynamic conditions and degree of inter-
penetration of interest. Such a free energy landscape is expressed
as a function of so-called collective variables (CVs) that
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Fig. 3 Definition of the collective variables and the corr ding transition the three distinct phases, SQ, sq and rect. a The
distinct phases, where the points of extensions have been indicated by coloured circles, in correspondence with Fig. 1. b The variations in channel size and
shape, relative to the reference, can be defined via two types of distances, indicated by the red and green dotted lines. Pure size variations only occur when
both distances increase or decrease simultaneously, whereas shape variations are introduced when the distances change differently. Their atomic
representations, in both top and side view, for the case of COF-300, are provided to illustrate the corresponding transition mechanism. This clearly
visualises that a size decrease elongates the dia cage in the [001] direction while compressing it in the perpendicular directions, while a shape change is
facilitated by rotating tetratopic building blocks. € Through averaging the two types of distances in panels a and b over the unit cell, two collective variables
are obtained, capable of describing the simultaneous occurrence of all phases and validating the choice of CVs, as demonstrated in the free energy surface

for fourfold interpenetrated COF-300.

distinguish between all potential phases. For the three dia phases,
this means that the CV's should be able to describe both variations
in shape and size of the originally square-shaped channels, so as
to describe the SQ, sq, and rect phases. From the projection of
these three phases on the (001) plane, shown in Fig. 2c, it is clear
that such CVs can be constructed from the relative projected
positions of the points of extension that connect adjacent tetra-
topic building blocks in the structure. To see this, Fig. 3a visua-
lises the three dia phases for which the four points of extension of
the tetratopic building blocks have been indicated with coloured
circles, in correspondence to Fig. 1. For two adjacent vertices,
shown in Fig. 3b, both shape and size variations can be dis-
tinguished based on the two distances indicated with red and
green dotted lines. These distances are calculated between pro-
jected points of extensions that are not directly connected within
the same tetratopic building block. When these distances either
shrink or expand simultaneously, they describe a size variation
defining the transition between the sq and SQ phases. In contrast,
when these distances do not vary identically, they yield an
additional shape variation, giving rise to transitions between the
SQ and rect phases or between the sq and rect phases. From the
atomic representations of each of the transition mechanisms in
Fig. 3b, it is clear that size variations elongate or compress the
diamondoid cage in the [001] direction, whereas shape changes
are facilitated by a complementary rotation of two adjacent tet-
ratopic building blocks. For the whole unit cell, containing four
tetratopic building blocks, as elaborated in Supplementary Note 1,

a phase transition requires a concerted motion of all four building
units. Therefore, the set of CVs used throughout this work are
obtained by considering the two aforementioned distances,
averaged over all such distances present in the unit cell. These
CVs correlate well with macroscopic system properties, as out-
lined in Supplementary Note 3 and Supplementary Figs. 1, 2. As
shown in Fig. 3c, these CVs succeed in describing the relative
stability of the different phases in the fourfold interpenetrated
COF-300 at 300 K and will therefore be adopted in the remainder
of this work.

Free energy landscape as a function of structural decoration.
Having established that the two chosen collective variables can
distinguish between all dia phases, we first aim to investigate how
interpenetration alters the relative stability of these phases.
Intuitively, an increasing degree of interpenetration implies a
stronger steric repulsion as it increases the materials’ density and
limits the accessible space around the building blocks. However,
as we will demonstrate later in this work, interpenetration
impacts the stability of the different phases differently, thereby
showing the potential to also promote the existence of multiple
phases and phase transitions. Hence, interpenetration can fun-
damentally alter to what extent the COF is responsive to external
stimuli such as temperature, pressure, or gas adsorption. Conse-
quently, as the degree of interpenetration may be modified by
varying, e.g., the synthesis conditions’*-4!, interpenetration

4 COMMUNICATIONS CHEMISTRY | (2023)6:5 | https://doi.org/10.1038/542004-022-00808-y | www.nature.com/commschem



128

Paper Il

COMMUNICATIONS CHEMISTRY | https://doi.org/10.1038/s42004-022-00808-y

ARTICLE

allows for control over the range of thermodynamic conditions
for which the material shows flexibility. To outline this effect on
the range of possible channel shapes and sizes, the degree of
interpenetration is varied for the considered materials from
onefold (no interpenetration) to eightfold (or elevenfold for COF-
320). The maximal degree of interpenetration corresponds to the
point at which the individual nets are so close together that they
start to overlap, resulting in prohibitively large steric repulsion.

Focusing on the archetypal COF-300, Fig. 4 showcases that the
relative stability of the distinct phases is indeed substantially
impacted depending on the interpenetration, which is clear when
considering the variations in the free energy landscapes at 300 K.
For the non-interpenetrated COF-300, a large accessible phase
space is observed with a single broad minimum for a large square-
shaped channel (SQ). When introducing a second catenated net,
evidently, the accessible phase space decreases due to the steric
crowding, which destabilises small channel sizes. However, the
dispersive interactions between the nets counteract this, resulting
in the emergence of a metastable small square-shaped channel
phase (sq). This becomes even more pronounced when adding a
third net, where the metastable sq phase is pushed towards a
slightly larger channel size, and metastable rectangular shapes
(rect) emerge. Ultimately, when adding a fourth net, the balance
between steric hindrance and dispersive interactions shifts. This
suppresses the manifestation of small square-shaped channels
and pushes the metastable state towards a rectangular shape. In
this way, the attractive dispersion is maximised while avoiding
steric crowding around the building blocks. Similarly, looking at a
fivefold interpenetration, the metastable rect phases are pushed
towards an even larger size and shape anisotropy, until the
metastable phases completely disappear for all degrees of
interpenetration higher than five. Further increasing the degree
of interpenetration at this point only limits the accessible phase
space, driven by the steric hindrance. As such, by adjusting the
degree of interpenetration, the size and shape variations of each
emerging phase can be governed, thus controlling the compliance
of the 1D channel shape, although the SQ phase remains the most
stable under these conditions.

25

Similar free energy landscapes for COF-300 at other tempera-
tures (50, 100 and 400 K), as well as for the remaining materials,
namely, COF-320 (at 50, 100, 300 and 400 K), NPN-1 (at 300 K)
and NPN-3 (at 300 K), are reported in Supplementary Figs. 6-15
in Supplementary Note 5. In Fig. 5, the main features of these free
energy landscapes are summarised for COF-300 and COF-320, as
a function of the degree of interpenetration and temperature. It
depicts the free energy differences between the available
metastable states and the stable SQ state in the top panels, and
their corresponding transition barriers in the bottom panels.
Notably, no data for the NPN COFs is shown, as our simulations
demonstrate that the structural decoration of these materials,
especially their short and rigid linker, precludes flexibility. This
gives rise to only a single stable SQ phase for NPN-1 and NPN-3
regardless of interpenetration or temperature, despite having the
same dia topology as the flexible COF-300 and COF-320.
Similarly, as the structural decoration of the highly interpene-
trated (and the non-interpenetrated) frameworks inhibits the
materialisation of more than one phase, this data is omitted as
well.

Figure 5 demonstrates that, at low degrees of interpenetration,
the metastable sq phase appears for COF-300 and COF-320,
irrespective of the temperature. This sq phase later disappears for
intermediate degrees of interpenetration in favour of the
metastable rect phase, which finally disappears as well at higher
degrees of interpenetration, leaving only the SQ phase. Moreover,
while the transition process between the SQ phase to any
metastable phase is highly activated with free energy barriers
exceeding 100 k] mol~1, the corresponding transition barriers
generally decrease with increasing degree of interpenetration,
until steric crowding makes the small channels inaccessible, in
line with the increasing Pauli repulsion between the catenated
nets. Conversely, no clear trend is observed when considering the
reverse transition barrier height, from any metastable phase to the
SQ phase, as a function of the interpenetration. Interestingly,
Fig. 5 does show significant reverse transition barriers to the SQ
phase, going as high as 70 k] mol~! for fivefold interpenetrated
COF-320 at 100 K. Evidently, Fig. 5 allows us to extract general
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interpenetrated) to eightfold interpenetrated, as indicated in the top left corner of each subpanel. For each subpanel, the different (meta)stable phases are
indicated. Regions with free energy exceeding the free energy minimum by more than 500 kJ mol~" are omitted from the plot, as they are not accessible
under realistic conditions. The arrows indicate the growing steric crowding with increasing interpenetration.
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trends, but it abstractifies the size and shape anisotropy variations
that are visible in the free energy landscapes, as depicted in Fig. 4.
Importantly, when comparing these variations in Supplementary
Figs. 6-15 as a function of the structural decoration, the NPN
COFs do exhibit similar stabilisation and destabilisation effects as
COF-300 and COF-320, with a very similar shape of the
accessible free energy landscape, although the stabilisation effects
do not give rise to additional (meta)stable phases.

Finally, while it is clear that the degree of interpenetration and
the temperature impart significant variations to the transition
barriers, the SQ phase remains the most stable phase for all
considered materials. However, as reported in Supplementary
Table 1, various channel shapes emerge in diamondoid COFs
when exposed to different guest molecules, such as water. As
such, we herein sought to explore how the inclusion of water
impacts the structure and relative stability of the different phases
in COF-300(7), which experimentally amounts to a volume
contraction of about 5% for the SQ phase?6-28. Similar to Fig. 4,
the effect of water loading is observed by analysing the variations
in the free energy landscapes, when increasing the loading from
one to 16 water molecules per channel. This is illustrated in Fig. 6,
where the loading is indicated in the top left corner of each pane.
From the final panel, it is clear that the SQ channel first decreases
in size when water is present in the pores, with a minimum
volume for a loading of eight molecules per channel, after which
the size increases again. Additionally, a decrease in the available
phase space can be observed, due to the density increase, similar
to the interpenetration effect. When comparing the most
contracted water-filled framework to the guest-free framework,
the contraction corresponds to a change (expressed as a

function of the collective variables) from 13.9Ax14.1A to
13.1Ax13.6 A, or, expressed in terms of the unit cell volume,
from circa 5594 A3 to circa 5275 A3 (—6%). While these values
differ somewhat from those observed experimentally, as tabulated
in Supplementary Table 6, the relative change in volume upon
water adsorption is very similar to the values from those
references mentioned in Supplementary Table 1, succeeding in
a qualitative description of the experimentally observed pore
shrinkage upon water adsorption. This adsorption-induced
shrinkage is substantially smaller than the potential
temperature-induced flexibility between the SQ and sq phases
for the empty framework predicted in Fig. 4.

Discussion

The characterisation of responsive nanoporous materials, their
internal transition mechanisms, and their corresponding operat-
ing range is essential to understand, improve and apply them in
an industrial context. Only through the identification of
responsive structural decorations, and the relevant triggers that
can potentially induce transitions, one can systematically expand
the collection of functional SPCs tailored to specific applications.
Sparked by a lack of such information for COFs, we herein
investigated the effect of different structural decorations—the
building blocks and the degree of interpenetration—in the
inherently flexible dia topology on the potential for phase
transformations. To this end, the different experimental phases
(sq, SQ and rect) that emerge when viewing the structure along
the channel direction were characterised, and their internal
transition mechanism was exposed as the cooperative rotation
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and translation of neighbouring tetratopic building blocks per-
pendicular to the channel direction.

The relative phase stability for four dia materials was char-
acterised using two-dimensional free energy landscapes, captur-
ing both size and shape variations of the channels, and their
respective transitions. From our enhanced sampling molecular
dynamics calculations, clear trends could be observed. While
certain structural decorations, such as the rigid azodioxy linker
and adamantane cage in the NPN COFs, preclude flex-
ibility, others, such as the degree of interpenetration, can fun-
damentally shift the delicate equilibrium between the stabilisation
and destabilisation effects, driving the phase equilibrium. These
(de)stabilisation effects originate from the steric hindrance and
dispersive interactions, which disfavour and promote closely
packed phases, respectively.

Depending on the number of catenated nets, metastable phases
arise in COF-300 and COF-320, stabilised by attractive dispersive
interactions between the nets, that become unstable for large
degrees of interpenetration due to steric crowding. This gives rise
to an optimal, intermediate degree of interpenetration for each
metastable phase, with significant transition barriers that could
trap the structure in a certain phase. However, by varying the
temperature, we observed that the temperature cannot be
straightforwardly used as a driving force to completely destabilise
the SQ phase. Instead, through introducing water molecules,
significant size variations could be induced, shifting the SQ phase
towards lower volumes. Finally, regardless of the structural dec-
oration and the considered external triggers, a large square-
shaped channel was identified as the most stable phase, war-
ranting more investigation to explore whether building blocks can
be designed that destabilise this phase. Our results predict that
such a building block should be sufficiently long to allow for
stabilisation of the sq or rect phase before steric hindrance
destabilises these phases again. Moreover, the here-derived
workflow can easily be extended to probe the effect of (aniso-
tropic) stress as a potential trigger towards certain phases,

introducing new application avenues, such as a configurable
sensing device with adaptable channels.

Methods

Structure generation. All initial materials were generated in silico using our in-
house structure assembly software, which is based on a top-down approach starting
from the building blocks of the material and the underlying topology. A detailed
procedure of this protocol can be found in Supplementary Note 1, together with a
mathematical description of the interpenetrated dia topologies.

Computational details. The enhanced sampling molecular dynamics (MD)
simulations were performed in the (N, P, g, = 0, T) ensemble*? using the in-house
software package Yaff*? as the MD engine, employing a velocity Verlet integration
scheme with a timestep of 0.5 fs. The temperature was fixed at 300 K with a Nosé-
Hoover chain thermostat*4-46 with three beads and a relaxation time of 100 fs. The
pressure was controlled at 1 bar by a Martyna-Tuckerman-Tobias-Klein
barostat*748 with a relaxation time of 1000 fs. The interatomic interactions were
modelled through system-specific force fields, derived in accordance with the
general QuickFF 2.2.4 protocol*>*?, using the default parametrization (see Sup-
plementary Note 6 and Supplementary Figs. 17-21 therein for the force field
derivation and validation). The electrostatic interactions were computed with an
Ewald summation using a real space cut-off r of 15 A a scaling factor « equal to
0213A-1, and a reciprocal space cut-off k.x of 0.320 A-L Analogously, the van
der Waals interactions were calculated with a real space cut-off of 15 A. Both cut-
offs were smoothed using a truncation model. For the water loading simulations,
the TIP4P/2005f force field was used®>2, as elaborated in Supplementary Note 6.5.
To enhance the exploration of the phase space and access all possible phases,
umbrella sampling was adopted using a harmonic bias potential as a function of the
collective variables as defined in Fig. 3. For the CVs, a uniform grid with a spacing
of 1 A was employed, extended with small patches where a spacing of O.SE was
used to accurately reproduce the free energy barriers in regions where
neighbouring simulations did not overlap adequately, as reported in
Supplementary Tables 2-5. The force constants for the harmonic bias potential (x;)
of both CV's were initialised at 10 kJ mol~! A2, and increased until a maximum of
150 kJ mol 1 A~2 for those grid points where the simulation deviated from the
umbrella centre (due to a steep free energy profile). Each individual simulation had
a run time of 15 ps, including an equilibration time of 5 ps. The resulting free
energy from the collection of simulations was calculated with the weighted
histogram analysis method (WHAM)?3, using the software package from ref. 34
Since the WHAM code failed to converge in situations where the sampled two-
dimensional phase space was not rectangular, an iterative procedure was applied to
combine smaller rectangular regions, as described in Supplementary Figs. 3-5 of
Supplementary Note 4. This procedure was validated through the application of
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our in-house WHAM code in ThermoLIB, which did not suffer from convergence
issues.

The resulting free energy surfaces were symmetrized in accordance with the
symmetry of the collective variables, ensuring smoother profiles for the minimal
free energy path (MFEP) analysis. The MFEP analysis was performed with the
Minimum Energy Path Surface Analysis (MEPSA) code’?, as elaborated in
Supplementary Note 5.3. The barrier heights in Fig. 5 for COF-300 and COF-320
were derived from the one-dimensional MFEPs as the difference between the local
minimum and the neighbouring local maximum, providing a clear measure of the
transition probability, as illustrated in Supplementary Fig. 16.

Data availability

The relevant input files and computational data which generated the results of this work
are available from the online GitHub repository at https://github.com/SanderBorgmans/
SupportingInformation or upon request from the corresponding authors.

Code availability

The Gaussian code, used to perform the ab initio cluster calculations, can be licensed
from Gaussian, Inc. (see https://gaussian.com/). The QuickFF (used to derive the force
fields), Yaff (MD engine) and ThermoLIB (free energy evaluation engine) software
packages are freely accessible via https://molmod.ugent.be/software/. The MEPSA code
for the minimal free energy path analysis is freely available at http://bioweb.cbm.uam.es
software/MEPSA/. Representative input and processing scripts are available at https://
github.com/SanderBorgmans/SupportingInformation.
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Covalent organic frameworks (COFs) are a versatile class of building block materials with outstanding
properties thanks to their strong covalent bonds and low density. Given the sheer number of
hypothetical COFs envisioned via reticular synthesis, only a fraction of all COFs have been synthesized so
far. Computational high-throughput screenings offer a valuable alternative to speed-up such materials
discovery. Yet, such screenings vitally depend on the availability of diverse databases and accurate
interatomic potentials to efficiently predict each hypothetical COF's macroscopic behavior, which is
currently lacking. Therefore, we herein present ReDD-COFFEE, the Ready-to-use and Diverse Database
of Covalent Organic Frameworks with Force field based Energy Evaluation, containing 268 687 COFs and
accompanying ab initio derived force fields that are shown to outperform generic ones. Our structure
assembly approach results in a huge amount of computer-ready structures with a high diversity in terms
of geometric properties, linker cores, and linkage types. Furthermore, the textural properties of the
database are analyzed and the most promising COFs for vehicular methane storage are identified. By
making the database freely accessible, we hope it may also inspire others to further explore the potential
of these intriguing functional materials.
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(SBUs) that are held together by strong, covalently bound link-
ages. These covalent bonds typically result in COFs with a high
mechanical, thermal, and chemical stability, and their building
block structure makes them highly tuneable, similar to metal-
organic frameworks (MOFs).?”?® Substituting these building
blocks, or the material's topology, can greatly influence the
properties of the synthesized structure, such as the pore size,*
adsorption capacity,® electronic properties,® or flexibility.**
This fascinating feature makes materials for which the reticular
principle holds the ideal engineering materials. Yet, the almost
unlimited number of COFs that can be synthesized using
reticular synthesis makes an experimental exploration of the
whole COF material space for a given application unfeasible.>***
Therefore, computational high-throughput screenings offer an
efficient and cheap alternative to accelerate materials
discovery.>*® Vital for the predictive power of any high-

1 Introduction

Covalent organic frameworks (COFs)"® form a class of nano-
porous materials that show great potential for diverse applica-
tions, including the storage and separation of gases’** or from
solution,**™** catalysis,'*™" energy storage,****
optoelectronics,*?* sensing,” and drug delivery.** They are
built from organic linkers, which form secondary building units
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T Electronic supplementary information (ESI) available: Additional details about
the database construction and force field generation and validation, together

with extensive analysis and illustrative case studies. Further information and
analysis of the diversity metrics and subset selection. Supplementary property—
property relations for textural and adsorption properties. Benchmark of the
adopted parameters in the force field optimizations, Zeo++ calculations, and
GCMC calculations. All 268 687 COF structures and ab initio derived force fields
of  the  ReDD-COFFEE database  are publicly  available  at
https://doi.org/10.24435/materialscloud:nw-3j. The relevant input files and
computational data which generated the results of this work are available at
https://doi.org/10.5281/zen0do.7697262. See DOL:
https://doi.org/10.1039/d3ta00470h
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throughput screening is the material database on which the
computational screening is performed, which should be both
diverse and uniformly distributed over the material space.’” In
addition, a cheap yet accurate description of the interatomic
interactions is crucial to ensure viable property predictions. In
this work, we therefore present the ReDD-COFFEE database
containing 268 687 COF structures, showcasing a great diversity
in terms of geometric properties, linker cores, and linkages, and

This journal is © The Royal Society of Chemistry 2023
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accompany each material with an ab initio derived force field.
Whereas such system-specific force fields have been developed
earlier for a limited set of materials,**** we have largely
extended the scale of materials for which they are derived. Our
ready-to-use database ensures molecular simulations can be
directly started from the provided structures and force fields.
This is explicitly demonstrated by performing a high-
throughput screening on our database with the goal to unveil
property-property relationships for textural and adsorption
properties and discover attractive vehicular methane storage
materials.

Computational high-throughput screenings offer a valuable
alternative to accelerate materials discovery.**?****> Such
screening studies select a database of material geometries and
perform several calculations on each material to predict their
macroscopic behavior. Especially for MOFs, high-throughput
screenings are abundant, especially in the fields of gas
adsorption®*° and separation processes. Recently, also the
discovery of MOFs with targeted electronic and catalytic prop-
erties has gained attention.®””° A limited number of screening
studies has been performed to shed light on their mechanical
stability.**® All these high-throughput screening studies start
from one of the many constructed MOF databases. These
databases can be divided into two major categories, depending
on the origin of the structures they contain. On the one hand,
experimental databases are built from already synthesized
materials, containing either the synthesized structure or the
structure as obtained after computational structure optimiza-
tion and/or guest removal. The CoRE MOF database,* for
instance, contains a subset of 5109 MOF structures identified
from the Cambridge Structural Database (CSD)* and was later
expanded to include 14142 structures.”” Moghadam et al.
implemented an automated screening algorithm in the CSD
Python API to instantly identify a MOF when it is added to the
CSD.” At the time of its first publication, this subset contained
69 666 MOF materials.” Recently, the QMOF database was
established, containing a subset of 15713 materials from the
previously mentioned databases for which DFT calculations can
be carried out efficiently.®® On the other hand, hypothetical
databases contain in silico generated structures. They broaden
the material space and provide a large and diverse set of
structures. Although energy minimization approaches exist to
generate plausible geometries, such as the Automated Assembly
of Secondary Building Units (AASBU) method,”™ hypothetical
databases generally rely on geometric procedures that connect
SBUs with one another to form a periodic material without any
optimization. These geometric procedures can be divided into
two classes: bottom-up and top-down methods, depending on
how the SBUs are assembled. In the bottom-up approach, SBUs
are naturally grown until a periodic framework is formed.
Wilmer et al. applied this method to a set of 102 SBUs to
generate a database of 137 953 MOFs,*® whereas a database of
324500 MOFs was generated from 66 SBUs and 19 functional
groups by Fernandez et al.”> However, later research showed
that the topological diversity of the structures constructed using
this bottom-up approach is limited.”” Top-down approaches
typically result in a larger variety of topologies. These methods

61-66
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initially define the topological net, after which the SBUs are
deliberately placed on the net's nodes. Multiple software pack-
ages, such as Zeo++,”” AuToGraFs,”® Weaver,” TOBASCCO,*
and ToBaCCo,*** use such top-down approach to generate
hypothetical frameworks. The latter has been used to construct
a database of 13512 MOFs starting from 78 SBUs and 41
topologies.*®

Also for COFs, several high-throughput screenings have
emerged, although they mainly focus on gas adsorption and
separation processes, such as methane storage,** hydrogen
storage,*® and carbon capture,®*®* among others.*>' These
high-throughput COF screenings all rely on one of the four large
COF databases constructed to date. The two experimental
databases, the CORE® and CURATED® databases, focus on the
boronate ester and imine COFs, which are abundantly present
in literature. They naturally underrepresent other linkage types
that are less frequently observed experimentally, although these
linkage types may result in materials with unique features.
Therefore, Martin et al.®* and Mercado et al.® created two
databases of hypothetical COFs to explore different regions of
material space. However, because they focused on a large
diversity of linker cores, they included only a limited number of
linkage types, some of which are rarely realized experimentally.
Moreover, when considering those linkage types that are
experimentally relevant, these hypothetical databases are
significantly lacking. As each linkage type provides unique
properties, a suboptimal representation of these subclasses in
a database will result in a largely untapped potential for COF
materials. For example, boronate ester COFs have outstanding
crystallinity,® and, whereas imine linked COFs already possess
improved stability, enamine COFs have an even higher
stability.”” Furthermore, triazine and hydrazone COFs provide
coordination centers for transition metals that can be adopted
in catalysis.”*** Yet, both enamine and hydrazone COFs are
absent in the current hypothetical databases and are under-
represented with respect to imine COFs in the experimental
ones.

To tap into the potential of these and other COF linkage
types, we present in this work a hypothetical database
describing a diverse set of linkage types, including both
frequently observed linkages and linkages that are not often
synthesized experimentally. Furthermore, an unprecedented
feature of our database is that a system-specific force field is
generated for each material, starting from the cluster force
fields of the underlying building blocks. These are derived using
our in-house developed QuickFF routine.*®** As such, each
structure of the database can directly be used in high-
throughput studies.

Besides the material's geometry and partial atomic charges
derived for the COFs in the aforementioned experimental
databases, the four databases lack the necessary information to
model the interatomic interactions. To model these interac-
tions, one can resort to computationally expensive ab initio
methods, such as density functional theory (DFT), which largely
limits the length and time scales that are feasible to simu-
late,*”**” or a less expensive generic force field with reduced
accuracy.’®” To obtain a description of the interatomic

J. Mater. Chem. A, 2023, 11, 7468-7487 | 7469
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interactions with a higher accuracy than generic force fields but
a lower computational cost than ab initio techniques, some
studies derived system-specific force fields for a smaller set of
materials.* Such force fields are attractive to perform high-
throughput screenings and to remove structures with a low
synthetic likelihood from the database. For instance, many
structures in the hypothetical databases of Martin et al.*> and
Mercado et al.® contain largely deformed SBUs and are likely
unphysical. To identify the structures that are experimentally
the most feasible, the synthetic likelihood of a large database of
structures has been predicted with DFT energies*® and force
field free energy calculations.” It has been shown that while free
energy calculations are necessary to predict the most favorable
configuration out of a set of polymorphs, energy metrics are
sufficient to predict the synthetic likelihood of hypothetical
materials.”® However, this requires one to augment the versatile
COF database with a relatively inexpensive yet sufficiently
accurate method to describe the interatomic interactions.
Therefore, we present in this work the ReDD-COFFEE data-
base: a ready-to-use database of 268 687 COFs. ReDD-COFFEE is
an acronym for Ready-to-use and Diverse Database of Covalent
Organic Frameworks with Force field based Energy Evaluation.
In our database, an optimized atomic structure and an ab initio
derived force field is provided for each material. Essential to
generate system-specific force fields for the huge amount of
structures within this database, is the building block approach.
In this approach, cluster force fields are fitted to quantum
mechanical reference data for a limited number of smaller
building blocks and then assembled to derive force fields suit-
able for the periodic structures. This procedure was introduced
earlier through our QuickFF procedure,*®** but is now adopted
for a much larger number of materials. By deriving cluster force
fields for the underlying building blocks, the number of
required ab initio calculations is greatly reduced, while a high
accuracy of the interatomic potential is maintained.**" All

Reactive groups

Precursors

Fig. 1
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COFs are assembled starting from a limited set of 279 SBUs,
which are selected to result in a diverse database, as elaborated
in Section 4.2. In contrast to other hypothetical databases, we
have explicitly included a large number of linkage types in our
database. The SBUs are combined taking physical constraints
into account and the structures that have the lowest synthetic
likelihood are removed with a deformation energy filter. We
firstly demonstrate that our system-specific force fields achieve
a higher accuracy than generic force fields. Next, we show that
our database has a great diversity in terms of geometric prop-
erties, linker cores, and linkages compared with the already
existing COF databases. Furthermore, we establish property-
property relations in between textural properties and compare
them with other nanoporous materials, i.e., MOFs***>% and
zeolites.”” Finally, the applicability of the database to identify
COFs for vehicular methane storage is demonstrated by iden-
tifying promising candidates and determining property-prop-
erty relations for adsorption properties on a diverse subset of
the database containing 10000 structures. All 268 687 opti-
mized structures and force fields of the ReDD-COFFEE database
are publicly  available at  https://doi.org/10.24435/
materialscloud:nw-3j and are ready-to-use for further high-
throughput screenings.

2 Methodology to construct database
2.1 Terminology to describe a COF's structure

The nomenclature of the COF building blocks used throughout
this paper mimics the experimental synthesis of the material.
Experimentally, a COF is synthesized by mixing several
precursors, which react to form a covalently bound linkage that
holds the structure together. As illustrated in Fig. 1, we herein
distinguish two subregions for each precursor: a linker core,
which remains unaltered during linkage formation, and reac-
tive groups, which react with the reactive groups of other

Parntlomng g Termlnatmg

Core linkers

SBUs Clusters

Illustration of the terminology used in this paper for COF-5. Reactive groups (green) that are attached to linker cores (red) react to form

linkages, consisting of linkage sections (blue) that are assigned to an SBU. Two linkage sections connect at a point of extension (red dots).
Choosing an appropriate termination (orange) for the SBU defines the accuracy of the cluster model.
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precursors to form the linkage. The COF itself can be parti-
tioned into secondary building units (SBUs),**** each contain-
ing the linker core and part of the linkage, which we will call the
SBU's linkage section. The linkage sections of two adjacent
SBUs connect at a point of extension to form a linkage. In this
work, the points of extension are always located in the
geometric center of the central bond of the linkage. As will be
explained in Section 2.4, this partitioning of the material in
SBUs enables us to derive a cluster force field for each building
block, which can be combined to accurately describe the whole
COF structure. To obtain an accurate cluster force field for these
SBUs, their environment has to be mimicked as detailedly as
possible by choosing an appropriate termination for the linkage
section. The combination of the linker core with its termination
is defined as the cluster for this SBU.

2.2 Structure assembly and database construction

Our top-down approach to generating a versatile COF database
starts from a topological blueprint and a selection of SBUs that
can be placed on its nodes (vertices and edges). A topology is
a periodic graph in which the connection between vertices, i.e.,
the connection between the SBUs of the material, is represented
by edges. This is illustrated in Fig. 2 for the pts topology. The
collection of both vertices and edges is defined as the nodes of
the topology. The process of determining the topology is

STEP 0
Initialization of the topology and the secondary building units (SBUs)

example SBUs,

example topology
pts uniquely assigned to the Wyckoff positions

View Article Online

Journal of Materials Chemistry A

straightforward once the structure of the material is known and
the building blocks or the linkages between them are defined.
In this case, the topology directly follows by reducing each
building block into a zero-dimensional vertex and storing the
connectivity between building blocks as edges that connect
these vertices. However, in the inverse approach, i.e., when only
the topology and its SBUs are known, it is more difficult to
generate the material's structure at the atomic level, because it
is not clear how the three-dimensional SBUs should be inserted
on the nodes.” Since this is a vital part of our database gener-
ation, we here implement an additive top-down approach. This
takes into account both geometric and energetic parameters to
introduce the rigid building blocks into the topology to obtain
a physical structure. As illustrated in Fig. 2, the procedure
consists of a four-step process, which is explained in more detail
below. Three filters check whether the structure is physical or
whether it should be rejected. If the optimized material passes
each filter, it is added to the final database. Additional details to
construct the database are provided in Section S1 of the ESL.t In
Section S1.6,1 the structure assembly procedure is illustrated
with a detailed case study of COF-108.

Step 0. In step 0 of Fig. 2, the topology and SBUs, ie., a so-
called (topology, SBUs) combination, are selected as input.
The Reticular Chemistry Structure Resource (RCSR) contains
a large number of experimentally observed two- and three-

Three types of filters are used to reject hypothetical structures

v after step 1

reject (topology, SBUs) combination
if standard deviation of rescaling factors
exceeds threshold (here 0.22 A per Lu.)

__ Wyckoff vertex SBU; SBU, SBU;

P 1: ; W aferstep? reject (topology, SBUs) combination

o g‘w P2 if any RMSD exceeds threshold (here 0.11 A)
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(Vay, Va2) S reject (topology, SBUs) combination
Wyckoff edge W; 4 W afterstep3  if deformation energy after relaxatjur\
(Eax; Exz; ) placed on placed on placed on Wj exceeds threshold (here 14 kJ mol™)
STEP 1 STEP 2 STEP 3 END

Isotropically rescale topology Select most likely configuration Select most likely configuration COF added to

to fit neighboring SBUs ReDD-COFFEE

based on geometry
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repeat until all nodes
are decorated with SBUs

based on deformation energy
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] a0 ! STEP 4

Relaxation with
ab initio force field

Fig.2 The four-step process followed to assemble a COF structure. This procedure starts from a topology and a selection of SBUs for each set
of equivalent nodes. In step 1, the topology is rescaled to fit the SBUs. In step 2 and step 3, the most favorable SBU configurations are chosen
based on geometric and energetic considerations. By using an additive top-down approach, a low-energy structure is quickly generated. Three
filters are implemented to ensure that only physical structures are added to the database.
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dimensional topologies, embedded in a Euclidean representa-
tion.”® We extracted these embeddings using a web scraping
script and only retained the 2495 topologies with embedding
type 1, i.e., where all nearest-neighbor vertices at the same
distance are connected by an edge. These topologies are most
frequently observed experimentally.” Subsequently, an SBU is
assigned to each set of equivalent nodes, i.e., each Wyckoff set
of the topology, based on two restrictions. Firstly, the number of
points of extension of the SBU has to be the same as the coor-
dination number of the node, as it has to be able to connect
with each neighbor. Secondly, the two linkage sections of
neighboring SBUs have to form one of the linkage types
considered in this manuscript. For example, it is not possible to
combine SBUs belonging to an imine and a boronate ester
linkage. Since each Wyckoff set can be assigned a different SBU,
the theoretical upper limit for the number of distinct SBUs in
a material is given by the total number of Wyckoff sets of the
material's topology. To also include materials without a linear
linker in the database, an edge Wyckoff set may also remain
vacant, in which case the SBUs that decorate the neighboring
vertices are directly connected. In this work, the SBUs are
chosen from a set of 279 building blocks. Four of them are SBUs
that have no experimental precursor but emerge during COF
synthesis as product of the reaction groups: boroxine, triazine,
borazine, and borosilicate. The other 275 are generated by
combining 30 experimentally observed linker cores with eleven
frequently observed linkage types that correspond to eleven
reactive groups. Our database contains imine,'*® boronate
ester," (keto)enamine,?** triazine,' (acyl)hydrazone,'”
azine," imide,' boroxine," borosilicate,®® oxazoline,'*® and
borazine'” COFs (see Fig. S1 and S2 of the ESIT). In this way,
a total of 5537951 (topology, SBUs) combinations in 1272
topologies are initialized. Each of these combinations is given
the unique label top_SBU;_SBU, ..._SBUy, in which “top”
indicates the topology and SBU; is the SBU placed on the i-th
Wyckoff set (see Section S1.3 of the ESIT).

Step 1. After choosing the (topology, SBUs) combination in
step 0, the topology is isotropically rescaled to be able to
accommodate the SBUs in step 1 of Fig. 2. To this end,
a rescaling factor f; is calculated for each edge Wyckoff set so
that the distance between its connecting vertices is the same as
the distance between the centers of the SBUs occupying those
vertices. We require the unit cell to be rescaled isotropically, i.e.,
with the same rescaling factor in every direction. The single
rescaling factor is defined as the mean of the rescaling factors
averaged over all Wyckoff sets. To prevent the rescaling factors
from differing too much and avoid overlapping SBUs, the
standard deviation of the set of rescaling factors is not allowed
to surpass a threshold of 0.22 A per Lu., with Lu. being the
length unit of the topology (see Section S1.5 of the ESIt). This
constraint corresponds to the first filter visualized in Fig. 2.
After this first filter, 749 859 (topology, SBUs) combinations are
passed on to step 2. Most discarded combinations contain
mixed-linker topologies in which the lengths of the linear
linkers are too different.

Step 2. Once the topology is rescaled to accommodate the
SBUs, they can be inserted onto their assigned nodes. This is
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accomplished by orienting the points of extension of the SBU
towards the neighboring nodes in the topology while keeping
the SBU's internal geometry fixed. Once a point of extension is
chosen for each neighboring node, the optimal transformation
is found by Kabsch algorithm.'*® However, it is not a priori
known which point of extension has to be oriented towards
which neighboring node. Every permutation of the points of
extension results in a different SBU configuration, with possibly
a different internal geometry. This is illustrated in Fig. 2 by
configurations 1 and 2 of the square SBU, that is placed on
vertex Vy;. The points of extension of SBU, are indicated with
the lower case letters a, b, ¢, and d, whereas the neighboring
nodes of vertex Vy, are specified with the upper case letters A, B,
C, and D. When points of extension a and b are oriented
towards nodes A and B, respectively, the least strain configu-
ration is found when assigning the points of extension ¢ and
d to the nodes C and D, as in the first configuration in Fig. 2.
However, in the second configuration, these points are assigned
to the nodes D and C, respectively, for which the Kabsch algo-
rithm defines a transformation that results in a less favorable
configuration. Furthermore, for some SBUs, the point symmetry
of their internal geometry is lower than the point symmetry of
their points of extension. In these cases, information about the
internal geometry of the building block is lost by abstracting the
SBU to its points of extension.”” Therefore, even for two
configurations that orient the points of extension towards the
neighboring nodes equally well, different internal geometries
may be found. This is illustrated for configurations 1 and 2 of
the tetrahedral SBU, that is placed on vertex V,; in Fig. 2.
Whereas the SBU perfectly fits the vertex in both configurations,
two different internal geometries are observed, which differ in
the orientation of the phenyl rings. To only retain the most
favorable SBU configurations, geometric and energetic criteria
are taken into account in step 2 and step 3 of the structure
assembly process, respectively.

In step 2 of Fig. 2, a first selection of reasonable SBU
configurations is made based on the geometric consideration
whether the points of extension can be oriented towards the
neighboring nodes correctly. This is quantified by the root-
mean-square deviation (RMSD) between the unit vectors
pointing (i) from the center of the SBU towards the points of
extension, and (ii) from the node towards its neighbors in the
topology. In the ideal case, these two sets of vectors would be
overlapping once the SBU is positioned on the node using the
transformation obtained from Kabsch algorithm.'*® However,
for some configurations, such as configuration 2 of SBU; and
configuration 3 of SBU, in Fig. 2, the transformation results in
aless optimal configuration and a geometric mismatch between
the SBU and the topological node is introduced. To avoid that
these SBU configurations would be inserted in the topology,
only those configurations that minimize the RMSD are selected
and passed on to step 3. Furthermore, to avoid structures with
too large a mismatch, a second filter checks if the minimal
RMSD for each node is lower than the threshold RMSD,,,.x =
0.11 A (see Section 51.5 of the ESIt for the rationalization of this
value). If this is not the case, for instance when trying to insert
a tetrahedral SBU on the square vertex V;; in Fig. 2, the
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(topology, SBUs) combination is rejected. After this step, 403
581 combinations in 1196 topologies are retained.

Step 3. As explained before, an identical RMSD does not
imply the same internal geometry as the representation of the
SBU by its points of extension does not fully capture its three-
dimensional structure. Depending on the geometry of the
neighboring SBUs, the linkage formed between the SBUs in one
configuration can be energetically more favorable than in
another configuration, although they have the same geometric
mismatch, such as configurations 1 and 2 of the tetrahedral
SBU that is placed on vertex V,; in Fig. 2. In step 3, the defor-
mation energy Eqcr, formally introduced in Section 2.4, is used
to discriminate between such configurations and identify the
one in which the topological constraints have the least influ-
ence on the SBUs. This energy depends on the selected config-
uration of the neighboring SBUs. Therefore, it should in
principle be calculated for each possible material configuration,
which is a product of all SBU configurations. However, as the
number of these material configurations increases exponen-
tially with the number of nodes in the topology, a brute-force
iteration over all material configurations is unfeasible, defi-
nitely when constructing an extensive database.

This challenge motivated us to introduce our additive top-
down approach, in which the nodes of the topology are deco-
rated one-by-one. In each step, the optimal configuration of the
SBU of the selected node, i.e., the configuration that minimizes
both the RMSD and the deformation energy of the linkages with
the already inserted SBUs, is identified. By following a breadth-
first iteration through the topological graph, all nodes at
a certain distance from the starting vertex are decorated before
continuing with the next layer. As such, the number of linkages
with neighboring building blocks is increased for each SBU as
compared to a random iteration or a depth-first iteration. As
indicated in Fig. 2, step 3 can be omitted for the starting node,
as no neighboring SBUs are present yet and the deformation
energy Eg.r is the same for all configurations. The final SBU
configuration for vertex V;; is thus chosen from the set of
configurations that minimizes the RMSD in step 2. In the next
step of the breadth-first iteration, a neighboring node to the
ones already occupied is decorated with an SBU. In the example
of Fig. 2, the vertex V,; is selected once a configuration for the
SBU that is put on vertex Vy; is determined. From the SBU
configurations that minimize the RMSD in step 2, the defor-
mation energy Eq.r of the linkage from this SBU with the already
inserted SBU on vertex V;; is calculated. Finally, the SBU
configuration that minimizes the deformation energy Egqer is
selected and inserted on the vertex V,;. As such, the deforma-
tion energy Eq4er has to be calculated only once for every SBU
configuration, instead of for every material configuration, and
the computational complexity of the structure assembly process
is reduced from exponential to linear in terms of the number of
nodes in the topology. For linear linkers, which only have two
points of extension lying on the same axis as the center of the
SBU, there is still a degree of freedom that step 2 can not
describe: the rotation around their axis. By using the deforma-
tion energy Eq.r in step 3, this degeneracy is lifted to the point
that only the internal symmetries of the linker remain.
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Step 4. After step 3 is completed for each node in the
topology and all SBUs are inserted and connected, an initial
periodic structure is obtained. However, up to now, the SBUs
remained rigid. As the threshold for the maximally allowed
RMSD in step 2 is quite high, this means that some mismatch
between SBUs is allowed, which is motivated by the fact that
COF building blocks can have an appreciable degree of flexi-
bility that can accommodate for the introduced mismatch.
Therefore, after the initial material is assembled, it is relaxed in
step 4 using its system-specific force field that is generated
according to the procedure described in Section 2.4 to find an
optimal structure. The mismatch between the SBUs, which was
localized around the linkages, will now be released after a full
geometry optimization. However, as some SBUs are more flex-
ible than others, the final optimized structure can have a low
synthetic likelihood. Therefore, the last filter uses the defor-
mation energy Eqer again to check whether the strain that was
introduced between the rigid SBUs is sufficiently released. The
threshold is here defined as 14 k] mol ™" (see Section $1.5 of the
ESIT). When the deformation energy of the optimized structure
does not exceed this threshold, it is finally included in the
ReDD-COFFEE database, which contains 268 687 structures,
distributed over 1114 topologies. In total, there are 5856 2D
structures and 262 831 3D structures. A detailed overview of the
distribution of the linkages and dimensionality found in our
database is given in Table S1 of the ESL.¥

2.3 Diversity metrics

It is important to compare the diversity of our database with
already existing COF databases to verify that a large part of
material space is covered and that these regions are sampled
equally to avoid focus on certain subclasses.*>****** Inspired by
a previous MOF study by Moosavi et al., three metrics are
defined below to assess the diversity of a subset of the material
space: the variety V, the balance B, and the disparity D.>” We will
calculate these diversity metrics on four domains: (i) the pore
geometry, and the chemical environment of the (ii) linkages,
(iii) linker cores, and (iv) functional groups. Whereas the pore
geometry can be described by eight structural parameters, the
chemical environments of the COF are assessed with revised
autocorrelation functions (RACs),'” which were proven to be
useful in multiple applications.*”*****> Further details about
these diversity metrics are described in Section S3 of the ESL.{

The RACs are calculated between two sets of atoms, which
are defined for each chemical environment (ii-iv). Initially, the
linkages (ii) that hold together the COF are identified by scan-
ning the material graph for linkage patterns. By removing these
linkages from the material graph, the linker cores (iii) that
constitute the COF are retrieved. The functional groups (iv) are
detected as parts of the linker cores that are attached to its
skeleton with exactly one bond and do not exist of a single
hydrogen atom. Once the start and scope atom lists are deter-
mined for each chemical environment (see Section S3.2 of the
ESIt), the difference and product RACs are defined in eqn (1)
and (2), respectively.

J, Mater. Chem. A, 2023, 11, 7468-7487 | 7473



140

Paper Il

Journal of Materials Chemistry A

start start scope

aifr
scope P = E 5

i J

(P; = P;)o(dy. d) @

start start scope

wcope P =D Y PiPo(dy,d) @)
J

i

Each RAC investigates one out of six properties P: the atom
identity (1), connectivity (7), Pauling electronegativity (x), cova-
lent radius (S), nuclear charge (Z), or polarizability («). The
depth d indicates the number of bonds that must be present
between the considered atoms in the start and the scope list.
Together with the definition of the start and scope atom lists,
which depend on the chemical environment, this depth spec-
ifies the atom pairs over which to iterate. With two types of
RACs, six properties, and a maximum depth of three bonds,
a total of 48 descriptors are obtained for each environment
(linkages, linker cores, and functional groups).

Once all materials are featurized, either with structural
parameters or with RACs, the diversity metrics that determine
how well a material set covers the material space can be defined.
The material space is in this context described by the union of
all available databases: the four existing databases and our
database presented here. Before calculating the diversity
metrics, the material space is subdivided into a specific number
of bins, here chosen to be 1 000, defined through k-means
clustering. These bins partition the material space into
subclasses. The variety V of the considered database checks if
each of the subclasses is sampled by measuring the number of
bins that are examined. To make sure that each subclass is
sampled equally, the balance B indicates the evenness of the
distribution of materials among the sampled bins. In the ideal
case, all covered subclasses are represented with the same
number of structures. Lastly, the disparity D quantifies again
the fraction of material space that is covered by the considered
database, using a distance-based approach instead of the clus-
tering into bins. Therefore, it is also a measure of the spread of
the bins. The mathematical definition of these diversity metrics
is given in Section S3.3 of the ESIL.t Together, the variety V, the
balance B, and the disparity D summarize the diversity of
a subset of the material space for each investigated domain.

2.4 Force field generation

The ReDD-COFFEE database aims to report on both material
geometries and system-specific force fields. When compared to
ab initio methods, these force fields can be directly adopted to
perform high-throughput simulations on a larger number of
structures and for longer time scales. Moreover, it can do so
with a higher accuracy than generic force fields. Most system-
specific force fields are derived from periodic ab initio data.
However, for a database containing more than 100 000 struc-
tures, such procedure becomes unfeasible. To reduce the
amount of necessary ab initio data, we exploit the building block
nature of reticular materials to partition each COF in SBUs and
associated clusters. For each of these clusters, a system-specific
cluster force field is derived. Following our QuickFF
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procedure,®* a system-specific force field for the periodic
structure is obtained by combining the cluster force fields to
account for all SBUs in a specific material. As many materials
can be generated with a limited set of SBUs, this proven
approach circumvents the need for expensive periodic ab initio
reference data and requires only a modest set of cluster
calculations.*®*® Section S2 of the ESIt contains supplementary
details about this approach.

The accuracy of these cluster force fields is to a large extent
defined by the choice of termination. A larger termination
mimics the environment of the SBU in the material in more
detail but is only applicable for a smaller set of materials as the
termination has to represent the material correctly. Herein, we
have chosen to define a single termination for each observed
linkage section (blue in Fig. 1). The cluster termination is
therefore independent of the SBU environment and can be
adopted in each material containing that SBU. As such, there
are as many clusters as there are combinations of linker cores
and linkage sections. These terminations are depicted in Fig. S3
of the ESL}

Once a cluster force field is obtained for each SBU in the
material, the parameters of the periodic force field are derived.
As the cluster approximation has the smallest impact on cova-
lent terms that are fully embedded in the SBU, these terms are
directly adopted from the cluster force field. In contrast, the
overlap terms that span multiple SBUs are most accurately
described in the cluster force field of the SBU with the majority
of the atoms. Hence, these parameters are obtained by taking
aweighted average over the respective terms in both constituent
SBUs. For each term, the weights associated with each cluster
involved in the term are proportional to the number of atoms
embedded in the SBU core of the cluster. Also bond charge
increments of bonds spanning two SBUs are obtained following
this procedure. Charge neutrality is satisfied by using bond
charge increments to derive the partial charges in the periodic
material."* The averaging is only allowed when all covalent
bonds involved in the term have the same bond order in both
clusters involved, which is mostly the case in this paper. When
this is not the case, the parameters are directly obtained from
the building block that mimics the environment correctly.

Inserting the SBUs in a periodic material introduces topo-
logical constraints to its environment, which can impose strain
between the SBUs that is not present when considering an
isolated cluster. The equilibrium geometry of the SBU in the
material is therefore not necessarily the same as in the cluster
model. This is for example illustrated in COF-108,> where the
tetrahedral TBPM building block, with point group Ty, is
inserted in the bor topology and placed on a vertex with point
group D,4. Due to the geometric mismatch, which results in an
RMSD of 0.09 A before optimization, the SBUs are slightly
reshaped with respect to their equilibrium structure.

To quantify the energy penalty for inserting the SBUs in
a suboptimal environment, the deformation energy Egqer is
introduced as the energy difference between the periodic
material and the sum of the energies of the isolated clusters it is
composed of. Only interactions that are present both in the
periodic material and the isolated clusters are included.
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Although they differ only slightly from the cluster force field
parameters, the force field parameters of the periodic structure
are also used for the calculation of the energies of the different
clusters to ensure a consistent comparison. More specifically,
the covalent and non-covalent interactions in the periodic
material are divided into interactions between atoms within the
same SBU (EPSS™™@ and ERSRNU) and in different SBUs
(EBShinter and ERSRInten) In the periodic material, the interactions
within the same SBU, ie, EPSHMT™ and ERSHINTa gre
also described in the cluster model by Eoustinta and
Eustinta - pegpectively. The covalent interactions between
different SBUs in the periodic material, ie., EReninter exactly
correspond to the overlap terms between the core and the
terminations of the appropriate clusters ES¥S4i"tr T ayoid that
these overlap terms would be counted in both corresponding
clusters, they are weighted with the same rescaling factors as in
the generation of the periodic force field. However, no cluster
counterpart for the long-range non-covalent interactions
between different SBUs ERS5 T can be defined, as these inter-
actions are not integrated into the isolated cluster model.
They are therefore neglected in the calculation of the defor-
mation energy. As the topological constraints scale with the
number of linkages between SBUs, N, the deformation energy is
normalized with this number, resulting in the definition of Ege¢
in eqn (3).

B + B + ERy

N

clust,intra clust,inter clust,intra
B A EMM + E

" (3)

Eger =

Since the deformation energy indicates the energy change
upon inserting an SBU in a topology, it describes how easily the
SBUs can accommodate the mismatches introduced due to
topological constraints, i.e., if they are sufficiently flexible. High
values of the deformation energy indicate that the SBUs are too
rigid to accommodate the introduced mismatches and result in
highly contorted structures. As described in Section 2.2, COFs
with a high deformation energy have a low synthetic likelihood
and are therefore discarded from the database via the third
filter.

3 Computational details

For each SBU, a cluster force field is derived that is fitted to the
ab initio Hessian and equilibrium structure. An initial cluster
geometry is assembled with Avogadro (v1.2.0)** and afterwards
optimized with Gaussian 16 (Revision C.01)"** using the B3LYP
functional**** with Grimme D3 dispersion correction.'*® The
Hessian of the relaxed structure is calculated using the same
level of theory. When imaginary frequencies are observed,
indicating that the cluster is optimized to a saddle point on the
potential energy surface, a small perturbation is added to the
geometry and the procedure is repeated until all frequencies are
positive. All calculations adopt the 6-311++G(d,p) Pople basis
set' and the NoSymm flag is used. Once the ab initio reference
data is obtained, a cluster force field is derived comprising three
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main parts. The van der Waals interactions are described with
a Buckingham potential using the MM3 parameters derived by
Allinger et al."** The partial charges for the electrostatic inter-
actions are obtained with the MBIS procedure'* as imple-
mented in HORTON (v2.0.0)."* Bond charge increments'"* are
used to divide the charges over the different bonds and
Gaussian smearing is applied to obtain a more accurate
description of the charge distribution. Finally, the covalent part
of each cluster force field is fitted to the ab initio Hessian and
equilibrium structure using QuickFF (v2.2.4),**?*° where both the
electrostatic and van der Waals interactions are provided as
reference force fields. Each set of equivalent atoms is given
a unique force field atom type. Specific details about the triazine
dihedral angles and the out-of-plane terms are provided in
Section S2.1 of the ESI.T Besides the QuickFF derived force field,
also a UFF force field"** is generated for each SBU to compare
their accuracy with system-specific force fields. The covalent
and van der Waals interactions are defined according to the
rules mentioned in the original UFF paper,”* which are
implemented in our in-house force field generator software. As
no partial charge fitting scheme is imposed by the UFF method,
and as our focus is to describe the covalent part of the force
field, the electrostatic interactions are defined identically to the
QuickFF derived force field. For the validation of the cluster
force fields, each cluster is optimized with both force fields,
using our in-house force field engine Yaff (v1.6.0),'* and the
vibrational frequencies are calculated with a normal mode
analysis (NMA) using TAMKin (v1.2.6)."2°

The initial periodic structure is generated by placing the
SBUs on the nodes of the topology and its periodic force field is
derived from the cluster force fields of the underlying building
blocks, as described in Sections 2.2 and 2.4, respectively. For 2D
COFs, a1 x 1 x 2 supercell is used to include two layers in the
simulation cell that can better describe the specific type of
stacking. The initial structure is a perfect eclipsed structure
with an interlayer distance of 10 A. This interlayer distance is
chosen sulfficiently large to avoid overlap between the layers and
decreases during the optimization. The structures are relaxed
with Yaff,"* following a three-step procedure. During the
structure assembly process, nearby SBUs may contain atoms
that almost overlap. The potential well of the Buckingham
potential that describes the van der Waals interactions of the
QuickFF derived force field would diverge to minus infinity
when two such atoms approach each other. To push these
atoms apart and generate a more physical geometry, the first
step of the optimization procedure is to optimize the atomic
positions with the UFF force field for 50 steps. The van der
Waals interaction of the UFF force field is described by a Len-
nard-Jones potential, which is repulsive at short distances.'**
Subsequently, the system-specific QuickFF force field is applied
to fully optimize the atomic positions. Finally, the unit cell
parameters are added to the degrees of freedom that are
relaxed. For each optimization, the conjugate gradient opti-
mizer as implemented in Yaff is adopted. A real-space cutoff 7,
of 11 A is used for the nonbonded interactions. Tail corrections
are used to estimate the van der Waals interactions beyond this
cutoff distance. Furthermore, the electrostatic interactions are
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calculated with an Ewald summation, with scaling factor a =
0.26 A~ and reciprocal space cutoff k., = 0.26 A™'. A trunca-
tion model is used to smooth these interactions. The textural
properties of the optimized structures are derived with Zeo++
(v0.3).**” To calculate the accessible surface area and volume,
a probe radius of 1.84 A, coinciding with the kinetic radius of
nitrogen,"® and 3000 Monte Carlo samples are adopted. In
Section S5 of the ESI,} benchmark studies for all simulation
parameters are provided.

Molecular dynamics (MD) simulations are performed to
compute the powder X-ray diffraction (PXRD) patterns and
single crystal structures at operating conditions® using the Yaff
software package'”® with the same force field parameters as
determined for the optimizations. The MD simulations sample
the (N, P, ¢, = 0, T) ensemble at operating conditions, ie.,
a pressure of 1 atm and a temperature of 100 K for COF-300 and
LZU-111, a pressure of 1 atm and a temperature of 89 K and 298
K for the distinct phases of COF-320, respectively, and a pres-
sure of 1 bar and a temperature of 300 K for the calculation of
the PXRD patterns. They are controlled by a Nosé-Hoover chain
thermostat'>*** with three beads and a relaxation time of 100
fs, and a Martyna-Tuckerman-Tobias-Klein barostat**>*** with
a relaxation time of 1000 fs, respectively. The velocity Verlet
integration scheme is used, with a timestep of 0.5 fs. For the
computation of the crystal structures, 9900 snapshots are
collected from an MD trajectory of 500 ps, where the first 5 ps
are considered as equilibration run. An MD trajectory of 200 ps
is created to compute the PXRD patterns and 50 snapshots are
extracted from the last 100 ps. 3D COFs in the test set are
simulated using a 2 x 2 x 2 supercell, whereas a1 x 1 X 5
supercell is adopted for the 2D COFs, resulting in simulation
cells of ten layers to account for the inherent freedom in layer
movement. All PXRD patterns are computed using the pyobjcryst
python package, based on the ObjCryst++ Object-Oriented
Crystallographic Library.’** A Cu K, wavelength of 1.54056 A is
adopted. The peak shape is computed with a pseudo-Voigt
shape function, where the mixing parameters are set to 7o =
0.5, 71 = m, = 0, and a fixed width W of 0.02° in Caglioti's
formula together with the U and V parameters equal to 0°.

In Section 4.4, we perform grand-canonical Monte Carlo
(GCMC) simulations'® using RASPA™ to calculate methane
storage capacities at pressures of 5.8 bar and 65 bar. A cutoff
radius of 14 A is used for all interactions and tail corrections are
applied, as required by the TraPPE model.**” The simulation cell
contains as many unit cells as needed to ensure a distance of
twice the cutoff radius in every direction. The simulations are
run for 10 000 cycles, from which the first 5000 are discarded for
equilibration. As outlined in Section S5.3 of the ESI,T this is
sufficient to let the system equilibrate. For the subset of 10 000
COFs that are contained in our test set, 1600 structures are
discarded from the GCMC analysis as their pore sizes are
prohibitively large, preventing the calculation of the interac-
tions between the framework and the methane molecules at 65
bar within a reasonable timeframe. As explained in Section 4.4,
it is expected that these structures have a low volumetric
deliverable capacity and are therefore unviable candidates for
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vehicular methane storage. Six additional COFs are discarded as
they require too much memory.

4 Results

4.1 Accuracy of the system-specific force fields

As explained in Section 2.4, we have derived a system-specific
QuickFF force field for each material in the ReDD-COFFEE
database from the cluster force fields of its constituent SBUs.
In this section, we will verify that these QuickFF force fields
indeed achieve a higher accuracy than universal force fields
typically used in high-throughput screenings. Here, we will
compare the system-specific force fields with the widely adopted
UFF force field.”* To this end, we will assess the ability of the
cluster force fields in reproducing the vibrational frequencies
and internal coordinates of the ab initio optimized clusters, and
we will quantify to what extent the periodic force fields can
reproduce experimental powder X-ray diffraction (PXRD)
patterns and single crystal structures.

Starting from the ab initio optimized geometry, both the
QuickFF and UFF force fields are used to relax the SBU clusters.
Subsequently, the adjustments of the internal coordinates, i.e.,
the bonds, bends, dihedral angles, and out-of-plane distances,
are measured. The QuickFF force field successfully reproduces
the ab initio optimized geometry, with RMSD errors on the
bonds, bends, and out-of-plane distances as small as 4.73 x
1072 A, 7.18 x 10 ', and 4.12 x 10 * A, respectively (see
Fig. S26 in Section S2.3 of the ESIf). These are substantially
lower than the RMSD errors obtained for the UFF optimized
structures, which amount to 3.56 x 1072 A, 2.87°, and 4.50 x
1072 A, respectively. The most challenging internal coordinates
to describe with force fields are the dihedral angles of non-
planar COF building blocks, as they are primarily dictated by
long-range electrostatic and van der Waals interactions. The
RMSD error of these internal coordinates in the QuickFF relaxed
structure is relatively large, namely 9.40°, which is still
improved substantially compared to the UFF relaxed structure,
for which the RMSD error is 22.27°.

For these optimized clusters, the force field vibrational
frequencies are derived and compared with the ones obtained
from the ab initio Hessian. Similar to the internal coordinates,
also the vibrational frequencies are described more accurately
by the QuickFF force field (see Fig. S27 in Section S2.3 of the
ESIT). The RMSD error on the frequencies is lower than the
errors obtained for the UFF force field in all frequency regions.
While they are still comparable in the low-frequency regime
(<500 ecm™?), the QuickFF force fields outperform UFF by an
order of magnitude for the higher frequencies (>500 cm™"), as
the QuickFF parameters are fitted to reproduce the ab initio
Hessian.

This quantitative comparison between the force field and ab
initio derived values of both the optimized cluster geometry and
the vibrational frequencies provides an indication of the accu-
racy our QuickFF force fields can reach. However, we are more
interested in the capacity of our periodic force fields to predict
experimentally measured, structural properties. For COFs, a key
macroscopic descriptor is the PXRD pattern, capturing the
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Fig.3 Comparison of the experimental PXRD patterns of seven COFs with four computational patterns for each material. Static and dynamically
averaged PXRD patterns are derived for both the system-specific QuickFF force fields derived in this work and the transferable UFF force field.
Diffractograms are offset vertically for clarity. The PXRD patterns of (a) CTF-1and (b) COF-103 are visualized. (c) Weighted profile residual Ry
quantifying the comparison of each of the calculated patterns with the experimental pattern for all selected COFs. The lower the value of Ry, the

better the agreement with experiment.

atomic structure of the material, typically used due to the
challenging synthesis of single crystal COFs.” In Fig. 3c, the
weighted profile residual R, is used as a heuristic metric to
compare the calculated PXRD patterns of a diverse set of seven
COFs with their experimentally measured pattern. For each
material, a static and dynamically averaged PXRD pattern is
derived both with the QuickFF and UFF force fields, following
our procedure outlined in ref. 50. Dynamical averaging at
operando conditions is necessary for COFs to account for the
inherent temporal character of experimental measurements.>
In contrast to the static approach, during which the PXRD
pattern is calculated for the optimized structure, the dynamic
approach starts from an MD trajectory performed at operating
conditions. The resulting PXRD pattern is an ensemble average
of the pattern calculated for different snapshots from this
trajectory.

For the large majority of the examined materials, the Ry,
metric is lower for the QuickFF than for the UFF force field for

This journal is © The Royal Society of Chemistry 2023

both the static and dynamically averaged patterns, indicating
a better agreement of the former with the experimental pattern.
Of the materials shown in Fig. 3, the static PXRD is predicted
better by UFF than QuickFF only for PI-COF-4 and ACOF-1.">**
However, once experimental operando conditions are taken into
account to obtain higher accuracy, our system-specific force
fields again outperform the generic ones. As an example, the
PXRD patterns for CTF-1 and COF-103 are provided in Fig. 3a
and b. It can be observed that the peak that is detected at 27°
and 23° in the experimental patterns of CTF-1 and COF-103,>***
respectively, is correctly reproduced in the dynamically aver-
aged QuickFF PXRD pattern. However, the poor description of
the dihedral angles between aromatic rings in the UFF force
field enlarges the unit cell parameters and shifts these peaks to
lower angles. PXRD patterns for the additional COFs can be
found in Fig. S28 of the ESL{

When single crystals are available, the structure of a COF can
be determined with an even higher resolution compared to

J. Mater. Chem. A, 2023, 1, 7468-7487 | 7477
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analyzing the PXRD pattern. While the synthesis of single
crystal COFs is challenging, some studies have succeeded in
experimentally determining the framework's atomic structure
with single crystal X-ray diffraction (SCXRD) or 3D rotation
electron diffraction (RED)."*'® To verify that our system-
specific force fields also predict the COF structure more accu-
rately than generic ones at these higher resolutions, additional
MD calculations at operando conditions are performed to
reproduce the crystal structures of COF-300 and LZU-111.
Furthermore, simulations are executed to distinguish between
two distinct phases of COF-320, which are observed at different
temperatures and both have a specific pore structure and unit
cell volume.

As can be observed in Tables S6-S9 of the ESI,T our system-
specific QuickFF force fields indeed achieve an overall better
agreement with experiment than the generic UFF force field in
describing the crystal structures of COF-300 and LZU-111 and
the distinct phases of COF-320. Especially for the bonds,
a consistently better description is achieved by our force fields,
with relative differences being half of the ones obtained by UFF.
Whereas some bends are more accurately described by the
generic force field, most of them achieve a significantly higher
precision in the simulations performed with our system-specific
force fields. Also the dihedral angles, which are most difficult to
reproduce due to the importance of the nonbonded interac-
tions, are better described by our ab initio force fields. Finally,
the unit cell volume and the unit cell lengths are reproduced
more accurately by the system-specific force fields, again with
the relative difference only being half the one obtained with
UFF.

4.2 Diversity of the database

To faithfully describe the material space a database represents,
all regions in this space must be sampled adequately and
equally. Whereas experimental databases have several regions
that are overrepresented, hypothetical databases often lack
structures in specific areas of the material space. Such data-
bases are characterized by a low variety V or a low balance B,
respectively. Furthermore, it is better to include regions in
material space that are well-separated, to obtain a higher
disparity D and maximize the information contained in the
database. Due to our specific database generation approach,
many materials in the ReDD-COFFEE database strongly
resemble each other. Therefore, it would also be interesting to
identify a subset of the database that has a similar diversity and
covers a comparable region of material space as the whole
database but with much fewer structures.

The diversity of experimental and hypothetical databases is
illustrated in Fig. 4, where the distributions of selected
frequently observed linkages of four COF databases are
compared with the one presented in this work. Typically, the
COF material class is divided into several subclasses according
to the formed linkage. Each of these subclasses has its unique
characteristics and advantages or disadvantages for several
applications.**** While the majority of materials in the CoRE
and CURATED databases contain imine and boronate ester
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Fig. 4 Distribution of frequently occurring linkage types in five COF
databases. The CoRE®® and CURATED®® databases are experimental
ones, while the databases of Martin®* and Mercado®* contain hypo-
thetical structures, similar to our ReDD-COFFEE database.

linkages, other linkage types are less frequently observed in
these experimental databases, indicating that they are more
difficult to synthesize. To broaden the scope of investigated COF
structures, Martin et al.*> and Mercado et al.** built hypothetical
databases using a geometric top-down approach. They chose to
focus on a diverse set of linker cores but limited the versatility of
linkage types. Both hypothetical databases contain the experi-
mentally abundant imine linkages. In addition, the database of
Martin et al. also focuses on boronate ester COFs, the second
most observed linkage type, and to a lesser extent on borosili-
cate COFs, while other linkages are not described. Mercado
et al. chose not to focus on boronate ester COFs, but to describe
some less frequently observed linkage types, i.e., the amide,
amine, and carbon-carbon linkages. The amide and carbon-
carbon linked COFs represent only 1.79% and 1.46% of the
experimental CoRE and CURATED databases, respectively,
while the amine linked COFs are not present in either of the two
databases at all. We chose to continue on this path and include
a large variety of linkage types in the ReDD-COFFEE database.
We also include linkages that are less frequently observed than
the abundant imine and boronate ester COFs but occupy
a larger fraction of the experimental databases than amide and
carbon-carbon linked COFs. These linkages cover regions in
material space that are experimentally more relevant but
remain largely uncharted. Furthermore, the structures are well
distributed over most linkage types as the only linkage depen-
dent criterium in the (topology, SBUs) combination is that the
linkage sections of neighboring SBUs have to combine to form
their specified linkage. The structures that are assembled using
a boroxine, triazine, borazine, or borosilicate linkage are
present less frequently than the other COF subclasses, as the
natural constraint that each SBU has to be connected with
a three-connected vertex for their linkage largely limits the
possible topologies.

Moosavi et al. developed a systematic approach to assess the
diversity of a MOF database,”” which we extended to COF
databases in Section 2.3. The resulting diversity metrics, ie.,
variety V, balance B, and disparity D, for each domain and each
of the five COF databases are plotted in Fig. 5. The geometric
properties of the structures in hypothetical databases are more

This journal is © The Royal Society of Chemistry 2023
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Fig. 5 Diversity metrics (variety V, balance B, and disparity D) for the five domains in COF chemistry. All five databases discussed in the text are
considered, together with the diverse subset of 10 000 materials. A t-SNE plot visualizes the material space in gray. Overlaid on this plot are the

density of the structures from our ReDD-COFFEE database.

diverse than the ones in experimental databases. This comes as
no surprise, as in silico materials assembly algorithms provide
more structural freedom than experimental synthesis proce-
dures. Compared to the other hypothetical databases, the
structures generated in this work can deviate more strongly
from the perfect topological graph as provided in the RCSR,
because the deformation filter only removes those structures for
which the deformation energy is prohibitively large. Therefore,
the structures in the ReDD-COFFEE database are assembled in
a larger number of topologies than the ones in the databases of
Martin et al. and Mercado et al.®** Furthermore, while the
distribution of the linker cores in experimental databases is
more balanced, their variety is higher in hypothetical databases
due to the combinatorial freedom in choosing the linker cores
that constitute the COF. Moreover, while the experimental
materials and the structures in the databases of Martin et al.
and Mercado et al. are mostly restricted to containing two
different SBUs at maximum, the structures generated in this
work can combine more than two building blocks in one
structure. The diversity of the linkages present in the ReDD-
COFFEE database is better in terms of variety and disparity,
but the linkages are more balanced in the CoRE database and
the database of Martin et al. There is no clear preference
between the hypothetical databases on the one hand and the
experimental databases on the other hand. Lastly, the diversity
of the functional groups is the largest in the hypothetical
databases of Martin et al. and Mercado et al. They exploited
a large database of linker cores with various functional groups,
which are even more diverse than the ones used in experimental

This journal is © The Royal Society of Chemistry 2023

structures. In contrast, since we chose to focus on describing
different linkage types, we started from a limited number of
linker cores, to which a limited set of functional groups were
attached (see Fig. S1 of the ESIt). However, the ReDD-COFFEE
database can be used to extend the scope towards more func-
tional groups. To this end, a two-step procedure could be used.
Our nonfunctionalized database could first be reduced to a set
of frameworks with a high potential for the targeted application,
after which they can be easily functionalized a posteriori.
While our ReDD-COFFEE database combines a high diversity
in terms of geometric properties and linker core and linkage
chemistry with accurate system-specific force fields, the large
number of structures can also form a barrier to its adoption in
high-throughput screenings. Therefore, we created a smaller set
of 10 000 structures, using the same descriptors that were used
to derive the diversity metrics, ie., geometric properties and
RACs to characterize the linker core, linkage, and functional
group chemical environments. Starting from a random initial
structure, an iterative procedure is followed that selects the
structure that has the largest minimal distance to the set of
already selected structures in each step. As materials can only be
added to the selected set, the variety V and disparity D of each
domain will continue to grow as the selected set becomes larger.
However, the balance B will initially show a sharp peak when the
first chosen structures are added to empty bins. Upon adding
further structures, the balance will start to gradually drop. The
selected subset, therefore, occupies a slightly smaller region in
the material space than the full database, but the structures are
better balanced, as can be observed in Fig. 5. Within the full
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database, many structures sample similar regions in material
space and one structure hardly provides additional information
that cannot be learned from the other structures. Computa-
tional high-throughput screenings that require expensive
calculations can, therefore, use this subset to reduce the
computational cost, while still achieving a comparable accuracy
with respect to screening the whole database.

4.3 Textural features and property-property relationships

Textural properties are relatively easy to calculate and provide
a first insight into the characteristics of the COF material class
and the performance of individual materials. Furthermore, they
can serve as criteria to filter out structures that do not meet the
target design criteria. Therefore, we calculate the textural
properties of all COFs in the ReDD-COFFEE database. These
properties consist of the mass density and the diameters of the
largest included sphere, free sphere, and included sphere along
the free path. Also the gravimetric and volumetric accessible
surface areas are calculated, as well as the gravimetric acces-
sible volume and the pore fraction. In Fig. 6, property-property
relationships between them are established. Additional rela-
tionships are visualized in Section S4 of the ESI.f Due to the
porous nature of COFs and the fact that they are built up from
organic, lightweight atoms, they possess a very low mass
density, which allows for exceptionally high gravimetric prop-
erties. 2D and 3D COFs show a distinct behavior. Fig. 6¢c shows
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that the majority of the 3D COFs in our database have mass
densities lower than 200 kg m™ and gravimetric accessible
surface areas in the range of 6000 to 10 000 m” g~ '. In contrast,
the mass densities of the more densely packed 2D COFs are
mostly within 200 to 600 kg m ™ and reach gravimetric acces-
sible surface areas varying from 1750 to 3000 m* g~". On the one
hand, COFs with the highest mass density are observed for
structures with small pore diameters which do not accept guest
molecules entering the material and therefore have no acces-
sible surface area or volume, as is evidenced by Fig. 6a and b.
The COFs with the smallest mass density, on the other hand, are
obtained for the most porous materials with the largest pores.
For these structures, the unit cell grows rapidly, while the
accessible surface area increases to a more modest extent.
Therefore, the volumetric accessible surface area of Fig. 6a and
b drops to zero also for these structures. In between these two
regimes of very light and very heavy materials, COFs with an
ideal balance between pore volume and accessible surface area
are found, which combine high volumetric and gravimetric
accessible surface areas with large pore volumes.

The pore diameter, and in turn also the mass density, is not
only influenced by the topology and the building blocks of the
material, as one could expect, but also by the linkage that
connects these building blocks (see Fig. 6d). A linkage type that
has a larger spatial extent, such as the azine and (acyl)hydra-
zone linkages, increases the space between the linker cores and,

Fig. 6 Textural property—property relations of COFs in the ReDD-COFFEE database. Volumetric accessible surface area in function of (a) the
gravimetric accessible surface area and (b) the pore fraction. (c) Relation between the gravimetric accessible surface area and the mass density.
(d) Histograms of the mass density for each class of linkage types in the database.
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therefore, also the pore diameter. This results in materials with
a lower mass density as opposed to boronate ester or imide
COFs, which have linkages with a smaller spatial extent. Also
the linkage types that emerge during synthesis, such as the
triazine and borosilicate linkages, result in higher mass densi-
ties as the linker cores of the SBUs are only separated by a single
bond and are thus placed closely together. This reasoning does
not take into account that interpenetrated nets can form during
experimental synthesis upon increasing the pore volume, as
these are described to a lesser extent in our database.*

These considerations are not unique to COFs. Similar trends
in textural properties can be observed for other classes of
nanoporous materials, such as MOFs and zeolites. In Fig. 7,
a density map of the textural property-property relationships is
visualized for our ReDD-COFFEE database, together with three
MOF databases, i.e., the experimental QMOF database® and the
hypothetical hMOF** and ToBaCCo databases,** as well as for
the database of zeolite structures of the International Zeolite
Association (IZA).”” Each relationship shows the same qualita-
tive behavior, independent of the material class. As observed in
Fig. 6a and b, the highest volumetric accessible surface areas of
almost 2500 m*> em™* are found for materials with pore frac-
tions of 0.4 and gravimetric accessible surface areas around
4000 m* g~'. Fig. 6c shows that these have a mass density of
around 500 kg m™>. As is illustrated in Fig. 6d, a higher pore
fraction results in an increased gravimetric accessible surface
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area. COFs that approach a pore fraction of 1.0 can reach
gravimetric accessible surface areas up to 9000 m* g~'. While
Fig. 6 illustrates that the COFs in our database cover the whole
range of textural properties, Fig. 7 emphasizes that most of
them are present in the region with the lowest mass density
among the three material classes. More precisely, as is illus-
trated in Fig. S45 of the ESI, T 71.11% of the structures in the
ReDD-COFFEE database have a pore fraction above 0.85 and
a gravimetric accessible surface area larger than 7000 m* g
This results in a unique combination of exceptionally high
gravimetric accessible surface areas and pore volumes, together
with a very large porosity as compared to MOFs and zeolites.
This endows them with a large potential in adsorption appli-
cations. However, while there are COFs that have a comparable
volumetric accessible surface area as the two aforementioned
materials classes, most of them cover the smaller accessible
surface region. Our property-property relationships show that
the choice of topology, building blocks, and, importantly,
linkage type, allows for a substantial freedom in the porosity
reached in the synthesized COF.

4.4 High-throughput COF screening for vehicular methane
storage

One of the applications for which COFs are highly promising is
vehicular storage of natural gas,"*>'** due to their low mass

Fig.7 Textural property—property relations for databases of different material classes. (a) Volumetric accessible surface area as a function of (a)
the gravimetric accessible surface area and (b) the pore fraction. (c) Relation between the gravimetric accessible surface area and the mass
density. (d) Gravimetric accessible surface area as a function of the pore fraction.

This journal is © The Royal Society of Chemistry 2023
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Fig. 8 Relation between vehicular methane uptake descriptors for 8394 COFs in the subset of our database. (a) Gravimetric and volumetric
deliverable capacities, with the dotted lines indicating the ARPA-E targets. (b) The volumetric deliverable capacity as a function of the difference
between the isosteric heat of adsorption at 65 bar and 5.8 bar. (c) and (d) The volumetric deliverable capacity in function of the largest pore
diameter and pore fraction. Histograms on top of the plots indicate the regions where the top 5% (green) and worst 5% (red) performing

structures in terms of the volumetric deliverable capacity are observed.

density and high internal surface (see also Fig. 7).***'** Natural
gas, mainly consisting of methane, is an environmentally more
friendly alternative than the traditional petroleum and gasoline
based fuels.**>*** However, the main challenge is that the energy
density of natural gas is too low for practical applications.
Several approaches to densify natural gas are proposed, such as
compressed natural gas (CNG),"*° liquid natural gas (LNG),""”
and adsorbed natural gas (ANG)."**'** In the latter approach, the
gas is stored in the pores of a nanoporous material at a higher
storage pressure, after which it is gradually released until the
tank reaches the lower depletion pressure, when a refill is
needed. The amount of gas that can be released every cycle is
defined as the deliverable capacity and is a characteristic of the
adopted nanoporous material. To compete with a 250 bar CNG
tank, the MOVE program of the Advanced Research Projects
Agency-Energy (ARPA-E) of the US Department of Energy has set
targets on this deliverable capacity for nanoporous materials.***
Candidate materials should have a volumetric deliverable
capacity of at least 315 vSTP/v, whereas the gravimetric deliv-
erable capacity should exceed 0.5 g g~ *.1%

To check the performance limits of COFs for vehicular
methane storage, we perform GCMC simulations on the 10 000
structures in the diverse subset of the ReDD-COFFEE database
defined in Section 2.3. A storage pressure of 65 bar and
a depletion pressure of 5.8 bar are applied, as imposed by the

7482 | J Mater. Chem. A, 2023, 11, 7468-7487

MOVE program.***** For the electrostatic contribution, MBIS
charges'** are obtained from the periodic force fields and an ab
initio calculation on a single methane molecule. The choice of
van der Waals interactions is thoroughly benchmarked by
reproducing the experimental adsorption isotherms of COF-1,
COF-5, COF-102, and COF-103 (see Section S5.3 of the ESIT).®
This benchmark study showed that UFF overestimates the
methane uptake, while it is underestimated when the MM3 van
der Waals host-guest interactions are adopted. Combining the
DREIDING force field*** to describe the host-guest interactions
and the TraPPE united atom model'*” for the guest-guest
interactions gives the best accuracy while maintaining
a reasonable computational efficiency. Since these GCMC
simulations adopt a rigid framework structure, no host-host
interaction model is required.

Fig. 8a shows that the majority of the COFs in the subset
(70.6%) meet the ARPA-E target of 0.5 g g~ for gravimetric
deliverable capacity due to their extremely low mass density.
However, the lightest materials also have the largest pores and
encompass the largest volumes, resulting in low volumetric
deliverable capacities of about 60 vSTP/v. As discussed in
Section 4.3, the heaviest materials have no accessible pores and
both the volumetric and gravimetric deliverable capacities
approach zero. This can also be observed in Fig. 8c and d, where
the dependency of the volumetric deliverable capacity on the

This journal is © The Royal Society of Chemistry 2023
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largest pore diameter and the pore fraction is plotted, respec-
tively. Histograms of the structures with the 5% highest and
lowest volumetric deliverable capacity support the previous
claims and identify that the COFs with the highest volumetric
deliverable capacity have a pore diameter between 0.7 nm and
3.4 nm and exhibit quite a broad pore fraction within the range
of 0.2 to 0.7. While these materials do not have the highest
gravimetric deliverable capacity, there are still structures with
high volumetric deliverable capacity that meet the ARPA-E
target for gravimetric deliverable capacity. The highest volu-
metric deliverable capacity, 187.4 vSTP/v, is observed for the
boronate ester based COF ths-c3_11-01-01_06-08-01_06-08-01,
which has a gravimetric deliverable capacity of 0.37 g g~
Among the structures that meet the gravimetric deliverable
capacity ARPA-E target, the COF with the highest volumetric
deliverable capacity is the imine COF ths-c3_11-02-04_04-03-
04_04-03-04, which has a deliverable capacity of 141.1 vSTP/v
and 0.50 g g~ .

Whereas the methane molecules at low pressures are mainly
located at the adsorption sites of the framework, they are more
distributed over the pore volume at higher pressures. Therefore,
the adsorption behavior is dominated by methane-framework
interactions at low pressures and methane-methane interac-
tions at high pressures, respectively. Thus, as evidenced in
Fig. 8b, the deliverable capacity, i.e., the difference between the
methane uptake at high and low pressure, is an interplay
between the two interaction types. When methane-framework
interactions are less important than methane-methane inter-
actions, the uptake at low pressures will be small and therefore,
a higher deliverable capacity will be obtained. Contrarily, when
the methane-framework interactions are more dominant, a lot
of guests will remain bound to the framework at low pressures,
decreasing the deliverable capacity. In Fig. S49 of the ESI,T the
dependency of the methane uptake on the dimensionality of the
framework is visualized. Despite that no COF in the database
meets the ARPA-E target for the volumetric deliverable capacity,
many of the here identified structures have volumetric deliver-
able capacities comparable with record-holding materials, such
as MOF-5 (182 vSTP/v),"> HKUST-1 (183 vSTP/v),** Co(bdp) (197
vSTP/v),"** or NJU-Bai 43 (198 vSTP/v)."*> However, the hypo-
thetical COF proposed by Mercado et al.®® that consists of
a carbon-carbon linked triazine framework and achieves
a volumetric deliverable capacity of 216 vSTP/v, is not matched
in this work, as we did not consider carbon-carbon linkages in
our database. Several studies have proven that the targets
imposed by the ARPA-E are too ambitious and that physical
limits are preventing these objectives from being achieved by
the current state-of-the-art materials.”**** These observations
are valid also for the COFs in our ReDD-COFFEE database.
However, upon functionalization, as discussed in Section 2.3, or
by anchoring alkali metals to the framework,"” an enhanced
volumetric deliverable capacity could be obtained.

5 Conclusions

In this paper, the ReDD-COFFEE database of 268 687 COF
structures and system-specific force fields is presented. ReDD-

This journal is © The Royal Society of Chemistry 2023
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COFFEE is a Ready-to-use and Diverse Database of Covalent
Organic Frameworks with system-specific Force field based
Energy Evaluation. This database has been generated using an
additive top-down approach, taking both geometric and ener-
getic criteria into account. The structures with the lowest
synthetic likelihood were filtered out using a deformation
energy criterium. The combination of the structure and
a system-specific force field for each COF makes the database
ready-to-use in molecular simulations—for instance, for high-
throughput screenings. We demonstrated the improved accu-
racy of the system-specific force fields over fully transferable
force fields in predicting the equilibrium and single crystal
geometries and experimental PXRD patterns, which provides
confidence in the predictions made by our database. Further-
more, as our database is diverse in terms of geometric proper-
ties, linker cores, and linkages, it gives a representative picture
of the COF material space as a whole—although we explicitly
did not take a large variety of functional groups into account.
Additional functionalization can be introduced to the frame-
works a posteriori. Next to the large database, we also derived
a diverse subset of 10 000 COFs with diversity metrics that are
comparable or even higher than those of the full database,
which allows for an efficient initial screening of the database.

We screened the textural properties of the COFs in the ReDD-
COFFEE database and highlighted interesting property-prop-
erty relations. Furthermore, our database is compared to data-
bases of other material classes, i.e., MOFs and zeolites, which
showed that COFs possess the lowest mass densities among the
studied materials. They combine high gravimetric accessible
surface areas and pore fractions with low volumetric accessible
surface areas. Finally, we screened the diverse subset for
attractive COF storage materials for ANG in vehicular transport.
Property-property relations were determined and the structural
characteristics of the top candidates were selected. The highest
observed volumetric deliverable capacity is comparable with the
current record-holding materials. This study forms the basis for
future, more elaborate screening studies focussing on gas
storage and separation processes, such as carbon capture from
flue gasses, as well as the mechanical stability of COFs, which
will maximally benefit from the increased accuracy of the
derived force fields. We hope our ReDD-COFFEE database—
which is freely available on the Materials Cloud (https://doi.org/
10.24435/materialscloud:nw-3j)—may also encourage other
researchers to perform high-throughput simulations on these
materials and further tap into the potential of functional COF
materials.
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ABSTRACT: Covalent organic frameworks (COFs) are emerging as a
new class of photoactive organic semiconductors, which possess crystalline
ordered structures and high surface areas. COFs can be tailor-made toward
specific (photocatalytic) applications, and the size and position of their
band gaps can be tuned by the choice of building blocks and linkages.
However, many types of building blocks are still unexplored as
photocatalytic moieties and the scope of reactions photocatalyzed by
COFs remains quite limited. In this work, we report the synthesis and
application of two bipyridine- or phenylpyridine-based COFs: TpBpyCOF
and TpPpyCOF. Due to their good photocatalytic properties, both
materials were applied as metal-free photocatalysts for the tandem aerobic
oxidation/Povarov cyclization and a-oxidation of N-aryl glycine
derivatives, with the bipyridine-based TpBpyCOF exhibiting the highest

@ Supporting Information

activity. By expanding the range of reactions that can be photocatalyzed by COFs, this work paves the way toward the more
widespread application of COFs as metal-free heterogeneous photocatalysts as a convenient alternative for commonly used

homogeneous (metal-based) photocatalysts.

KEYWORDS: covalent organic frameworks, photocatalysis, oxidation, Povarov reaction, heterogeneous catalysis

H INTRODUCTION

A booming world population and economy put ever-increasing
pressure on the environment. Together with growing concerns
about pollution, global warming, and the finite supply of fossil
resources, this has led to the development of many different
green technologies. One promising avenue is visible light
photocatalysis, which utilizes the energy of visible light and
converts it into chemical energy for organic reactions through a
catalyst.' > Based on whether the photocatalyst and the
reactants exist in the same phase or not, it is classified as a
homogeneous or heterogeneous photocatalyst, respectively.
Typical examples of the former include metal complexes (mainly
ruthenium and iridium complexes)* and organic dyes
(fluorenone, acridinium-based photocatalysts, xanthene dyes,
etc.),” whereas the latter category mainly contains inorganic
semiconductors (TiO,, CdSe, WO;, etc.).‘;:/ However,
homogeneous catalysts, and especially the precious metal-
based ones, have drawbacks such as high costs, difficult
separation from the product, and low or no recyclability.

In recent years, new, heterogeneous, polymer-based photo-
catalysts such as graphitic carbon nitride (g-C;N,),° metal

© 2023 American Chemical Society

~ ACS Publications

organic frameworks (MOFs),” and porous organic polymers
(POPs)' have emerged to help eliminate these aforementioned
deficiencies. Covalent organic frameworks (COFs) are a
subclass of POPs, and like POPs, they are constructed
completely from organic building blocks. Their defining
characteristic is their long-range order and accompanying
crystallinity. Due to their low weight, high specific surface
area, and modular design, they have found application in diverse
fields, such as gas sorption and sepalra’cion,11 energy storage,]2
sensing,"> and heterogeneous catalysis.'* COFs hold a lot of
promise as heterogeneous photocatalysts, with great recycla-
bility due to their insolubility. Their extended 7z-conjugated
frameworks, regular pore structures, and high surface areas are
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Scheme 1. Schematic Illustration of the Synthesized COFs”
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“When TpOMe was condensed with Bpy, a material largely corresponding to TpBpyCOF was formed (See Supporting Information Section S2.7

for more details).

beneficial for obtaining high photocatalytic activities due to the
good light-absorbing capacity and high accessibility of their
active sites.">'® Due to their tailor-made character, the optical
properties and photocatalytic efficiency of COFs can be easily
adjusted by the choice of building blocks."” ™"’ Nitrogen-rich
moieties, when incorporated in extended frameworks, are
known to confer significant photocatalytic activity. While
nitrogen-rich motifs such as triazines, '’ porphyrins,ZI’22 and
benzothiadiazoles™*** have been applied extensively in metal-
free heterogeneous photocatalysts, bipyridines and especially
phenylpyridines have been less explored. Moreover, despite the
advantages and the great amount of research currently being
done on COFs as photocatalysts, the scope of reactions that are
catalyzed by photoactive COFs is still quite limited. Mainly,
three reactions are studied: the aerobic oxidation of benzyl-
amines, the hydroxylation of aryl boronic acids, and the
oxidation of sulfides. To expand this scope, we envisaged that
the oxidation and subsequent transformations of N-aryl glycine
derivatives would be feasible with COFs.

Herein, we describe the synthesis of two bipyridine- or
phenylpyridine-based COFs: TpBpyCOF and TpPpyCOF and
their application as photocatalysts. To evaluate their efficacy, we
applied these materials in the COF- and Lewis acid-catalyzed
photocatalytic aerobic oxidation/Povarov cyclization, allowing
for the easy synthesis of highly substituted quinolines. Moreover,
the same substrates could be converted into a-dicarbonyl
compounds when the Lewis acid was omitted. The results
described in this work broaden the scope of COF-catalyzed

35093

photocatalytic reactions and thus facilitate the advancement of
these emerging materials as alternatives for homogeneous
(metal-based) catalysts.

B RESULTS AND DISCUSSION

Synthesis and Characterization of COFs. Two-dimen-
sional (2D) COFs with one-dimensional open channels were
synthesized by condensing 2,2’-bipyridine-5,5'-diamine (Bpy)
or 6-(4-aminophenyl)pyridin-3-amine (Ppy) with 1,3,5-trifor-
mylphloroglucinol (Tp) by solvothermal synthesis as shown in
Scheme 1. TpBpyCOF is already well known in the
literature™ " and has been applied as a proton conductive
solid-state electrolyte,”* as a carrier material for palladium or
cobalt to use as a heterogeneous catalyst for benzofuran
synthesis®® or for electrochemical water oxidation,” as a
fluorescence sensing material,”® and recently as a metal-free
photocatalyst for the production of hydrogen peroxide.”” The
newly synthesized TpPpyCOF is the first COF synthesized
using Ppy as a building block, and this material has potential not
only as a photocatalyst but also as a platform to complex metals
with its phenylpyridine moiety. Moreover, we improved the
existing synthesis of Ppy by employing a Suzuki coupling
reaction followed by reduction (see Supporting Information,
Section S1.4) instead of the four-step approach used
previously.”” Next to these materials, another COF was made
by condensation of Bpy with 2,4,6-trimethoxybenzene-1,3,5-
tricarbaldehyde (TpOMe), which is known to give imine-linked
COFs with exceptional stability.”' While this COF has already

https://doi.org/10.1021/acsami.3c07036
ACS Appl. Mater. Interfaces 2023, 15, 35092—35106
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Figure 1. (a) PXRD comparison for TpBpyCOF and TpPpyCOF between experimental measurements and calculated MD averages. (b) Simulation-

derived structure for TpBpyCOF and TpPpyCOF.

been reported, it was synthesized via a mechanochemical
reaction.”’ Interestingly, during the acidic conditions of the
solvothermal COF synthesis, unexpected demethylation of this
material took place as signified by solid-state NMR, and a COF
was formed that corresponded with TpBpyCOF (see
Supporting Information Section $2.7).

PXRD patterns of the synthesized materials indicated
relatively sharp reflections (Figure 1a), pointing to good
crystallinity of the resulting COFs. The peaks around 26 = 4°
are assigned to the (100) plane and the smaller peak around 7°
to the (200) plane. The broad peak around 25° corresponds to
the (001) plane and originates from 7—7 stacking between the
individual layers of the COE.*>** SEM and TEM images of the
COFs are shown in Figure 2a,b. TpBpyCOF and TpPpyCOF
form large aggregates with relatively rough surfaces. The TEM
images (Figure 2b) show the crystalline honeycomb-like
structure. Bright-Field (BF) TEM images of TpBpyCOF and
TpPpyCOF with their corresponding EDX elemental map of
carbon, nitrogen, and oxygen demonstrate the uniform
distributions of these atoms throughout the framework (Figures
$11—-S13). The permanent porosity of the synthesized COFs
was assessed by N, sorption measurements at 77 K (Figure 3b).
The calculated Brunauer—Emmett—Teller surface areas for
TpBpyCOF and TpPpyCOF were 879 and 755 m?/g,
respectively. The resulting pore size distributions (PSDs) are
given in Figures S1 and S2 and the pore diameters were 17.9 and
18.5 A for TpBpyCOF and TpPpyCOF, respectively. The
simulated PSDs are shown in Figures S40—S41 and possess a

Figure 2. (a) SEM and (b) TEM images of TpBpyCOF and
TpPpyCOF.

similar mean pore diameter but exhibit a much narrower
distribution than the experimental PSDs.

Fourier transform infrared (FTIR) spectroscopy of these
materials confirmed the completion of the reaction and the

https://doi.org/10.1021/acsami.3c07036
ACS Appl. Mater. Interfaces 2023, 15, 35092—35106
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Figure 3. (a, left) Overlay of the FTIR spectra of Bpy (top, blue), Tp (middle, orange), and TpBpyCOF (bottom, green). (a, right) Overlay of the
FTIR spectra of Ppy (top, blue), Tp (middle, orange), and TpPpyCOF (bottom, green). Characteristic signals originating from the amino groups,
aldehydes, and f-ketoenamine linkages are marked in blue, orange, and green, respectively. (b) Nitrogen adsorption/desorption isotherms at 77 K of

TpBpyCOF and TpPpyCOF.

formation of ff-ketoenamine linkages (Figures 3a and $4—510).
Disappearance of the characteristic absorption bands of the Bpy
amino group (3180—3418 cm™) and the Tp carbonyl (1632
cm™) in the FTIR spectrum of TpBpyCOF points toward a
successful reaction. New peaks corresponding with the keto
functionality are observed at 1604 (C=0) and 1564 cm™" (C=
C).** The peaks around 1260 cm™" correspond with the C—N
bond.*® For TpPpyCOF, similar results were obtained; the
characteristic amine absorption bands (3192—3443 cm™')
disappear and new bands corresponding with the C=0 and
C=C absorption, which are nearly merged in this material,
appear around 1595 and 1568 cm™. For additional structural
characterization, the N and C 1s XPS spectra were measured.
The N Is spectra of TpBpyCOF and TpPpyCOF are shown in
Figure S14. The peaks at 398.8 and 398.5 eV for TpBpyCOF
and TpPpyCOF, respectively, correspond to the C=N moieties
(pyridinic nitrogens). The peak at 399.9 eV for both
TpBpyCOF and TpPpyCOF corresponds to the nitrogens of

the enamine linkages (pyrrolic nitrogens). The N 1s spectrum of
TpBpyCOF was deconvoluted in another smaller peak, at 401.2
eV, which was assigned to quaternary nitrogens, formed through
side reactions or protonation. The C 1s spectra of TpBpyCOF
and TpPpyCOF were deconvoluted into three main peaks. One
was at 284.5 and 284.8 eV, for TpBpyCOF and TpPpyCOF
respectively, corresponding to the C—C moieties, another at
285.6 and 286.0 eV corresponding to the C—N moieties, and a
third peak at 287.9 and 288.3 eV corresponding to the carbonyl
moieties.

Multinuclear NMR spectroscopic studies were performed to
obtain information about the local chemical structures of these
materials. The "H MAS NMR spectra (Figures 4a,b and S15) of
the three COFs, TpPPyCOF, TpBpyCOF and “TpOMeBPy-
COF”, exhibited three broad resonances between 0 and 5, 5 and
10, and 10 and 15 ppm. The resonance between 5 and 10 ppm is
assigned to the aromatic and olefinic protons of the linker
moieties, while the downfield shifted resonance between 10 and

https://doi.org/10.1021/acsami.3c07036
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Figure 4. (a,b) 'H direct excitation spectrum of TpPpyCOF and TpBPyCOF. (c) 'H-"*C CPMAS spectrum with spectral decomposition. (d) 'H-"*C
CP-HETCOR spectrum of TpPpyCOF. (e) 'H-"*C CPMAS with spectral decomposition. (f) 'H-">C CP-HETCOR spectrum of TpBpyCOF. (g,h)
"H-'"H DQ-SQ NMR spectra of TpPpyCOF and TpBpyCOF. All the spectra were acquired at 18.8 T under 35 kHz MAS at a sample temperature of

295 K.

15 ppm is attributed to the enamine 'H. The upfield resonance
between 0 and 5 ppm is not an expected resonance considering
the ideal chemical structure and could be attributed to the
terminal —NH, groups or a composite resonance of strongly
adsorbed water with the NH, terminals, strongly adsorbed
solvents, etc. In the case of “TpOMeBpyCOF”, the presence of
the enamine 'H resonance and the absence of the methoxy
resonance in the '"H NMR spectrum (Figure S15) point toward
an unexpected demethylation reaction during the COF
synthesis. DQ-SQ NMR spectroscopy is a probe for the close
spatial proximity between different nuclei (Figure 4gh).** The
existence of correlations along the diagonal (autocorrelations)
indicates the appearance as pairs for the respective nuclei and the
appearance of off-diagonal correlations (cross correlations) at
the sum of the respective frequencies indicates their existence in
close spatial proximity. The presence of the cross correlation
(see Figure 4gh, indicated as NH-H,, o) of the enamine
resonance with the aromatic and olefinic 'H’s indicates the
successful linking between the Tp and Bpy or Ppy linkers in

TpBpyCOF and TpPpyCOF, respectively. The cross correla-
tion between the upfield 'H resonance (0—5 ppm) and the
aromatic/olefinic resonance (labeled as NH,-Hy, /o) points
toward its existence in the same phase and could be attributed to
the existence of terminal NH, groups. The 'H-"*C CPMAS
spectrum of all the COF samples exhibited the presence of
carbonyl resonances around 185 ppm and multiple overlapping
aromatic/olefinic *C resonances between 108 and 151 ppm
(Figure S16). In line with the "H NMR spectrum, the methoxy
resonances were absent in the case of “TpOMeBpyCOF”,
confirming its demethylation, and this material exhibited
resonances similar to that of TpBpyCOF. The 'H-'*C CP-
HETCOR spectra (Figure 4d,f) evidenced the correlation of the
enamine 'H resonance to the different '*C nuclei in both the
linkers, further confirming the local chemical structure. The
correlations of the enamine resonance to the Bpy or Ppy linkers
are depicted by the blue horizontal bar, while the correlation to
the Tp linker is indicated by the yellow, green, and cyan
horizontal bars. Modeling of the chemical shielding parameters

https://doi.org/10.1021/acsami.3c07036
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Figure 5. (a) Kubelka—Munk absorption spectra, (b) Tauc plots, (c) band structure, and (d) EPR spectra of TpBpyCOF and TpPpyCOF. (e) EPR
spectrum of DMPO-OOH?®. (f) TEMPO produced by TpBpyCOF under visible light irradiation.

(GIPAW VASP) was performed and the theoretically estimated
chemical shifts were in perfect agreement with the experimental
spectra for TpBpyCOF and TpPpyCOF, allowing assignment
of all resonances, and confirmed the local chemical structure of
these materials (Supporting Information, Section $3.6).

The atomic structure of the materials was further determined
through computational modeling (see Section S3) using the
measured diffraction patterns as reference data. Through
judicious comparison of the experimental diffraction patterns
with a collection of calculated diffraction patterns, correspond-
ing to different possible structure models, the most representa-
tive model was identified.*® Moreover, by performing molecular
dynamics (MD) simulations at operating conditions (1 bar, 300
K), peak broadening effects due to movement of the layers were
effectively included in our calculated diffraction patterns for
optimal comparison. The models were generated, starting from a
hexagonal layer topology (hcb), combinatorically varying all
flexible moieties in the layer geometry that might not be able to
transition at operating conditions during the MD simulation due
to prohibitively large free energy barriers. Moreover, as typically
only the nearest neighboring layer orientation is relevant due to
screening effects and to allow for different variations between
subsequent layers, two-layer unit cells were constructed. The
orientations of both the pyridine (py) moieties and the enamine
linkages were considered (see Figure $32). The molecular
interactions in these systems were modeled using system-
specific force fields, derived using the QuickFF protocol (see
Section $3.1). Ultimately, this approach gave rise to a single
optimal atomic structure for the materials, as visualized in Figure
la, with excellent agreement to the experimental PXRDs. For
TpBpyCOF, the optimal structural model has enamine linkages
with an identical orientation in the same layer but inverted with

respect to the layer above. The bipyridine is in a trans
configuration and is inverted with respect to the layer above.
For TpPpyCOF, the optimal structural model has enamine
linkages with an identical orientation in the same layer but
inverted with respect to the layer above. The pyridine unit is
inverted with respect to the layer above and also switches
positions. The orientations of asymmetric moieties in COFs,
such as the linkage and the configuration of bipyridine/
phenylpyridine linkers, are usually not modeled. However, by
utilizing this methodology, we were able to obtain a more
comprehensive understanding of these materials’ configurations.
Additionally, the good agreement observed between the
modeled and experimental PXRDs provides evidence of the
high crystallinity of these materials.

Diffuse reflectance UV—visible spectroscopy was performed
to characterize the optical properties of the materials. The
diffuse reflectance UV—vis spectra of the COFs were measured
and transformed through the Kubelka—Munk function to obtain
the absorption spectra. These spectra exhibit absorption edges
around 500 nm and the absorption tails extend beyond 850 nm
(Figure Sa). It can be clearly seen that the absorption edge for
TpPpyCOF is blue-shifted compared to that of TpBpyCOF.
The related Tauc plots (Figure Sb) were used to estimate the
band gaps, which amounted to 2.10 and 2.23 eV for TpBpyCOF
and TpPpyCOF, respectively, indicating that the substitution of
a nitrogen atom in bipyridine to a carbon in phenylpyridine
increased the band gap by 0.13 V. The band gaps and density of
states were calculated using the hybrid functional (HSE06)
(Figure S35). The calculated band gaps were 2.09 and 2.14 eV
for TpBpyCOF and TpPpyCOF, respectively, in good
agreement with the experimental values. In both cases, the

https://doi.org/10.1021/acsami.3c07036
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Scheme 2. One-Pot Oxidation/Povarov Cyclization
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(10 mg), or [Ru(Bpy);](PEy), (1 or 10 mol %), “¢ 10 mol % Lewis
acid, 1 mL of CH;CN, 26 W CFL, 24 h, r.t. “Determined by 'H NMR
analysis using 1,3,5-trimethoxybenzene or mesitylene as an internal
standard. “1 mol %. 910 mol %. °42% cinnamyl 2-oxo-2-(p-
tolylamino)acetate 7a was detected.’S mL CH;CN. $No reaction.

band gaps were quite small, allowing absorption of visible light
and its conversion into useful chemical energy.

Finally, the absolute positions of the valence band (VB) and
conducting band (CB) of these COFs were estimated by linear

sweep voltammetry under chopped light illumination.>® To this

end, the COFs were mechanically exfoliated by grinding and
coated on a working electrode. This was then used in a three-
electrode setup, with an Ag/AgCl reference electrode and a Pt
coil counter electrode. The anodic photocurrent was measured
under chopped white light illumination and an applied bias,

35098 https://doi.org/10.1021/acsami.3c07036
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Table 2. TpBpyCOF and Sc(OTf);-Catalyzed Synthesis of Quinolines 4a—m™"
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which was swept from +0.4 V to —0.4 vs Ag/AgCl. The resulting
photocurrent decreased in magnitude and changed sign when
going from +0.4 to —0.4 V (Figures S17 and S18). The energy
level of the CB can be determined from the potential at which
this sign change occurs. The energy levels of the VB can then be
calculated using the equation: Ecg = Eyg — E, (Figure 5¢)." To
perform the targeted Povarov reaction, the amines of the glycine
esters need to be oxidized and oxygen-reduced. The reduction
potential of O, is —0.62 V (vs NHE)** and the oxidation
potentials for a representative N-aryl glycine ester, ethyl p-
tolylglycinate, is 1.30 V (vs NHE).* According to these
potentials, both COFs can reduce oxygen to the superoxide
radical, and both COFs are sufficiently oxidizing to accept
electrons from a representative N-aryl glycine ester. Next to
these direct electron transfer reactions, these COFs could also
act as photosensitizers to generate singlet oxygen. Singlet oxygen
can be produced by semiconductors, such as COFs, through two
main mechanisms. In a Dexter-type energy transfer mechanism,
one electron reduction of O, to O,™* takes place, followed by
one electron oxidation. Alternatively, Forster resonance energy
transfer allows the transfer of the energy of the excited state of
the COF to oxygen, through dipole—dipole interactions
between oxygen and the electric field produced by the separated

charges.*”*' Singlet oxygen is a powerful oxidizing agent and can

oxidize the desired substrates, thereby allowing the proposed
reactions to occur. By using EPR spectroscopy and TpBpyCOF
as the model catalyst, the ability of this material to create
activated forms of oxygen (O, and '0,) was confirmed. By
stirring a suspension of the COF in acetonitrile with $,5-
dimethyl-1-pyrroline-N-oxide (DMPO), under air and visible
light irradiation, the EPR spectrum of DMPO-OOH?, generated
by reaction between DMPO and photogenerated superoxide
radicals, was detected (Figure Se).” Using a similar method-
ology, with 2,2,6,6-tetramethylpiperidine (TEMP) as the spin
trap, the production of singlet oxygen was demonstrated by the
detection of the characteristic spectrum of the TEMPO free
radical (Figure Sf). Moreover, both TpBpyCOF and TpPpy-
COF gave EPR signals in the solid state that greatly increased
under visible light illumination, signifying the photogeneration
of electron—hole pairs (Figure 5d).*

Tandem Oxidation/Povarov Cyclization. The prepared
photocatalysts were applied toward the tandem aerobic
oxidation/Povarov cyclization, which allows the synthesis of
quinoline-fused lactones and lactams 4 from cinnamyl 2-
(arylamino)-acetates and acetamides 1 (Scheme 2). Quino-
line-fused lactones and lactams are an important class of

35099 https://doi.org/10.1021/acsami.3c07036
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Table 3. COF-Catalyzed Synthesis of Oxalic Acid Derivatives 6"

o O\ TpBpyCOF, i XN o
o 2 Visible light, air o XR2
DA A
H H
o CH4CN, SR o ...
sark rt, 24-36 h 7ak
" 11 examples
R' = 3-Me, 4-Me, 4-MeO, 15-47%

2-MeO, 4-F, 4-

R? = cinnamyl, Et, iPr, Ph, hexa-2,4-dien-1-yl,

3-(naphthalen-2-yl)allyl
X=0,N

:\©\ i \/\/@ Me0\©\ i \/\/@ i \/\/@ :
| RN PN BN |
‘ o oo ome" 0

7a 7b Tc

29%

| 7d
; 47%
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32%

7f
29%

7i
41%

“Reaction conditions: 0.2 mmol substrate 6, 20 mg of TpBpyCOF, 2 mL of CH;CN, 26 W CFL, 24—36 h, r.t. PIsolated yields are reported.

heterocycles and also serve as synthons for the synthesis of
natural products and ana10§ues such as Uncialamycin,**
Luotonin A,* Camptothecin, ° and quinolinecarboxzmuides47
(Figure S42). The first report on this transformation used
difficult-to-synthetize glyoxal imines 2 as starting materials with
BF;-Et,0O as a Lewis acid to catalyze the cyclization and
stoichiometric DDQ to oxidize the intermediary tetrahydroqui-
noline 3.** However, in situ generation of the imines from the
corresponding, easily accessible, and stable amines 1 proved to
be much easier and can be achieved by a stoichiometric oxidant
such as Oxone.** Tris(4-bromophenyl)ammoniumyl hexachlor-
oantimonate, a radical cation salt, has also been used catalytically
for this reaction with air as the terminal oxidant;*” however, it is
a moisture-sensitive irritant.’ Moreover, tris(bipyridine)-
1‘11thenium/BF3-Et7_O51 or rthodamine 6G/HCIO452 have been

used as a photocatalyst/acid couple for this transformation.
Nevertheless, a metal-free heterogeneous photocatalyst has not
yet been reported for this reaction, while it can give many
advantages, such as easy separation and catalyst recovery,
avoiding toxic and expensive metals.

The initial reaction conditions, using 10 mol % BF;-Et,O in
acetonitrile at room temperature and exposed to air, were
chosen based on literature data® (Table 1, entry 1-2). This
gave moderate yields of 38 and 32% for TpBpyCOF and
TpPpyCOF, respectively. When no Lewis acid was used, the
formation of a side product, cinnamyl 2-oxo0-2-(p-tolylamino)-
acetate 7a, was detected in 42% yield (Table 1, entry S). To
further optimize the yield and to avoid the moisture- and air-
sensitive BF;-Et,0,”> many different Lewis and Bronsted acids
were screened (Table 1, entry 6—30). First, the easier to handle

https://doi.org/10.1021/acsami.3c07036
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and heterogeneous BF;@silica was used, which also gave
acceptable yields (Table 1, entry 6). However, Sc(OTf); gave
the most promising results (Table 1, entry 14). When higher or
lower amounts than the standard 10 mol % were used, lower
yields were obtained (Table 1, entry 31 and 32). The screening
of other solvents than acetonitrile such as PhCF;, EtOH, THF,
CH,Cl, DMF, HFIP, or 1,2-DCE (Table 1, entry 34—41) all
resulted in lower yields, except for nitromethane, which also gave
promising results (Table 1, entry 41). Nitromethane was then
also screened with some other Lewis acids (Table 1, entry 42—
43); however, this did not improve the yields and finally CH;CN
was chosen because it is much less harmful than CH;NO,.
Lastly, TpPpyCOF was again tested using Sc(OTf); as well as
Ru(Bpy);(PF), and both gave worse results than TpBpyCOF
(Table 1, entry 44—46). While TpBpyCOF and TpPpyCOF
possess very similar surface areas and optical properties,
TpBpyCOF does show higher yields. It is likely that
TpBpyCOF’s energy levels are more suited for singlet oxygen
activation, thereby enhancing the catalytic activity.

With the optimal conditions at hand, the scope of the reaction
was examined by reacting a wide range of substrates 1a—m with
both electron-withdrawing (F, CFs, Br, I) and electron-donating
(OMe, Me) substituents in various positions (ortho-, meta-, and
para-). The corresponding quinolines 4a—m were obtained in
moderate yields (27—62%, Table 2). While full conversion of
the starting materials was achieved in any case, side reactions and
losses during isolation resulted in moderate isolated yields.
Major side products were generally not observed in "H NMR
and LC-MS analysis of the crude (Figures $43 and S44). The
over-oxidation side product 7 was present in very small
quantities (<1%, 'H NMR, Figure S43) when Sc(OTf); was
used. Therefore, it is thought that the substrates partly
polymerize during the reaction to form insoluble oligomers,
which lower the yield. For the synthesis of compound 4a, the
selectivity is then ~62%, as the starting material fully reacted.
When using meta-substituted aryls, mixtures of the 6- and 8-
substituted regioisomers were observed, of which only isomer 4e
could be isolated in the case of the trifluoromethyl substituted
quinoline. Substitution of the R*-group was also tolerated and
both naphthalene- and vinylene-substituted quinolines 4j and
4k could be isolated with acceptable yields (39 and 35%). The
photochemical synthesis of quinoline-fused lactams had not yet
been reported, and to our delight, quinoline fused lactams 41—m
could also be synthesized and isolated in 47 and 31% yields.

Next to these quinolines, a series of oxalic acid derivatives 7a—
k could be synthesized by photocatalytic a-oxidation of the
glycine derivatives 6a—k when no Lewis acid was present in the
system (Table 3). For the a-oxidation of N-aryl glycine
derivatives, there had only been incidental reports of the
occurrence of the a-dicarbonyl compounds as side products
during photocatalytic reactions.” To the best of our knowledge,
TpBpyCOF is the first photocatalyst used (homogeneous or
heterogeneous) to study this reaction in more detail and
examine the substrate scope. A wide range of oxalic acid
derivatives 7a—k could be produced using TpBpyCOF, albeit in
relatively low isolated yields (15—47%). These rather low yields
were due to side reactions and losses by purification using
reversed phase chromatography. For the trifluoromethoxy-
substituted substrate 61, no product could be isolated due to the
low stability of the starting material in solution. For thioester
6m, the oxidized end product was obtained; however, it could
not be fully separated from impurities. The product resulting
from oxidation of ketone 6n was obtained in only a very low

yield (6%). For compound 60, no product was obtained, and
degradation of the COF was observed as the nucleophilic amine
attacks the f-ketoenamine linkage and solubilizes the COF.
To probe the mechanism of the oxidation/Povarov
cyclization, several control experiments were performed. In
the dark, under argon or without COF, no product was formed
(Table 4, entry 2—4). In the absence of a Lewis acid, the oxalic

Table 4. Control Experiments for the Povarov Reaction

entry conditions” result (%)”
1 no modification 62
2 in the dark nr.”
3 under argon nr.”
4 no COF nr.”
N no Lewis acid 42% 7a
6 p-benzoquinone 52
7 nitro blue tetrazolium chloride? 53
8 iPrOH S1
9 L-histidine 6
10 DABCO nr.”
11 NaNj, nr.”
12 AgNO, 27
13 KI nr.”
14 TEMPO 10

“Reaction conditions: 0.1 mmol cinnamyl p-tolylglycinate 1a, 10 mg
of TpBpyCOF, 0.01 mmol Sc(OTf);, 0.1 mmol of quencher.
Determined by 'H NMR analysis using 1,3,5-trimethoxybenzene as
an internal standard. “No reaction. “0.015 mmol NBT.

acid derivative was formed (Table 4, entry S). Thus oxygen,
light, the COF, and the Lewis acid were essential for the
transformation. As proven by the EPR experiments (Figure
Se,f), TpBpyCOF is capable of photogenerating both super-
oxide radicals and singlet oxygen, and it was feasible for both
these pathways to generate the products. To study the role of
oxygen, several quenchers were added (Table 4, entry 6—14).
Using quenchers for the superoxide radical, p—benzoquinone54
or nitro blue tetrazolium chloride,™ only a slight decrease in
yield was observed. Similarly, iPrOH, a quencher for hydroxyl
radicals,*® did not lower the yield significantly. However, when
using quenchers for singlet oxygen, such as L-histidine,”’
DABCO,” or sodium azide,”’ the reaction was inhibited
effectively. This leads us to conclude that the key driver for this
transformation is singlet oxygen. When quenching holes and
electrons using KI*° and AgNO3,6l respectively, the yield was
also lowered. In the presence of TEMPO,** a known radical
scavenger, the yield lowered drastically (Table 4, entry 14),
suggesting the involvement of radical processes. Based on these
control experiments and previous reports,%'Sl we propose the
following mechanism (Scheme 3). Upon irradiation of the COF,
singlet oxygen is produced by direct energy transfer® or by
sequential oxidation/reduction of molecular oxygen.”* The
photogenerated singlet oxygen then oxidizes the amine 1 to the
corresponding imine 2, thereby generating H,0,.°° The crude
NMR spectra (Figure S$43) clearly indicate the production of
hydrogen peroxide, which is present in an approximately one-to-
one ratio with the product 4. In absence of a Lewis acid, imine 2
is further oxidized to the oxalic derivative S. In the presence of a
Lewis acid, imine 2 undergoes an intramolecular aza-Diels—
Alder reaction, which can occur either concerted (path A) or
stepwise (path B).%® The resulting tetrahydroquinoline 3 is then
further oxidized to the quinoline product 4. As bipyridine is a
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Scheme 3. Mechanism for the Photocatalytic Generation of Quinolines 4 and Glyoxal Derivatives 5 by TpBpyCOF

Lewis base and has the ability to coordinate Lewis acids, such as
Sc(OTf);, we stirred the COF in acetonitrile for 24 h, upon
which it was filtered, washed, and subjected to a catalytic
experiment. This resulted in a similar result (see Table S2) to
that when fresh Sc(OTf); was used, indicating that the
bipyridines of the COF heterogenize the Lewis acid and result
in a catalytically active material. Lastly, reuse experiments were
performed to ascertain the stability of TpBpyCOF in the
reaction. Upon recycling the catalyst for five times, full
conversion of the starting material was still achieved; however,
the yield had dropped to 45%, which is still 75% of the original
activity (Figure S45). Moreover, while the main chemical
linkages remained intact according to FTIR, the PXRD of the
recycled material seemed to indicate that it had lost its
crystallinity (Figures S46 and S47). The loss of activity and
crystallinity, while unfortunate, has been observed many times
for photoactive COFs and can be attributed to photobleaching,
partial deactivation by singlet oxygen, and also possibly side
reactions with intermediates formed during the reaction,” 7%

B CONCLUSIONS

In this work, two bipyridine- or phenylpyridine-based COFs,
TpBpyCOF and TpPpyCOF, were successfully synthesized and
photochemically characterized. The use of bipyridine led to a
smaller band gap compared with phenylpyridine, and the
resulting TpBpyCOF was a more effective photocatalyst. This
work entailed the development of the first heterogeneous
photocatalyst for the aerobic oxidation/Povarov cyclization and
a-oxidation of N-aryl glycine derivatives, which are important
transformations to generate highly substituted quinolines and

dicarbonyl compounds. Using TpBpyCOF as a recyclable
photocatalyst, a wide range of quinoline-fused lactones/lactams
and glyoxal derivatives could be synthesized. The findings of our
study expand the potential use of COFs in photocatalysis,
thereby advancing the development of these novel materials as
alternatives for homogeneous (metal-based) photocatalysts.

B EXPERIMENTAL SECTION

General Procedures. Unless stated otherwise, all reagents and
solvents were purchased from commercial sources and used without
further purification. Dry tetrahydrofuran and dichloromethane were
obtained using the MBraun SPS-800 solvent purification system. Dry
N,N-dimethylformamide was obtained by drying over 4 A molecular
sieves and storing for at least 2 days prior to use. The synthesis of the
building blocks for the COFs and the substrates for the aerobic
oxidation/Povarov cyclization and a-oxidation of N-aryl glycine
derivatives is described in the Supporting Information.

IR spectra of COFs and compounds were obtained in neat form with
a Shimadzu IRAffinitylS WL FTIR spectrophotometer. Nitrogen
adsorption—desorption isotherms were obtained using a Micromeritics
Tristar II. The samples were activated at 120 °C under vacuum
overnight before measurements. Pore size distributions were calculated
from N, sorption isotherms using quenched solid density functional
theory in ASiQwin. Powder X-ray diffraction (PXRD) spectra were
taken using a Bruker D8 Advance spectrometer with a copper Ka
radiation source (4 = 1.54056 A) at 40 kV and 45 mA with 1°/s
scanning speed. UV—vis diffuse reflectance spectra were recorded in the
solid state on a Perkin Elmer Lambda 1050 UV-vis—NIR
spectrophotometer. Photoelectrochemical measurements were per-
formed in 0.2 M KCI/NaOH buffer (pH 12) or 0.06 M Na,B,0,-
10H,0/NaOH buffer (pH 10) using an ALS-Japan Ag/AgCl 3 M NaCl
reference electrode (+0.195 V vs SHE) and ALS-Japan Pt coil as the
counter electrode, and the photocatalyst-coated FTO was used as the
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working electrode. A Bio-Logic VSP potentiostat and EC-Lab software
were used to record the measurements. White light was provided by a
Philips Tornado T2 CFL (23 W, 1450 lumen). XPS was used to
investigate the chemical composition of the surface of the materials
using the PHI 5000 VersaProbe II spectrometer. This was equipped
with a monochromatic Al Ka X-ray source (hv = 1486.6 eV) operating
with a beam diameter of 200 m at S0 W. All measurements were taken
using an angle of 45° between the beam and the sample and under a
pressure of 107 Pa or less. The binding energies were calibrated with
respect to the C—C/C—H peak of the C 1s spectrum at 285.0 eV.
Survey scans and high-resolution spectra were analyzed using Multipak
(v 9.6.1) software. The high-resolution spectra were deconvoluted as
Gaussian—Lorentzian peaks to identify the corresponding chemical
bonds. BE-TEM images were taken using a high contrast aperture in BF
mode on a JEOL JEM-2200FS transmission electron microscope with a
200kV field emission gun and the in-column energy filter (omega filter)
at the UGent TEM Core Facility. The EPR spectra were recorded using
a Bruker ESP300E spectrometer equipped with an HP S5350B
microwave frequency counter and a Bruker NMR ER035M gaussmeter.
A microwave power of 20 mW was used. The field was modulated at a
frequency of 100 kHz with an amplitude of 0.1—0.2 mT. The time
constant was 2.56 ms and spectra were taken by an accumulation of 20
scans of 10 s each. The magnetic fields were calibrated using the
spectrum of diphenyl picryl hydrazyl (g = 2.0036). For the solid-state
EPR spectra, a regular NMR tube was charged with 5 mg of the material.
For spin trapping, TpBpyCOF (3.75 mg) was stirred in 0.75 mL of a
200 mM spin trap solution (DMPO or TEMP) in CH,CN and
illuminated for 10 min. The blanks were acquired by stirring the spin
trap solution without the COF for 10 min under visible light
illumination. An aliquot of these suspensions was then used to charge
2 mm outer diameter and 1.4 mm inner diameter sample tubes,
overfilling the full length of the rectangular EPR cavity, which was then
directly measured in the EPR spectrometer in the case of spin trapping
with DMPO. As commercial TEMP, even after distillation, contained
significant amounts of TEMPO, and TEMPO radicals are stable, the
samples were illuminated for a longer time (2 h) and then the spectra
were taken. Direct-excitation 'H, 'H-'H double quantum-single
quantum (DQ-SQ), 'H-*C CPMAS, and 'H-C CP-HETCOR
spectra were acquired on a Bruker Avance Neo 800 MHz (18.8 T)
spectrometer equipped with a 1.9 mm H/X/Y triple resonance
probehead. The sample was filled in a 1.9 mm ZrO, rotor and subjected
to 35 kHz magic angle spinning (MAS). Prior to the insertion into the
probe, the sample filled rotor was subjected to vacuum treatment (75
mTorr) at 353 K. Direct-excitation 'H (801.25 MHz) MAS NMR
experiments were performed with an excitation pulse of 140 kHz radio-
frequency (RF) field strength, accumulating 32 transients with a recycle
delay of 3 5. 2D '"H-"H DQ-SQ correlation measurements were carried
out using an excitation pulse of 140 kHz RF field strength, measured
using the BABA sequence.”” The two-dimensional spectra were
collected with 80 f, increments of 28.6 us and 16 transients in the
direct dimension. 'H-"3C CPMAS experiments were performed at a
MAS rate of 35 kHz using 12,288 scans and a contact time of 1000 s, a
'H contact pulse of 120 kHz RF field strength (100—70% ramped
pulse), a square pulse of 50 kHz RF field strength on '*C, and 60 kHz
spinal64 'H decoupling acquisition. 'H-"*C CP-HETCOR spectra were
acquired with 400 scans in the direct dimension, with 32 t, increments
of 28.57 ys. During acquisition, SPINAL64”’ 'H decoupling was
carried out using a pulse of 60 kHz RF field strength. All the spectra
were referenced to the adamantane 'H resonance at 1.81 ppm and the
3C (most downfield) resonance at 38.5 ppm, respectively. '"H NMR
and "*C NMR spectra of solutions were recorded with a Bruker Avance
III HD-400 spectrophotometer at 25 °C at 400 and 100 MHz,
respectively. The NMR was equipped with a 1H/BB z-gradient probe
(BBO, 5 mm). All spectra were acquired through standard sequences
available in the Bruker pulse program library and processed using
TOPSPIN 4.1. An Agilent 1200 series HPLC system fitted with an
Ascentis Express C18 column (particle size 2.7 ym, length 30 mm,
internal diameter 4.6 mm) was used for HPLC(-MS) using a mixture of
acetonitrile/water (5 mM NH,OAc) as the eluent. The HPLC
instrument was connected with a UV—vis detector and an Agilent

1100 series LC/MSD-type SL mass spectrometer (ESI, 4000 V) using a
mass-selective single quadrupole detector. Thin-layer chromatography
(TLC) for the analysis of reaction mixtures or gradient determination
for chromatography was performed using glass-backed 0.25 mm Merck
silica gel 60 F254 TLC plates and visualized under UV light (254 nm).
Column chromatography was performed with glass columns using silica
gel (particle size 35—70 um, pore diameter 6 nm) or on a Biichi
Reveleris X2 flash chromatography system (normal phase) or Grace
Reveleris X1 flash chromatography system (reversed phase) using
prepacked Reveleris silica or Reveleris C18 cartridges.

Synthesis of COFs. The procedure to synthesize TpBpyCOF was
modified from a literature procedure.”® An Agilent GC vial (size: 22.75
mm X 75 mm; 20 mm cap) was charged with 1,3,5-triformylphlor-
oglucinol Tp (63.0 mg, 0.3 mmol, 1 equiv) and 2,2'-bipyridine-S,S'-
diamine Bpy (83.7 mg, 0.45 mmol, 1.5 equiv). Dimethylacetamide
(DMAc, 4.5 mL) and o-dichlorobenzene (0DCB, 1.5 mL) were added
via the sides of the vial to flush the remaining solids from the walls.
Then, 0.6 mL of 6.0 M aqueous acetic acid was added and the vial was
capped. This mixture was then sonicated for 10 min, flash frozen at 77 K
in liquid N,, and degassed by three freeze—pump—thaw cycles, after
which the vial was put under argon. After warming to room
temperature, the vial was placed in an oven pre-heated at 120 °C.
The resulting red powder was collected via filtration and washed
sequentially with copious DMAc-DMF-H,O-acetone-ethanol-THF.
Further purification was done by Soxhlet extraction with methanol for
72 h. Finally, the material was dried under vacuum overnight yielding
TpBpyCOF as a red powder (113 mg, 86%).

For TpPpyCOF, the same procedure with Ppy (83 mg, 0.45 mmol,
1.5 equiv) and Tp (63.0 mg, 0.3 mmol, 1 equiv) was used, resulting in
the title COF as an orange powder (103 mg, 79%).

General Procedure for the Aerobic Oxidation/Povarov
Cyclization of N-Aryl Glycine Derivatives. Typically, 20 mg of
TpBpyCOF, ScOTf; (10 mg, 0.02 mmol, 0.1 equiv), 0.2 mmol of
substrate 1, and 2 mL of CH,CN were added to a small glass test tube.
This was stirred under air and irradiated with a 26 W compact
fluorescent lamp (CFL; ~10 cm distance) for 24 h. The reaction
mixture was filtered over a filter paper and washed with acetone. The
filtrate was then evaporated and the product was purified using column
chromatography (SiO,, hexane/acetone: 10/1 or Cl18, gradient
CH,CN/H,0: 30/70—100/0).%

General Procedure for the a-Oxidation of N-Aryl Glycine
Derivatives. Typically, 20 mg of TpBpyCOF, 0.2 mmol of substrate 6,
and 2 mL CH;CN were added to a small glass test tube. This was stirred
under air and irradiated with a 26 W CFL (~10 cm distance) for 24—36
h. The reaction mixture was filtered through a filter paper and rinsed
thoroughly with acetone. The filtrate was then evaporated and the
crude product was purified using column chromatography (C18,
gradient CH;CN/H,0: 40/60—100/0 or 50/50—100/0).
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ABSTRACT: Postcombustion carbon capture provides a high- ReDD-COFFEE o Performance trends

potential pathway to reduce anthropogenic CO, emissions in the 268687 COFs
short term. In this respect, nanoporous materials, such as covalent

Working capacity

organic frameworks (COFs), offer a promising platform as Now oo v ?

adsorbent beds. However, due to the modular nature of COFs, t‘:‘:‘:‘:‘:‘:‘: ]

an almost unlimited number of structures can possibly be :2:2:2:2:2:2:2:2 i Selectivity
synthesized. To efficiently identify promising materials and reveal o P IR .
performance trends within the COF material space, we present a Combined GEMC/ML Design rules
computational high-throughput screening of 268,687 COFs for a';g:ocaacrzgg Ezzttﬁ?ek . \

their ability to efficiently and selectively separate CO, from the flue N\

gas of power plants using a pressure swing adsorption process. lw2 Best Best

Furthermore, we demonstrate that our screening can be 3DCOF 2D COF
significantly accelerated using machine learning to identify a set

of promising materials. These are subsequently characterized with high accuracy, taking into account the effects of competitive
adsorption and coadsorption. Our screening reveals that imide, (keto)enamine, and (acyl)hydrazone COFs are particularly
interesting for carbon capture. Additionally, the best-performing materials are 3D COFs possessing strong CO, adsorption sites
between aromatic rings at opposite sides of pores with a diameter of 1.0 nm. In 2D COFs, a significant influence of the framework
chemistry, such as imide linkages or fluoro groups, is observed. Our design rules can guide experimental researchers to construct
high-performing COFs for CO, capture.

1. INTRODUCTION insight into the driving force of favorable adsorption and
selectivity behavior in these COFs. To guide experimental
efforts in this topical research field, we establish several design
strategies based on these insights to construct high-performing
COFs for CO, capture.

The past decade has seen a sharp increase in natural
disasters, such as extreme temperatures, heavy precipitation
and pluvial floods, river floods, droughts, and storms.” These
provide a severe warning that the rising amount of greenhouse
gases in our atmosphere has unprecedented implications.
Among the different greenhouse gases, CO, has the most
significant long-term impact on the Earth’s radiative balance
due to its abundance and long lifespan.’ Carbon capture and
sequestration (Cccs)>'! or utilization (CCU)'>" is one of
the most viable approaches to reduce these anthropogenic CO,
emissions in the short term. Among the different technologies

Reducing anthropogenic greenhouse gas emissions, of which
CO, is the most prominent, is one of the biggest challenges of
today’s society." A promising path to significantly reduce these
emissions is the capture of CO, from point sources, e.g., the
flue gases of industrial power plantSAZ’3 In this respect, covalent
organic frameworks (COFs) hold great potential as adsorbents
because of their large internal surface and high stability.”* In
addition, by virtue of their modular nature, an almost
unlimited number of COFs can be envisioned.®” However,
this vast design space also renders the quest to find the ideal
COF adsorbent cumbersome, if not impossible, when relying
only on experimental synthesis and performance testing. It is
precisely in this area that computational modeling may
enormously facilitate the identification of the most promising
materials in a fraction of the time and resources needed for
their experimental synthesis. To accelerate the quest for
nanoporous materials with excellent carbon capture perform- Received: December 18, 2023
ance, we screen the diverse ReDD-COFFEE database of Revised:  March 28, 2024
268,687 COFs for their ability to efficiently capture CO, Accepted:  April 9, 2024
molecules from the flue gas of industrial power plants.” Besides Published: April 25, 2024
identifying the most promising COFs for this purpose in the

database, our high-throughput screening also provides atomic

© 2024 The Authors. Published by .
American Chemical Society https://doi.org/10.1021/acs.chemmater.3c03230
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being investigated to efficiently isolate the CO, molecules,
postcombustion carbon capture of flue gases of industrial
power plants has the largest potential. These flue gases mainly
consist of a mixture of N, and CO, with a small amount of
H,O and other trace gases, such as O,, SO,, NO,, and CO.
The high interest in this technology originates from three key
aspects, i.e., the relatively high concentration of CO, molecules
in flue gases, the stationary point sources, and the easy
installation on existing infrastructures.” The resulting outlet
gas, consisting of a high-purity stream of CO, molecules
extracted from the flue gas, can either be stored in empty oil
reservoirs or other carbon sinks, or reused in industrial
processes, thereby closing the carbon loop.”'> Key to this
technology is the design of processes that selectively extract
CO, from the other molecules present in the flue gases in an
energetically efficient way, driving the need to design new
separation materials. Current carbon capture technologies rely
on amine scrubbing.14 However, this process has several
drawbacks, such as the high regeneration energy, fast
equipment corrosion, and solvent decomposition, causing
this process to be only applied for highly specialized
purposes.

An alternative approach is to divert the flue gas through fixed
beds of nanoporous materials. These materials can separate the
components of a mixture gas based on three principles, i.e.,
molecular sieving, kinetic separation, or equilibrium separa-
tion."® When the size and shape of the pores prevent one
component from entering the material, molecular sieving is
achieved. However, for the separation of CO, and N,, the main
components of flue gases, this sieving process is not very
effective since both molecules have very similar sizes and
shapes. Kinetic and equilibrium separations originate from a
different diffusion rate and host—guest interaction strengths for
the various gas components, respectively. In the context of
postcombustion carbon capture, equilibrium separation is the
most dominant and will, therefore, be investigated in this
work."” Since the CO, molecules are only physisorbed to the
pore walls rather than chemisorbed as in conventional amine
scrubbing processes, their regeneration requires far less energy,
which reduces the additional cost for carbon capture
tremendously.]8 However, to adopt these materials efficiently
in carbon capture, design rules must be established to
synthesize them with targeted adsorption properties. It is
exactly in this area that computational high-throughput
screenings offer an efficient approach to rapidly determine
such design rules, enabling researchers to significantly
accelerate the quest for the ideal carbon capture adsorbent.

Examples of nanoporous materials that are proposed for
carbon capture are activated carbon, zeolites, metal—organic
frameworks (MOFs), and COFs.>'""** Several challenges,
such as reduced CO, selectivity or strong performance
deterioration in the presence of water, limit the usage of
activated carbons, MOFs, and zeolites in humid industrial
environments, such as flue gases.s’21 Therefore, the recent
development of COFs, a new class of nanoporous materials, is
of particular interest.*”*** They are built from light organic
building blocks held together by strong covalent bonds,
resulting in materials with a very low mass density and high
mechanical, thermal, and chemical stability. Together with
their large internal surface, this makes these materials of
particular interest for industrial carbon capture applica-
tions.”**~* Furthermore, COFs are built up from so-called
secondary building units (SBUs). Following the principle of
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reticular chemistry, these can be adopted to design an
enormous amount of new, possibly hypothetical, materials.”’
While this is advantageous for their design possibilities, it
makes pinpointing the most promising materials from this vast
space cumbersome. To overcome this drawback, we present in
this work a multistage computational screening to identify such
materials efficiently and derive design rules to develop new
materials.

Several attempts to collect all experimentally synthesized
MOFs and COFs have resulted in a large material data-
base,”’** and also the number of huge databases of
hypothetical materials continues to increase rapidly.”*>~*"
With the upcoming availability of large computational
resources, computational high-throughput screenings have
emerged as a fast and efficient way to screen these material
spaces and guide experimental researchers to highly interesting
subclasses or promising candidates for further investiga-
tion."*> The three main advantages of high-throughput
screenings are their ability to quickly identify high-potential
materials, establish trends between microscopic and macro-
scopic properties, and determine performance limits.*" While
this is true both for experimental and hypothetical databases,
the latter can boast a broad and well-balanced representation
of material space.g‘43 Furthermore, high-potential hypothetical
materials identified from these high-throughput screenings also
form an impetus to synthesize them experimentally, as
demonstrated by Lan et al.* They managed to synthesize
four new COFs following from an in silico design algorithm,
among which two materials in a not-yet-observed 3D
topolog}/.4u

Most high-throughput screenings have focused on exploring
nanoporous materials for gas storage and separation
processes.** Popular targets are the uptake of CH,, which is
the main component of natural gas,8’29'35'3{"38’39’45_47 or H,
molecules®™**™*% in MOFs and COFs due to their high
potential as energy vectors to replace traditional fossil fuels.
Examples of gas separation processes include natural gas
purification® ~¢! and pre->7°27%" and postcombus-
tion®>*3559%7* carbon capture. Recently, high-throughput
screenings have also examined more complex properties, such
as mechanical stability,“’75 thermal conductivity,m catalytic
activity,”” and the electronic band gap.”*”*”” Most of these
high-throughput screenings adopt brute-force screening of an
existing database. However, the number of available materials
is quickly growing, such that brute-force screenings are not
feasible anymore, even with the currently available computa-
tional resources.***’ Recently, several studies started adopting
machine learning (ML) algorithms to speed up these high-
throughput screenings.”"*> Within the field of gas storage and
separation in MOFs and COFs, ML has been applied to
predict the uptake of Hz,“_‘% CH4,80’87_90 CO,,”"? and N,,”*
as well as the separation of CO,/H,,’***** CO,/N,, %%
COZ/CH4,97’98 CH4/H2,99 and noble gases.wu_wzw} Other
applications can be found in predicting ideal synthesis
conditions,'”* mechanical stability,”* and electronic proper-
ties.”>””” Since most ML algorithms are adopted to predict
material properties and reproduce performance trends, the
question remains whether they can be leveraged to find the
most promising materials for a given application.

In this work, we make a leap forward on this path by
screening our recently developed hypothetical ReDD-COFFEE
database for postcombustion carbon capture. This allows us to
establish performance trends and identify subclasses with

https:/doi.org/10.1021/acs.chemmater.3c03230
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promising behavior. Furthermore, the atomic insights obtained
from the screening are adopted to determine a set of design
rules to guide experimental researchers toward high-perform-
ing COFs for carbon capture from the flue gases of industrial
power plants. As illustrated in Figure 1, our screening

ReDD-COFFEE
268,687 COFs

STEP 1

Diverse subset
15,000 COFs

Single component
GCMC
0o / -0

ML predicted ANco and Sigea

0

APS,4e. > 70 mol/kg

STEP 2

Promising candidates
3305 COFs

Mixture GCMC
00 + -0

Ranking based on APS,

Top-performing COFs for carbon capture

Figure 1. Visualization of the high-throughput screening procedure
followed in this work. Starting from the ReDD-COFFEE database, the
top-performing COFs for carbon capture in terms of the adsorbent
performance score (APS) are identified in a three-step process. After
an initial screening of a diverse subset using idealized single-
component grand-canonical Monte Carlo (GCMC) calculations, all
structures in the database are characterized using a machine learning
(ML) model. The most promising COFs are tested more accurately
with a mixture GCMC, from which overarching design rules are
formulated.

procedure adopts a three-step process to discover materials
within the diverse ReDD-COFFEE database with high CO,/
N, separation performance. Since a full characterization of all
268,687 COFs in this database would require a huge amount
of computational resources, we adopt an ML approach to
speed up the screening. Our ML models are trained on a
diverse subset of the database and extract a set of promising
COFs with excellent adsorption properties. These high-
potential materials are subsequently characterized more
accurately by taking into account the effects of competitive
adsorption and coadsorption. Finally, the top-performing
materials are analyzed to gain atomic insight into the driving
forces of their improved performance for postcombustion
carbon capture.

2. METHODOLOGY

2.1. Screening Procedure. Throughout our screening
procedure, COFs are investigated for their applicability in
postcombustion carbon capture using a pressure swing
adsorption (PSA) process between 0.1 and 10 bar. Similar to
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previous studies, the temperature is fixed at 298 KS5%%7 Two
key properties of interest characterize such a process: the CO,
working capacity, ANcq, and the CO,/N, selectivity, S. As
defined in eq 1, the working capacity is the difference between
the single-component uptake of CO, molecules at adsorption

conditions (here, 10 bar at 298 K), Né‘gz, and desorption

conditions (here, 0.1 bar at 298 K), Nggz:

des

_ apads
ANgo, = Neo, = Neo,

(1
This metric indicates how many CO, molecules can be
adsorbed and desorbed in each cycle per unit of material and
thus how much COF material is required to separate a given
amount of gas.

Furthermore, the CO,/N, selectivity is the ratio of CO,

molecules, Né‘gz, to N, molecules, N,a\is, adsorbed by the

material at adsorption conditions, and thus determines the
purity of the outlet gas. A selectivity above one indicates that
the material favors CO, over N,. Two methods to calculate
this selectivity will be adopted in this work. To determine the
ideal selectivity, S, the CO, and N, uptakes have to be
calculated separately using single-component grand canonical
Monte Carlo (GCMC) simulations, according to eq 2.

ads
Sideal = % (single-component GCMC)
l\TN2

()

However, these calculations do not consider the interactions
between the gas components. To describe competitive
adsorption and coadsorption, the mixture selectivity, S, is
calculated from a mixture GCMC calculation, mimicking the
experimental conditions of the flue gas with a binary inlet gas,
as defined in eq 3.

ads
N coz/ Yeo,

d
NGy,

mix

(mixture GCMC)
(3)

In these simulations, the mole fractions of both components of
the inlet mixture, yco, and yy, are provided as input
parameters.

Usually, there is a trade-off between a material’s working
capacity and its selectivity.”® Whereas the working capacity
favors materials with large pores to maximize the number of
gas molecules stored under adsorption conditions, the
selectivity prefers smaller pores to maximize the interaction
with the pore walls. Therefore, finding the best-performing
COF is a trade-off. The adsorbent performance score (APS),
defined in eq 4, combines the two key characteristics into a
single parameter that allows ranking materials by their carbon
capture potential.

APS, = ANgo S, (4)
The subscript x can be “ideal” or “mix”, depending on the
adopted method to calculate the CO,/N, selectivity. This
metric results in a robust and effective ranking of the top
candidates since the product of both adsorption characteristics
exponentially increases for the best-performing structures.
Therefore, it is less sensitive to small deviations in the
predicted properties as compared to other metrics, such as the
product of the working capacity with the logarithm of the
selectivity.loS

https:/doi.org/10.1021/acs.chemmater.3c03230
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Conventional adsorbents, such as activated carbon, zeolites,
and MOFs, have been investigated for their CO,/N, selectivity
and the CO, working capacity. Mg-MOF-74, a widely studied
MOF in the field of carbon capture, demonstrates an APS,;, of
600 mol/kg (ANco, = 3 mol/kg, S, = 200) under vacuum
swing adsorption conditions between 0.1 and 1 bar at 300
K.'° Activated carbon has an APS,y,, of 22.86 mol/kg (ANco,

=2.58 mol/kg, Sg.. = 8.86) in the same pressure range and at
293 K.'”” The adsorption properties of zeolites 13X and SA
were experimentally characterized at 298 K and between 0.1
and 1 bar. They possess an APS,,, of 40.14 mol/kg (ANCOZ =
2.3 mol/kg, Sige = 17.45) and 194.37 mol/kg (ANco, = 4.18
mol/Kg, Sigeq = 46.5), respectively.'*'?” Using pressure swing
adsorption between 1 and 10 bar, zeolites NaX and NaY
demonstrate a very high APS_,, of 3600 mol/kg (AN¢o, = 1.2
mol/kg, S, = 3000) and 1300 mol/kg (AN, = 2.6 mol/kg,

Sideal = S00), 1'espectively.1 ' COFs can achieve an exception-

ally high CO, storage capacity,'"'~''* with COF-105 and
COF-108 reaching 82 and 96 mol/kg at 30 bar and 300 K,“’
which exceeds the 33 mol/kg of the well-reported MOF-
177."16 At this point, however, the possible limits of COFs for
CO, adsorption remain unknown, and it is unclear which of
the COFs are best suited for this application.

To answer these questions, we follow the three-step
approach in Figure 1 to establish performance trends and
identify promising candidates within the COF material class.
Our screening study starts from our recently developed ReDD-
COFFEE database, containing a diverse set of 268,687 COFs.®
These hypothetical materials cover a broad range of material
space and sample each region equally. Whereas experimental
databases, such as the CoRE and CURATED COF data-
bases,”>** are biased toward linkages that are abundantly
present in the literature, the hypothetical databases of Martin
et al.** and Mercado et al*” only contain a limited number of
linkages since they focused on a large set of linkers. All
structures in this database were optimized with respect to an
ab-initio-derived force field. The starting geometry of the 2D
COFs contained two layers in an eclipsed AA stacking, which
mostly optimized to a configuration with a small nonzero offset
between the layers. This approach is justified by the fact that
most COFs have a slightly inclined stacking, although there are
exceptions with AB stacking.''”''® Each material is labeled
with top_SBU, SBU, - SBUy, where “top” specifies the
material’s topology and SBU; is the building block placed on
the i set of equivalent nodes. The secondary building units
(SBUs) are denoted with three numbers, the first one
indicating the linker core and the last one the formed linkage
with other SBUs. For example, the building block 02—03—07
corresponds to core02 and can be adopted to form an imide
linkage (link07). As explained in ref 8, the middle number is
introduced for technical reasons to discriminate between
different parts of the linkage. The relevant linkages discussed in
this work are visualized in Figure S15 of the SI.

In the first step of our screening approach, as depicted in
Figure 1, we calculate the CO, working capacity, AN¢q, and

the ideal CO,/N, selectivity, Siy,, for a representative subset
of 15,000 COFs of the ReDD-COFFEE database to limit the
enormous amount of computational power that would be
needed to screen the whole database. Similar to our earlier
work and as explained in Section S3 of the SI, the 15,000
COFs in the subset are selected iteratively in which, in each
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iteration, the structure that has the largest minimal distance to
the already selected structures is added to the subset.>** This
distance is measured in the space described by the ML features
defined below. As demonstrated in Figure S14 of the SI, the
subset fully covers the material space described by the full
database and maintains its high diversity. Therefore, the ML
models trained on this subset are expected to generalize well to
all COFs in the database, as is done in the next step of our
high-throughput screening.

In the second step, an ML model is trained on the subset,
which is split into a training set of 10,000 COFs and a test set
of 5000 COFs, to predict five adsorption targets, i.e., the CO,

uptake at adsorption conditions, Né%sl, the CO, uptake at
desorption conditions, Nga, the N, uptake at adsorption
conditions, N]“\Id;, the CO, working capacity, ANco, and the
ideal CO,/N, selectivity, S4.,. To characterize the pore
geometry of each material, 12 textural features are adopted, i.e.,
the largest pore diameter, the largest free pore diameter, the
pore limiting diameter, the mass density, the gravimetric and
volumetric accessible surface area, the gravimetric and
volumetric accessible pore volume, and their nonaccessible
counterparts. Furthermore, 101 revised autocorrelation
functions (RACs) describe the chemical environments of the
linkers, linkages, and functional groups.ll9 These features,
which have proven to be useful in numerous applications,
determine relations of heuristic atomic properties, such as size,
connectivity, and electronegativity, on the crystal
graph.¥*1197122 A formal definition of all ML features is
provided in Section S4.1 of the SI, together with an analysis of
the influence of reducing the number of features. Since training
the ML models with all 113 features was sufficiently fast, all
features are included in the development of the final models.
Together, these features are capable of providing a physical
intuition for the design rules identifying good carbon capture
materials, as explained in Section S4.4 of the SI. Once all ML
models are trained, those that predict the working capacity and
ideal selectivity most accurately are adopted to determine the
adsorption characteristics of all 268,687 COFs in the database.

Neglecting the effects of competitive adsorption and
coadsorption in the first two steps can drastically under-
estimate the absolute value of the selectivity.”” However, as
demonstrated in Section S2.3 of the SI, the performance of a
set of materials can still be accurately ranked qualitatively when
characterized under ideal circumstances. This motivates our
choice to perform these first two steps based on computa-
tionally less expensive ideal selectivities and use their
qualitative ranking to select a large set of promising materials,
exhibiting APS;4.,; > 70 mol/kg, in the third and last step of our
high-throughput screening. This APS threshold is chosen
sufficiently small to include all materials likely to result in a
significant change in selectivity when switching from ideal to
mixture conditions and to focus on COFs that can challenge
conventional adsorbents. The mixture selectivities of these
3305 materials are calculated with GCMC simulations of a
binary flue-gas-like mixture with a CO,:N, ratio of 15:85 to
incorporate the effects of competitive adsorption and
coadsorption. Once these characteristics are computed, the
resulting APS, ;. values provide an effective ranking to identify
the top-performing COF materials for postcombustion carbon
capture.

https:/doi.org/10.1021/acs.chemmater.3c03230
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2.2. Selection of Appropriate Force Fields. Several
GCMC calculations are performed throughout our high-
throughput screening. Whereas such simulations can accurately
calculate adsorption isotherms, it has been shown that the
resulting isotherms are very sensitive to the adopted force field
parameters.'>* Therefore, the interatomic interactions must be
accurately described. The partial charges that define the
electrostatic interactions are directly adopted from the system-
specific force fields provided in the ReDD-COFFEE database
since they are fitted to ab initio reference data. For the van der
Waals interactions, several candidates are proposed for the
host—guest and guest—guest interactions. Whereas host—guest
and guest—guest interactions can be described by the generic
MM3,"** UFF,"*® or DREIDING'*® force fields, the guest—
guest interactions for CO, and N, can also be determined
using the TraPPE'*’ force field. Furthermore, the interactions
between CO, molecules can be described with the EPM2 force
field."*® A thorough benchmark study is performed in Section
S1 of the SI to select the most appropriate combination of van
der Waals interactions.

A first set of validation data is obtained by reproducing the
CO, and N, isotherms in COF-1, COF-5, COF-102, and
COF-103 as measured by Furukawa and Yaghi.'”” Whereas for
N, only low-pressure isotherms at 77 K were reported, high-
pressure isotherms of CO, at 273 and 298 K and low-pressure
isotherms at 273 K were measured. Each of these isotherms is
also calculated with a total of 12 or 15 different force fields for
N, and CO,, respectively, which all differ in the description of
the van der Waals interactions. All resulting isotherms are
reported in Section S1.3 of the SI. Changing the host—guest
interactions results in the most significant deviations between
the different isotherms. Generally, the predicted CO, or N,
uptakes are the highest when the host—guest interactions are
described with the UFF parameters, whereas the lowest
uptakes are obtained with MM3. Although the influence of the
guest—guest interactions is more modest, it can be observed
that more CO, molecules are adsorbed at a given pressure
when a DREIDING description is adopted for this interaction
type. The lowest CO, uptake is observed when applying the
TraPPE or EPM2 force fields. Whereas the trends are less
pronounced for the low-pressure N, isotherms, an MM3
description of the guest—guest interactions always results in
the lowest uptakes, followed by UFF.

Besides comparison with the experimental isotherms, we
have also calculated the Henry coefficient at an ab initio level.
Typically, the Henry coefficient is calculated with Widom
insertion.'*° However, since this approach requires a vast
number of energy evaluations, only a computationally cheap
level of theory, such as force fields, can be adopted. To obtain a
highly accurate, ab initio reference of the Henry coeflicient, the
importance sampling scheme devised by Vandenbrande et
al.”" is adopted. In our benchmark study, the ab initio Henry
coefficients of CO, and N, in COF-1 and COF-5 are
calculated and compared with the force field-derived Henry
coefficients computed by using the regular Widom insertion
method. All Henry coefficients can be found in Section S1.2 of
the SI. Again, it can be observed that adopting UFF for the
host—guest interactions results in the highest uptakes for both
CO, and N,, followed by the DREIDING force field and the
MMS3 force field, respectively. Comparable values for the
Henry coefficient are obtained when describing the guest—
guest interactions with UFF, DREIDING, and MM3.
However, since the TraPPE and EPM2 force fields specify
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their own partial charges, switching to these for the guest—
guest interactions has a significant impact. Whereas the Henry
coefficient of CO, drastically lowers with these force fields,
adopting the TraPPE force field for the guest—guest
interactions of N, results in a slightly higher Henry coefficient.

Overall, describing the host—guest interactions with the
MMS3 force field combined with representing the guest—guest
interactions by the UFF force field reproduces both the CO,
and N, isotherms most accurately, while providing a
reasonable guess for the Henry coefficient. We will, therefore,
use this combination throughout this work.

3. COMPUTATIONAL DETAILS

All GCMC calculations in this work are performed with
RASPA."*” The optimized geometries, as well as the partial
charges and the host—guest van der Waals interactions, are
adopted from the ReDD-COFFEE database and the ab initio
derived force fields contained within. These partial charges are
derived using the MBIS scheme,'** whereas the van der Waals
interactions are described with a Buckingham potential using
the MM3 parameters.'** A similar approach is followed to
derive the partial charges and MM3 parameters for the CO,
and N, guests. The UFF parameters that describe the guest—
guest van der Waals interactions are assigned by using our in-
house force field generator software. A cutoff radius of 14 A is
applied for all interactions, and tail corrections are introduced.
As explained in detail in Section S2.2 of the SI, we expect that
framework flexibility will have a limited influence on the APS
of the best-performing materials. Therefore, to reduce the
required computational resources, both the framework and
guests are considered rigid. The probe-occupiable pore volume
that is not accessible to the guest molecules was found to be
negligible, as demonstrated in Section S2.1 of the SI, and hence
was not explicitly discarded in our GCMC simulations. Each
simulation cell is defined as at least twice the cutoff distance in
each direction. Each simulation at elevated pressure runs for a
total of 20,000 cycles, from which the first 10,000 are discarded
for equilibration. As demonstrated in Section S1.3 of the SI,
the simulations performed during the benchmark study
illustrate that this is sufficient to obtain converged results.
For the six best 2D and 3D COFs, an additional simulation is
performed with 100,000 cycles to create a smooth CO,
distribution for Figures 7 and S23—S34 of the SI. Also here,
the first 10,000 steps are discarded. The Widom insertion
calculations determining the Henry coefficients of CO, and N,
at infinite dilution with different force fields adopt a total of 10°
steps.

In the first step of our high-throughput screening, single-
component GCMC calculations are performed for 15,000
COFs under three different conditions, i.e., for CO, and N, at
adsorption conditions (10 bar, 298 K) and CO, at desorption
conditions (0.1 bar, 298 K). A total of 20, 11, and 13 structures
are discarded for the three different conditions, respectively,
due to prohibitively large pores that prevented the calculation
of the interaction between the guests and the framework within
a reasonable time frame. Since some materials are present in
more than one set of rejected structures, there are 30 COFs for
which not all adsorption characteristics could be calculated. In
the last step of the high-throughput screening, adsorption
properties are calculated for a set of 3305 promising
candidates, selected from the full ReDD-COFFEE database
based on the ML predicted adsorption characteristics. 617
among them are already present in the subset examined during

https:/doi.org/10.1021/acs.chemmater.3c03230
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Figure 2. Analysis of screening the diverse subset of 14,970 COFs in step 1. (a) Relationship between the ideal selectivity and the working capacity.
The color code, indicating the largest pore diameter, is piecewise linear between 0 and 1.5 nm and between 1.5 and 34.3 nm, i.e., the highest value
of the largest pore diameter. Three thresholds for APS,,, are indicated. (b) Difference of the heat of adsorption at operando conditions (see
Section S3.2 of the SI) between CO, and N, uptakes as a function of the ideal selectivity and the largest pore diameter. (c) Histograms of APS,4.,
for each class of linkage type in the database. (d) Evolution of the linkage share of different subsets with increasing threshold of APS.,;. Panels a

and b, as well as panels ¢ and d, share the same color code.

the first step of the screening. Three additional single-
component GCMC calculations are performed to obtain the
ideal selectivity and working capacity for each of the remaining
materials. Equivalent to the first step, a total of 103, 107, and
93 structures are discarded for the adsorption of CO, and N,
and desorption of CO,, respectively. For all 3305 COFs, a
mixture GCMC is performed with a 15:85 ratio of CO, and N,
at adsorption conditions, mimicking the composition of the
flue gas of industrial power plants.® 12 COFs are discarded for
this type of calculation since they require a prohibitively long
computation time. For a total of 3180 materials, all single-
component and mixture GCMC calculations were finished
within a reasonable time.

All ML calculations are performed using the scikit-learn
package.134 As explained in Section 2.1, each COF is featurized
with 12 textural parameters, calculated with Zeo++,"** and 101
RACs to describe the chemical environment of the linkers,
linkages, and functional groups (see Section S4.1 of the SI). To
prevent bias due to the range of each feature, they are
normalized to have zero mean and a standard deviation of one.
The five adopted ML algorithms are kernel ridge regression,
support vector regression, multilayer perceptron regression,
random forest regression, and gradient boosting regression.
While training all algorithms, except the multilayer perceptron,
a heavier weight is given to materials with a high target value,
since we are primarily interested in accurately predicting COFs
with good adsorption characteristics. The hyperparameters of
each algorithm are selected using shuffled 10-fold cross-
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validation on a diverse training set of 9973 COFs to avoid
overfitting. The ones that provided the lowest mean absolute
error (MAE) averaged over the ten cross-validation runs are
adopted to predict the targets of the test set, which contains a
total of 4997 COFs. The grid of benchmarked hyper-
parameters and the finally adopted ones are reported in
Section S4.2 of the SI.

4. RESULTS

4.1. Step 1: Screening of the Diverse Subset. A first
indication of the carbon capture performance of COFs is
obtained by calculating the CO, working capacity, ANco,, and
the ideal CO,/N, selectivity, S5, on a subset of 14,970
COFs. The results of this first step of our high-throughput
screening are summarized in Figure 2. In Figure 2a, the
working capacity is visualized as a function of the ideal
selectivity, with the largest pore diameter of each structure
indicated. The influence of switching from ideal to mixture
selectivity is visualized in Figure S13 of the SL

Figure 2a demonstrates that, in principle, the CO, working
capacity of COFs can become very large, up to 123.3 mol/kg.
However, these materials contain pores with very large
diameters (>10 nm). Hence, their selectivity will be low
since there is only limited interaction between the guests and
the framework. In contrast, for very-small-pore COFs, with
pores between 0.35 and 0.4 nm, the interactions with the pore
walls are maximized, and the selectivity increases up to 53.5.

https:/doi.org/10.1021/acs.chemmater.3c03230
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Figure 3. Mean absolute test error of all models for the five targets. Each of five ML algorithms, i.e., kernel ridge regression (KRR), support vector
regression (SVR), multilayer perceptron regression (MLP), random forest regression (RF), and gradient boosting regression (GB), is trained on a
set of 9973 COFs. For the working capacity and the ideal selectivity, the derived model is also reported, which is indirectly predicted from the ML
predictions of the individual uptakes. The algorithm resulting in the lowest MAE is hatched.

Pores with this size are able to fit CO, molecules, which have a
kinetic diameter of 0.330 nm, perfectly, whereas they cannot
accommodate N, guests, which have a larger kinetic diameter
of 0.364 nm."*® Other studies have demonstrated that the
materials with the highest ideal selectivity also exhibit a
significant difference between the heat of adsorption of CO,
and N, at infinite dilution.”>”"”* Similar to the observations
made by Altintas et al,*® Figure 2b illustrates that these trends
remain valid at adsorption conditions (10 bar, 298 K), for
which the heat of adsorption is defined in eq S3.2 of the SI In
these structures, the CO, molecules will bind more tightly to
the adsorption sites than do the N, guests. These large
selectivities come at the cost of having a very low working
capacity, as seen in Figure 2a. Whereas the largest working
capacities and selectivities are observed for COFs with a very
high and very low pore diameter, respectively, both properties
can also achieve relatively high values in a regime of pore
diameters in between these two extremes. As displayed in
Figures 2a and S16 of the SI, these structures have a pore
diameter of around 1.0 nm. Since these materials are endowed
with both a large working capacity and selectivity, their APS;4,,
is maximized. With a working capacity of 35.9 mol/kg and an
ideal selectivity of 14.7, the highest APS.,; amounts to 527.8
mol/kg and is observed for the (acyl)hydrazone COF named
twt-b_11-04—05_11—-02—05_None_None. Its selectivity is
comparable to the ideal selectivity of other conventional
adsorbents, such as zeolites 13X and SA, but it has a much
higher working capacity. Its structure is visualized in Figure
S17 of the SI, together with the materials that achieve the
highest working capacity and selectivity.

To better understand the influence of the different linkage
types observed in COFs on the adsorption properties, we
partitioned the screened subset into different classes. When
two COFs are in the same class, the same linkage type holds
their building blocks together. The APS,,, distribution for
each of these classes is given in Figure 2c. The (acyl)-
hydrazone, imide, and (keto)enamine COFs (green in Figure
2¢,d) typically exhibit higher APS,4., values, with medians of
33.1, 31.8, and 30.6 mol/kg, respectively. This also follows
from Figure 2d, where we visualize the fraction of each class in
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a varying subset. Each subset is obtained by retaining only the
structures with an APS,,.,; above the threshold indicated on the
x-axis. When no threshold is imposed, or if it equals the
minimal APSj,, value of 0 mol/kg, all 14,970 COFs are
selected. Among the structures present in this initial screening
set, the borazine, borosilicate, triazine, and boroxine linkages
(blue in Figure 2c,d) possess only a collective linkage share of
3.7%. This is because the requirement of three-connected
vertices in these materials strongly limits the available
topologies and, therefore, also limits the number of these
structures in the ReDD-COFFEE database. When increasing
the APS,4.,; threshold, the retained subset is biased toward the
best-performing COFs. Although these four linkage types are
observed less frequently in the initial screening set, their
linkage share increases to 22.4% when the threshold achieves
an intermediate value of 120 mol/kg. This can also be
observed in Figure 2c¢, as the distributions of these linkage
classes have a longer tail at these intermediate APS,q,, values
compared to those of the other classes. The structures with a
high APS;4,.,; are dominated by imide-linked COFs. Among the
materials with an APS;,, exceeding 200 mol/kg, 69.4%
contain this linkage. Other frequently observed linkage types
are (acyl)hydrazone and (keto)enamine, representing linkage
shares of 16.7 and 5.6% for this APS,, threshold, respectively.
From Figure 2¢,d, we can conclude that structures possessing
one of these linkages afford the highest APS;, values.

Since this initial screening is carried out on a diverse subset
of 14,970 materials, we are confident that a screening of the
entire COF database would provide the same trends in the
carbon capture performance. In Section 4.2, the adsorption
characteristics of all materials in our database are predicted by
a machine learning model fitted to the results obtained in this
screening.

4.2, Step 2: Machine Learning Prediction of the
Working Capacity and Selectivity. In the next step of our
high-throughput screening, it is our intention to identify the
top-performing COFs for carbon capture from all 268,687
structures in the ReDD-COFFEE database. However, since the
adsorption properties were calculated explicitly for only a
subset of the database in Section 4.1, the CO, working

https:/doi.org/10.1021/acs.chemmater.3c03230
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Figure 4. 2D histograms of the predictions on the test set of 4997 COFs for the best-performing model for each of five targets. These targets are
the adsorption of CO, and N, at 293 K and 10 bar, the desorption of CO, at 293 K and 0.1 bar, the CO, working capacity, and the ideal CO,/N,
selectivity. The dashed line indicates an exact prediction. The coefficient of determination (R?), Pearson correlation coefficient (PCC), and
Spearman rank correlation coefficient (SRCC) of all predictions are reported in the insets. A zoomed-in view of these histograms is provided in

Figure S19 of the SL

capacity, AN, and the ideal CO,/N, selectivity, Si,, should
still be determined for most structures. These uptake
characteristics are predicted using ML models to speed up
the screening procedure and avoid unnecessary GCMC
calculations.

To predict the working capacity and selectivity, two
approaches are adopted. On the one hand, they are directly
predicted using two different ML models: one for the working
capacity and one for the selectivity. On the other hand, they
are also predicted indirectly by first training three ML models
to predict the individual uptakes of CO, at adsorption and
desorption conditions and N, at adsorption conditions,
subsequently deriving the two aforementioned adsorption
properties. For each of these five targets, a total of five different
ML algorithms are trained, i.e., kernel ridge regression, support
vector regression, multilayer perceptron regression, random
forest regression, and gradient boosting regression. These
models have been proven to predict adsorption properties in
nanoporous materials accurately.*”*”'*” This results in 25 ML
models, each trained on 9973 COFs out of the 14,970
structures characterized in Section 4.1, whereas the test set is
formed by the remaining 4997 materials.

Whereas a full overview of error metrics and statistics for the
training and test sets is provided in Tables S7 and S8 of the SI,
respectively, the mean absolute errors (MAEs) of all models
achieved on the test set are summarized in Figure 3. The ML
models that predict the adsorption and desorption CO,
uptakes and adsorption N, uptake most accurately are support
vector regression, gradient boosting regression, and kernel
ridge regression, respectively. As indicated in Figure 4, which
visualizes the predictions of the ML models, these achieve
coefficients of determination of 0.997, 0.833, and 1.000,
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respectively. Together with the Pearson and Spearman rank
correlation coefficients, these statistics demonstrate that the
ML models can predict the uptakes at adsorption conditions
better than the one at desorption conditions since the amount
of guests that can be adsorbed at the elevated pressure of 10
bar is highly correlated with the geometric properties that form
part of the ML features. At 0.1 bar, the chemistry of the
framework is more important, which is more difficult to
describe, even with the specialized RACs.”® This is also the
case for the adsorption of the CO, molecules since these
interact more strongly with the framework than the N, guests
due to their increased quadrupolar moment. Therefore, the
prediction of the CO, uptake is less accurate at adsorption
conditions than that of the N, uptake.

As the CO, uptake at adsorption conditions is two orders of
magnitude larger than at desorption conditions, this is the
most dominant factor of the CO, working capacity. Therefore,
the ML models trained directly on the working capacity
primarily learn the CO, uptake at adsorption conditions and
have more difficulty grasping the small corrections formed by
the CO, uptake at desorption conditions. The resemblance
between the ML models trained on the CO, uptake at
adsorption conditions and the working capacity can be
observed by the similarity in the resulting MAEs in Figure 3.
A specialized ML model can learn the small deviations of CO,
uptake at desorption conditions more accurately. This explains
why the working capacity can be predicted slightly better by an
indirect model derived from the individual uptakes at
adsorption and desorption conditions, which attains an MAE
of 0.351 mol/kg.

For the prediction of the selectivity, the interplay between
the CO, and N, uptakes is more critical. This quantity is very

https:/doi.org/10.1021/acs.chemmater.3c03230
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sensitive to small fluctuations in the N, uptake and depends
strongly on the description of the chemical environment.'’*
This results in a large range of selectivity values, including
some outliers with much higher selectivity compared with the
majority of the materials. Whereas a quantitative prediction of
these values is challenging using our single-component GCMC
simulations as input, they are still ranked correctly, which is the
most important for our goal to identify promising COFs for
further screening. Moreover, as discussed in Section 4.1, the
materials with the highest APS;., demonstrate both a
relatively high working capacity and selectivity but do not
have exceptionally high values for one of these properties. The
results of Figure 3 show that the gradient-boosting regression
model reaches the lowest MAE of 0.103 for the selectivity. The
absolute values of this ideal selectivity are more challenging to
predict than the ones of the working capacity, as indicated in
Figure 4 by the lower coefficient of determination and Pearson
correlation coefficients of 0.960 and 0.982, respectively.
However, more importantly, the model still manages to
predict the order of the selectivities accurately, as proven by
a high Spearman rank correlation coefficient of 0.995.

To gain insight into the importance of each feature for a
good prediction of the adsorption targets, a SHAP (SHapley
Additive exPlanations) analysis is performed in Section S4.4 of
the SL'*®* Whereas some features, such as the gravimetric
accessible volume and the mass density, consistently contribute
significantly to the predicted result, the trends in the relative
importance of the different domains in COF chemistry depend
strongly on the adopted ML model. The adsorption properties
cannot be attributed to one of these domains specifically but
rather emerge as a combined effect. To investigate these
collective characteristics that result in outstanding COFs for
carbon capture and to establish design rules interpretable by
experimental scientists, a thorough investigation of the best-
performing materials should be performed, as done in Section
4.4.

After this analysis of the ML models, the CO, working
capacity and CO,/N, selectivity can be predicted for all
268,687 materials in the ReDD-COFFEE database. As
explained above, the working capacity is derived from the
individual CO, uptakes at adsorption and desorption
conditions, predicted by support vector regression and gradient
boosting regression, respectively. In contrast, the selectivity is
directly obtained by another gradient-boosting regression
model. A density plot of the ML-predicted working capacities
and ideal selectivities for all 268,687 structures in the database
is provided in Figure 5. This strongly resembles Figure 2a on
the subset of 14,970 COFs, proving the anticipated general-
izability of our ML approach. To identify the most promising
candidates, a threshold of 70 mol/kg for APS,y, is introduced.
All 3305 materials for which the APS,4., exceeds this threshold
are retained for further screening in step 3 below.

4.3. Step 3: Mixture Selectivity of the Most Promising
COFs. Whereas the ideal selectivity calculated in the previous
steps already provides initial insight into the separation
performance of COFs, it does not include the effects of
competitive adsorption or coadsorption. Since the ideal
selectivity is determined based on single-component GCMC
calculations, the adsorption sites of the framework are available
for both gas components. However, in reality, only one
molecule can be adsorbed at each location. The preferred
species depends on the nature of the adsorption site.
Adsorbing other guest species can furthermore alter the nature
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Figure 5. ML predicted CO, working capacity and ideal CO,/N,
selectivity for 268,678 COFs in the ReDD-COFFEE database. The
threshold on the APS;4,, to retain structures for further screening is
indicated in gray.

of the adsorption sites or even create additional sites. These
effects can result in an increase or decrease of guest uptake
and, therefore, also influence selectivity. In the final step of our
high-throughput screening, the mixture selectivity is calculated
for the set of 3305 promising COF candidates obtained in the
previous section for a 15:85 mix of CO,:N,. This allows us to
determine the adsorption characteristics with increased
accuracy and investigate the effects of competitive adsorption
and coadsorption on the selectivity.

In Figure 6a, the ideal and mixture selectivities are compared
with one another for the 3180 promising candidates for which
all adsorption properties are successfully determined. For the
large-pore structures, which combine a huge working capacity
with a low selectivity, the influence of changing the inlet gas
from a pure component to a mixture gas is negligible. Since
there are only small interactions with the framework in these
structures, both the ideal and mixture selectivities approach
one. For the materials with a higher ideal selectivity, more
significant corrections are observed. In case the ideal selectivity
is higher than the mixture selectivity, the deviations are very
small. However, the mixture selectivity can be multiple orders
of magnitude higher than the ideal one. Therefore, the ideal
selectivity acts as an approximate lower bound for the mixture
selectivity. As such, the highest observed APS values are likely
to increase even more when accounting for competitive
adsorption and coadsorption. Most 3D COFs have a slightly
lower mixture selectivity than ideal selectivity, and the majority
of the 2D COFs have a higher mixture than ideal selectivity.
These results show that the ideal selectivity is an acceptable
initial guess for the separation performance of COFs, but
changing the inlet gas to a mixture gas that mimics the
experimental conditions significantly influences the precise
adsorption characteristics.

Figure 6b visualizes the CO, working capacity and the CO,/
N, mixture selectivity. The regions with low working capacities
and low selectivities are absent since these low-APS .
materials were filtered out in step 2. Similarly to Figure 6a,
Figure 6b demonstrates that 2D COFs have, on average, a
higher mixture selectivity but a lower spread. On the contrary,
the mean mixture selectivity of 3D COFs might be lower, but
due to the higher spread, the largest obtained mixture

https:/doi.org/10.1021/acs.chemmater.3c03230
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Figure 7. Overview of the best-performing COFs and candidates for experimental synthesis. (a) 2D and 3D COF with the highest APS,; values,
together with a detail of the distribution of CO, molecules at 10 bar. (b) Three materials of particular interest for experimental synthesis due to
their experimentally observed topology. (c) Set of promising SBUs that constitute the materials in (a) and (b). Color code: hydrogen (white),
carbon (gray), nitrogen (blue), oxygen (red), and fluorine (green). The CO, densities are visualized with blue isosurfaces using VMD'*
(isosurface values: 0.0108788 and 0.027197 for the best 3D COF and 0.0097033 and 0.02425825 for the best 2D COF).

selectivities are found in 3D COFs. The discrepancy in
adsorption behavior between 2D and 3D COFs can be
explained by the typically lower gravimetric accessible surface
area in 2D COFs compared to 3D COFs, as visualized in the
inset of Figure S14b of the SI. Hence, the interaction with the
pore walls has a larger influence on the equilibrium separation
performance of 3D COFs, resulting in a larger spread of the
selectivity. The absence of the materials with a low APS;4
value in Figure 6b highlights the two regimes that were

discussed in Section 4.1. On the one hand are the structures
with a very large pore diameter (>10 nm) that combine a high
working capacity with a low selectivity around unity. Since the
interactions of the guest molecules with the pore walls are very
limited, these materials have only a negligible separation
performance. The mixture selectivity of these materials is
comparable to their ideal selectivity and therefore, also their
APS does not change significantly. On the other hand, the
mixture selectivity of the COFs that already had a large ideal
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selectivity can either decrease slightly or increase drastically. As
such, the highest observed APS,; values are much larger than
the earlier observed APSq, values. The largest APS,;
amounts to 2835.1 mol/kg for the 3D imide COF twt-
b_12—03—-07_17—09—-07_None_None, visualized in Figure
7a, which has a working capacity of 13.2 mol/kg and a mixture
selectivity of 215.3. Whereas some COFs have a higher
working capacity or selectivity, this material is unique because
it achieves high values for both properties simultaneously. The
best-performing 2D COF is the imide COF hne_ 17-09—
07_17-09—07_17—09—07_02—03—07_02—-03—07_02—03—
07_02—03—07_02—03—07, again visualized in Figure 7a. This
COF has an APS ;, of 730.4 mol/kg, resulting from a working
capacity of 5.7 mol/kg and a mixture selectivity of 127.1. As
can be observed in Tables S10 and S11 of the SI, both the best-
performing 3D and 2D COFs suffered from much lower ideal
selectivities of 7.8 and 9.0, respectively, demonstrating the
need for mixture GCMC calculations to rank the best-
performing COFs for carbon capture.

4.4. Design Strategies for Top-Performing COFs. The
20 structures with the highest APS_; among the 2D and 3D
COFs are specified in Section S5.1 of the SI. For these
materials, additional evaluation metrics, such as purity and
regeneration, are determined in Section S5.3 of the SI, further
demonstrating their excellent performance. Among the 3D
COFs, 15 out of the top-20 structures possess an imide linkage,
confirming our hypothesis in Section 4.1 that materials
containing this linkage type can reach high APS values. The
most frequently observed building block is a phenyl ring
connected to three other SBUs, as exemplified by SBUs 11—
03—07 and 17—09—07 in Figure 7c, which are present in 4 and
14 of the top-20 materials, respectively. These promising
building blocks are also disproportionally abundant in the top-
20 2D and 3D COFs compared with the whole ReDD-
COFFEE database, as demonstrated in Table S12.

When examining the distribution of CO, molecules within
the best-performing 3D COFs, the adsorption sites with the
highest CO, density are located between aromatic rings that
are approximately parallel and have a separation of around 1.0
nm. This is illustrated in Figure 7a for the COF with the
highest APS,;,, and in Figures S$23—S34 of the SI for the other
top-6 materials. The main driving force for the selectivity of
this adsorption site is the favorable interaction between the
delocalized aromatic system and the quadrupolar moment of
CO,."*”” The presence of these high-density pockets also
explains why COFs with a pore diameter of around 1.0 nm
have the highest APS, as already observed in Figure la. A
similar conclusion was drawn by Boyd et al. in their high-
throughput screening of metal—organic frameworks for carbon
capture. They observed that the strongest CO, adsorption sites
were formed by parallel aromatic rings separated by 0.7 nm.*®

Due to their layered nature, these strong adsorption sites are
usually absent in 2D COFs. The aromatic rings in these
materials are mainly oriented parallel to the layers, which have
an interlayer distance of around 0.3—0.4 nm, much smaller
than 1.0 nm. This explains why the APS_;, values of 2D COFs
are smaller than those of 3D COFs. The top-20 best-
performing 2D COFs are all held together by an imide
linkage. Furthermore, two SBUs, visualized in Figure 7c,
appear frequently. The imide-terminated and fluoro-function-
alized phenyl rings 17—09—07 and 02—03—07 are observed in
11 and 10 of the top-20 2D COFs, respectively. Moreover, the
five best 2D COFs are built solely from these building blocks.
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Clearly, the chemistry of the framework environment becomes
more critical in the 2D COFs. This can also be observed in the
CO, distribution of the 2D COF with the highest APS,;, value
in Figure 7a, which is mainly concentrated close to the pore
walls. Although the effect of the fluoro group can only be
compared with the limited number of other functional groups
present in the ReDD-COFFEE database, such as methyl, tert-
butyl, and hydroxyl, its increased CO, aﬂinit?r has already been
demonstrated in triazine-linked COFs.'''*!!+>

Whereas high-throughput screenings of hypothetical data-
bases are very useful in predicting general trends and finding
performance limits of material classes, the best-performing
material might be very difficult or even impossible to
synthesize. Even though the materials with a low synthetic
likelihood are filtered out of the ReDD-COFFEE database by
construction,” it might still be unfeasible to synthesize most of
its materials. Interestingly, there are three materials within the
top-20 of 2D and 3D COFs of which the topologies are
experimentally observed in COFs, i.e., the ctn, bor, and hcb
topologiesf’24 shown in Figure 7b. Also, their building blocks
have already been experimentally adopted to synthesize
COFs."¥™'*> Whereas these COFs are not yet synthesized,
we hope that they can follow the example of the hypothetical
COFs synthesized by Lan et al.*’ They form the prime
candidates for experimental synthesis and validation since
potential synthesis routes are readily available and can be
found in Figure S36 of the SL

5. CONCLUSIONS

In this work, the diverse ReDD-COFFEE database is screened
for adopting COFs as adsorbents in postcombustion carbon
capture using a pressure swing adsorption process. After an
initial screening of a diverse subset of 14,970 materials, an ML
algorithm is trained to accurately predict the CO, working
capacity and the ideal CO,/N, selectivity of the 268,687
materials from the ReDD-COFFEE database. This approach
enables a drastic speed-up of the screening procedure,
requiring only a fraction of the computational resources that
would be needed to characterize the full database with GCMC.
From these results, a set of 3305 promising COFs are retained
for which the influence of competitive adsorption and
coadsorption is investigated with mixture GCMC calculations.
This reveals that the ideal selectivity provides a reliable
prediction of the mixture selectivity for low selectivities.
However, for high values, the mixture selectivity can be 2
orders of magnitude larger than the ideal one. The 20 best-
performing 2D and 3D COFs are identified to specify design
rules.

The initial screening demonstrates that both a high working
capacity and a high ideal selectivity can be obtained for COFs
with pore diameters of around 1.0 nm. This is explained by
strong CO, adsorption sites in between approximately parallel
aromatic rings separated by 1.0 nm, which are frequently
observed in the best-performing 3D COFs. Due to the layered
nature of 2D COFs, these strong adsorption sites are mostly
absent in these materials. In 2D COFs, the framework
chemistry, such as linkage type and functionalization, plays a
dominant role. Among the studied functional groups, fluoro
substituents are frequently present among the top-performing
2D COFs. For both 2D and 3D materials, the CO, affinity of
structures possessing an imide, (acyl)hydrazone, or (keto)-
enamine linkage is high. Whereas ReDD-COFFEE is a
database of hypothetical COFs, three materials within the 20

https:/doi.org/10.1021/acs.chemmater.3c03230
Chem. Mater. 2024, 36, 43154330



Selection of Publications in International Peer-Reviewed Journals

183

Chemistry of Materials

pubs.acs.org/cm

best-performing 2D and 3D materials assemble in an
experimentally observed topology. These are prime candidates
for experimental validation due to the availability of a synthetic
route.

Our best-performing ML algorithm accurately predicted the
individual guest uptakes, the CO, working capacity, and the
ideal CO,/N, selectivity using only a fraction of the required
computational resources compared to explicitly performing all
GCMC calculations. Since the chemical environment of the
framework is more difficult to describe in terms of discrete
features as compared to the pore geometry, the uptake of N,
molecules can be predicted more accurately than that of CO,
molecules, which interact more strongly with the pore walls.
Furthermore, the CO, uptake is characterized more precisely
at adsorption than at desorption conditions due to the
increased importance of the framework chemistry in this
low-pressure regime. Whereas a single ML algorithm, namely,
gradient boosting regression, most accurately describes the
ideal selectivity, the model with the lowest MAE for the
working capacity is derived from individual ML algorithms that
predict the uptake of CO, at adsorption and desorption
conditions. Especially the small desorption uptake, which
forms only a minor correction on the working capacity, is
described more accurately by an ML model explicitly trained
for this purpose.

With this high-throughput screening, we have identified
trends in the COF material space and determined design rules
to guide experimental researchers in finding high-performing
materials for the application of postcombustion carbon
capture. We hope that the atomic insights into the adsorption
behavior of COFs learned from this work may accelerate the
adoption of COFs as CO, adsorbents in the flue gases of
industrial power plants, which would accomplish a significant
step forward to drastically reduce our anthropogenic CO,
emissions.
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A PhD in a molecular modeling discipline obviously requires a lot of
computational work. To avoid starting from scratch to implement all
routines and calculations, numerous software packages are employed
throughout this thesis to facilitate the simulations. An overview of the
used programs is provided below, together with a short explanation of their
functionality and how they contributed to this thesis.

Avogadro

Avogadro is an open-source molecular builder and visualization tool. Besides
flexible high quality rendering and a powerful plugin architecture within
areas such as computational chemistry, molecular modeling, bioinformatics,
and materials science, it is also designed to run on Windows, Linux, and
Mac operating systems. Within this thesis, Avogadro is used to build
an initial geometry of the SBUs. More information can be found on
https://avogadro.cc/ and in Ref. 274.

Gaussian16

Gaussian16 is the most recent release of the Gaussian series of programs.3*

Being used by scientists worldwide, it has a long history within the field of
electronic structure calculation of non-periodic molecular systems, providing
the most advanced modeling capabilities. Within this thesis, Gaussian16 is
adopted to compute the ab initio optimized geometry and Hessian of cluster
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models, from which the cluster force fields can be derived. More information
can be found on https://gaussian.com/gaussian16/.

HORTON

HORTON is an acronym for Helpful Open-source Research TOol for
N-fermion systems.>*' The ambition of this program, primarily writtin
in Python, is to provide a platform to rapidly test new concepts to
approximately solve the quantum many-body problem. Therefore, it
strongly focuses on code-readability and user-friendliness, rather than
computational efficiency. Within this thesis, HORTON is employed to
compute the partial charges using the MBIS partitioning scheme. These
charges determine the electrostatic contribution of the used force fields.
More information can be found on https://theochem.github.io/horton/.

LAMMPS

LAMMPS is an acronym for Large-scale Atomic/Molecular Massively Parallel
Simulator. This is a classical molecular dynamics software that is used in
the field of materials modeling. As the name suggests, the developers put
much attention to the efficiency of this code and enabled parallelization over
multiple processors to speed-up calculations. Within this thesis, LAMMPS
is adopted to calculate the long-range forces during MD simulations via the
coupling with Yaff. More information can be found on https://lammps.org/
and in Ref. 342.

Molden

Molden is a pre- and post-processing software package for electronic
structure calculations. It supports the visualization of electronic orbitals
from various ab initio codes. Within this thesis, Molden is used to
automatically identify the MM3 atom types that determine the van der
Waals interactions within the cluster force fields. More information can be
found on https://www.theochem.ru.nl/molden/ and in Refs. 276 and 277.

MolMod

MolMod is a Python module developed at the CMM containing a variety
of auxiliary tools for molecular modeling.®2 Many of the software
packages developed at the CMM, such as Yaff, QuickFF, and TAMkin,
are built upon this library. Furthermore, also the implementation of our
automated in silico assembly algorithm within this thesis adopts a lot
of the functionalities in MolMod. More information can be found on
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https://molmod.github.io/molmod/.

QuickFF

QuickFF is a Python software package developed at the CMM that can
efficiently derive system-specific force fields for periodic and non-periodic
molecular systems from ab initio data. Within this thesis, QuickFF
is adopted to compute SBU cluster force fields from which periodic
force fields can be determined. More information can be found on
https://molmod.github.io/QuickFF/ and in Refs. 229 and 230.

RASPA

RASPA is a molecular simulation software package intended to determine
adsorption and diffusion properties in flexible nanoporous materials. It
contains the most recent molecular dynamics and Monte Carlo methods.
Within this thesis, RASPA is employed to calculate adsorption properties
using single-component and mixture GCMC calculations. More information
can be found on https://iraspa.org/raspa/ and in Ref. 343.

TAMKkin

TAMEkin is a Python software package developed at the CMM for normal
mode analysis, thermochemistry, and reaction kinetics post-processing.
From these analysis methods, various thermodynamic and kinetic properties
can be derived. Within this thesis, TAMkin is adopted to perform a
normal mode analysis on the COF clusters with the derived force fields.
This allows for a validation by comparing the resulting frequencies
with the ab initio reference data. More information can be found on
https://molmod.github.io/tamkin/ and in Ref. 344.

Yaff

Yaff is an acronym for Yet another force field.2! Initially, this Python
software package, developed at the CMM, was intended as a platform to
test and validate various force fields. Due to its flexibility, it has grown to
include a broad set of functionalities, including an (enhanced) molecular
dynamics and Monte Carlo engine. Within this thesis, Yaff is used to
perform geometry optimizations and molecular dynamics simulations.
Furthermore, our implementation of the automated in silico assembly
algorithm inherits a lot of Yaff functionalities. More information can be
found on https://molmod.github.io/yaff/.
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Zeo++

Zeo++ is a software package intended for the pore analysis of crystalline
porous materials. Furthermore, it can also be used to in silico generate
materials or for structure similarity calculations. Within this thesis, Zeo++ is
employed to calculate the textural properties of COFs, MOFs, and zeolites.
More information can be found on https://www.zeoplusplus.org/ and in
Refs. 306 and 147.
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