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Abstract

Hydrogen fuel cells and water electrolyzers using anion exchange membranes (AEMs) host

an alkaline chemical environment that mitigates the need for rare platinum group metals

(PGMs) as electrocatalyst. Despite the extraordinary potential for widespread adoption

of these devices, they are held back by challenges associated with the AEM itself. The

current generation of AEMs is particularly limited in terms of durability in the caustic

conditions they inhabit, as the cationic moieties of the AEMs are vulnerable to the high

concentration of hydroxide anions. Designing cationic moieties that are highly stable in

alkaline conditions is, therefore, of crucial importance.

Promising classes of cationic compounds for the implementation in AEMs are those based

on the imidazolium group. Through adjustments of the chemical structure via different

substitution schemes, the alkaline stability is highly adjustable. Experimental exploration

of the vast chemical space of imidazolium-based compounds is slow due to the high re-

source demand and an insufficient understanding of the structure-stability relationship.

The work described in this thesis has thus been predominantly focused on leveraging

computational means to accelerate the discovery of alkaline stable imidazolium-based

compounds.

As the first step in this undertaking, a reliable computational descriptor for the alkaline

stability of a given imidazolium has been identified in the Gibbs free energy change of the

C-2 hydroxide attack by comparing the degradation energetics computed through ab initio

simulations with experimental stability values reported in literature. Thereafter, the cal-

culation of this descriptor was streamlined and fully automated. Next, the descriptor was

applied to an extensive molecular dataset containing 5832 imidazolium-based compounds,

which was constructed by systematically adding 18 different substituents to a base imi-

dazolium structure. The dataset contains numerous compounds for which the descriptor

computationally predicts an exceptional alkaline stability. The computed values were

verified as part of this PhD research program by synthesizing five of the molecules and

performing two different degradation tests on each, that showed good agreement with the

computational predictions. Among the tested compounds, an especially stable compound
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was identified that surpasses the stability of comparable penta-substituted imidazoliums

by substitution of the C-4 and C-5 sites with a methyl group instead of the commonly

employed phenyl substituent.

The dataset includes a number of additional compounds with even higher computed alka-

line stability. These will be promising candidates for future experimental exploration. Ad-

ditionally, the dissertation provides further in-depth insights for the design of stable com-

pounds based on new understanding of the structure-stability relationship of imidazolium-

based compounds, that was gained through analysis of the molecular dataset. The design

of novel compounds will benefit, in particular, from a quantitative assessment of the in-

fluence that a selection of 18 different substituents exerts upon addition to each site of

the imidazolium ring. A machine learning model was trained for the expanded computa-

tional exploration of imidazolium-based compounds. The model is able to approximate

the alkaline stability in under one second on a typical laptop processor.

Computational insights were also gained regarding a recently reported azacyclic cationic

group, 1,6-diazabicyclo[4.4.4]tetradecan-1,6-ium (in-DBD), which possesses an exception-

ally high alkaline stability. Simulations of several degradation pathways were performed,

indicating the hydroxide-induced elimination reaction as the most prominent pathway.

The impact of small perturbations to the in-DBD structure was investigated to guide the

introduction of the cation into a polymer structure without incurring an adverse effect on

stability. It was found that the methylation at the β-carbons is especially favorable as it

adds protection against the critical elimination degradation reaction.

This work has made significant progress in the pursuit of materials for highly durable

anion exchange membranes. A particularly stable cationic group could be identified and

design aids for further improvements have been developed.
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Kurzfassung

Brennstoffzellen und Wasserelektrolyseure, die auf Anionenaustauschmembranen (AEMs)

basieren, ermöglichen die Verwendung von Katalysatoren, die nicht auf Platinmetalle an-

gewiesen sind. Trotz des großen Potentials für die flächendeckende Verwendung dieser

Geräte, ist sie derzeit durch Limitationen der Anionenaustauschmembran begrenzt. Die

aktuelle Generation von AEMs ist besonders durch die geringe Lebenszeit unter stark

basischen Betriebsbedingungen limitiert. Die kationischen Gruppen, welche für den An-

ionentransport notwendig sind, werden von Hydroxidanionen chemisch angegriffen und

irreversibel zerstört. Daher ist die Entwicklung kationischer Gruppen entscheidend, wel-

che den stark basischen Bedingungen standhalten können.

Eine vielversprechende Gruppe von kationischen Verbindungen basiert auf der Imidazoli-

umgruppe. Anpassungen der chemischen Struktur dieser Verbindungen durch verschiedene

Substitutionsmuster haben einen großen Einfluss auf die resultierende alkalische Stabilität.

Die experimentelle Identifikation von stabilen Verbindungen ist allerdings langsam, da sie

einen hohen Ressourceneinsatz für jede einzelne untersuchte Verbindung benötigt, und

auf einem limitierten Verständnis der zugrundeliegenden Struktur-Stabilitäts-Beziehung

basiert. In der hier beschriebenen Arbeit wurde daher die beschleunigte Erkundung neu-

er alkalistabiler Imidazolium-basierter Verbindungen durch computergestützte Methoden

vorangetrieben.

Die Änderung der Gibbs-Energie während des Angriffs von Hydroxid auf das C-2 Atom

des Imidazoliumringes wurde als zuverlässiger Deskriptor für die alkalische Stabilität von

Imidazolium-basierten Verbindungen identifiziert. Die Berechnung des Deskriptors wur-

de daraufhin automatisiert, um die alkalische Stabilität eines molekularen Datensatz mit

5832 Imidazolium-basierten Verbindungen computergestützt ermitteln zu können. Die be-

rechneten Stabilitätswerte wurden anschließend validiert, indem fünf der Verbindungen

synthetisiert und jeweils in zwei unterschiedlichen experimentellen Stabilitätstests unter-

sucht wurden. Die experimentellen Messungen haben hierbei eine gute Übereinstimmung

mit den computergestützten Stabilitätsvorhersagen gezeigt. Außerdem konnte ein beson-

ders stabiles Molekül experimentell charakterisiert werden, welches unter alkalischen Be-
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dingungen deutlich langlebiger ist als vergleichbare pentasubstituierte Imidazoliumverbin-

dungen.

Weitere Verbindungen mit höherer vorhergesagter alkalischer Stabilität sind im moleku-

laren Datensatz vertreten und sind somit vielversprechende Ziele weiterer experimenteller

Untersuchungen. Um den Designprozess weiterer Verbindungen zu unterstützen, wurde die

Beziehung zwischen Struktur und Stabilität durch Analyse des molekularen Datensatzes

untersucht. Besonders die quantitativen Einflüsse von 18 verschiedenen Substituenten an

den jeweiligen Substitutionsstellen des Imidazoliumringes auf die resultierende Stabilität

sind für die Weiterentwicklung von Bedeutung. Für die computergestützte Weiterentwick-

lung von Imidazolium-basierten Verbindungen wurde zudem ein künstliches neuronales

Netzwerk entwickelt, welches die alkalische Stabilität einer neuen Verbindung in unter

einer Sekunde näherungsweise bestimmen kann.

Neben der Arbeit an Imidazolium-basierten Verbindungen wurde auch das vielverspre-

chende 1,6-diazabicyclo[4.4.4]tetradecan-1,6-ium (in-DBD) Kation mit ab initio Simula-

tionen untersucht, da diese Verbindung in einer kürzlich erschienenen Veröffentlichung

als besonders stabil in basischer Umgebung identifiziert wurde. Durch die Simulation

verschiedener Degradationspfade wurde die Hydroxid-induzierte Eliminationsreaktion als

besonders relevant identifiziert. Es wurde daraufhin der Einfluss kleiner Perturbationen

auf die Stabilität der in-DBD Struktur untersucht, um Methoden zum Andocken der Ver-

bindung an ein Polymerrückgrat zu identifizieren. Hierbei wurde die Methylierung der

β-Kohlenstoffatome als besonders vielversprechender Ansatz aufgezeigt.

Die vorliegende Arbeit enthält signifikante Fortschritte für die Erkundung alkalistabiler

Verbindungen zur Verwendung in Anionenaustauschmembranen. Eine besonders stabile

Verbindung konnte experimentell charakterisiert werden und mehrere Ansätze zur be-

schleunigten Erkundung weiterer stabiler Verbindungen wurden entwickelt.
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Chapter 1

Introduction

The daunting challenges directly related to climate change must be countered with the

transition away from fossil fuels and towards renewable energy technologies. Within a

sustainable energy system, energy demands are met through renewable sources such as

geothermal, hydro, biomass, solar, and wind power.[1, 2] Utilization of these technologies

does, however, entail additional complications compared to fossil fuel energy systems.

Some technologies, especially those based on solar and wind, deliver power dependent

on external factors, exhibiting strong variance. There is a notorious temporal mismatch

between energy supply and demand, also described as the intermittency challenge.[3]

Additionally, the transportation of sustainably produced energy is challenging.[4] These

obstacles must be addressed through a suitable energy storage regime.[5, 6]

1.1 Electrochemical Technologies for the Hydrogen

Economy

A promising solution to the obstacles of intermittent power delivery and portability is

based on hydrogen as an energy carrier.[7] Molecular hydrogen (H2) possesses an espe-

cially high specific energy that is significantly greater than that of common fossil fuels.[8]

Hydrogen can be produced from water in a water electrolyzer (WE) when electrical energy

is supplied and then be stored and distributed for later use in stationary and portable

applications. On demand, electricity can be produced from hydrogen and oxygen in a fuel

cell (FC).

The literature contains numerous reports on electrochemical energy conversion devices,

such as those based on a liquid alkaline electrolyte[9, 10], solid oxides[11, 12] and ion

exchange membranes[13, 14, 15, 16]. Water electrolyzers and hydrogen fuel cells based
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on ion exchange membranes are especially prominent in the contemporary literature and

can be further classified into those based on proton exchange membranes (PEMs)[13, 14]

and on anion exchange membranes (AEMs)[15, 16]. Their prominence stems from their

suitability to operate under a wide range of conditions and in numerous applications

through properties that are further outlined in the following.

1.1.1 Proton Exchange Membrane Devices

Proton exchange membrane fuel cells (PEMFCs) and PEMwater electrolyzers (PEMWEs)

are a promising class of hydrogen energy conversion devices. PEMFCs operate below

120 °C and they can reach efficiencies of about 65 %.[17] These attributes make them

highly suitable for mobile applications such as hydrogen powered vehicles but also for

stationary applications such as grid stabilization.[18, 19] Proton exchange membrane wa-

ter electrolyzers can reach efficiencies of about 75 - 80 %[17, 20] and they can be utilized

flexibly for the production of green hydrogen, with commercial products being available

in the kilowatt to megawatt range.[17]

Figure 1.1: Simplified depiction of a proton exchange membrane fuel cell (left) and a proton
exchange membrane water electrolyzer (right). White circles represent hydrogen atoms, red
circles represent oxygen atoms, the car pictograms represents an electrical load and the battery
pictogram represents a voltage source. The electrocatalysts employed in the electrodes are
typically based on platinum group metals (PGMs).[17]

Both PEMFCs and PEMWEs operate in a similar fashion, with one performing the inverse

process of the other. A simplified schematic of how they function is provided in Figure

1.1. For a PEMFC, molecular hydrogen is supplied to the anode and split into hydrogen
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cations, typically sitting on a carrier water molecule or embedded into a hydrogen bond

network, that are transported through the PEM to the cathode,

H2 → 2H+ + 2e−. (1.1)

At the cathode, the hydrogen cations react with supplied oxygen gas to form water,

following the next reaction,

2H+ +
1

2
O2 + 2e− → H2O. (1.2)

The electrons that are extracted from H2 at the anode side are conducted through an

external circuit before being recombined with the protons that have migrated through

the PEM at the cathode side, allowing electrical work to be done.

Analogously in a PEMWE, water is supplied at the anode and split into molecular oxygen,

hydrogen cations and two electrons per water molecule,

H2O→ 2H+ +
1

2
O2 + 2e−. (1.3)

The hydrogen cations are conducted through the PEM towards the cathode. At the

cathode, electrons are provided by a voltage source to reduce the hydrogen cations to

molecular hydrogen,

2H+ + 2e− → H2. (1.4)

As the name already suggests, the proton exchange membrane is a crucial part for PEM-

FCs and PEMWEs to function effectively. The membrane must be conductive to protons

with as little resistance as possible to optimize the energy efficiency. Additionally, the

membrane should be electrically insulating, be impermeable to gases and have a high

chemical, mechanical and thermal stability. Currently one of the most suitable and

commonly employed membrane material in PEM devices is the sulfonated fluoropoly-

mer Nafion. However, while Nafion results in comparatively effective devices, it does

come with limitations, among them being the high cost and reliance on fluorocarbons.

Therefore, research towards suitable alternatives to Nafion is ongoing.[21]

Another crucial component of any PEM-based device is the electrocatalyst. For the

electrochemical reactions to take place effectively, a catalyst is required at both the anode

and the cathode for PEMFCs and PEMWEs. In the chemical environment of PEM-based

devices, platinum group metals are usually the only viable catalyst choice, with iridium

commonly being employed for PEMWEs[22] and platinum for PEMFCs[23]. The scarcity
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and cost of these rare earth metals is a formidable challenge for the widespread adoption

of PEM-based hydrogen energy conversion devices.[24, 25]

1.1.2 Anion Exchange Membrane Devices

A promising alternative to devices based on proton exchange membranes are those based

on anion exchange membranes. AEMs are permeable to anions, usually hydroxide in

practical applications, leading to a significant change in electrochemical mechanisms and

conditions in the devices.[26] To illustrate the differences, a simplified schematic of the

inner workings of AEM devices is provided in Figure 1.2.

Figure 1.2: Simplified depiction of an anion exchange membrane fuel cell (left) and an anion
exchange membrane water electrolyzer (right). White circles represent hydrogen atoms, red
circles represent oxygen atoms, the car pictogram represents an electrical load and the battery
pictogram represents a voltage source. The transfer of water through the AEM is not depicted
for reasons of clarity.[26, 27]

In an anion exchange membrane fuel cell (AEMFC), molecular oxygen is introduced on

the cathode side and is reduced to hydroxide anions upon combination with water, which

is transported through the AEM from the anode side to the cathode side,[26]

1

2
O2 +H2O+ 2e− → 2OH−. (1.5)

The generated hydroxide is transported through the AEM to the anode side. At the

anode site, molecular hydrogen is oxidized to form water upon reaction with the hydroxide
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anions,[26]

2OH− +H2 → 2H2O+ 2e−. (1.6)

The electrons from the hydrogen oxidation at the anode are conducted through an external

circuit before being used in the oxygen reduction at the cathode, performing electrical

work in the process.

Processes in an anion exchange membrane water electrolyzer (AEMWE) are generally the

reverse of those in an AEMFC. At the cathode, water molecules are reduced to molecular

hydrogen and hydroxide anions,[27]

2H2O+ 2e− → H2 + 2OH−. (1.7)

The hydroxide anions are transported through the AEM to the anode side. At the anode,

hydroxide is reduced to molecular oxygen and water,

2OH− → H2O+
1

2
O2 + 2e−. (1.8)

AEM-based devices rely on the transport of hydroxide ions, compared to hydrogen cations

in PEM-based devices. This leads to AEM-based devices operating in a strongly alkaline

environment compared to the acidic environment in PEM-based devices. Combined with

the differing electrochemical processes, this change in chemical environment allows for the

utilization of electrocatalysts based on elements other than platinum group metals. While

the design of optimal non-precious metal catalysts is still an ongoing area of research,

significant progress has been made in recent years towards outperforming platinum group

metals with oxides based on abundant elements such as nickel.[28]

1.2 Anion Exchange Membranes

A major challenge to the widespread adoption of AEM-based devices involves the AEM

itself. The AEM must fulfill a number of roles that are highly influenced by its chemical

composition. The optimal chemical architecture of AEMs is therefore an active area of

research.[29]
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1.2.1 Required Properties

The design of an optimal AEM is demanding, as many different properties must be im-

parted simultaneously for optimal device performance. The most important properties

are the following:[30]

• High anion conductivity, especially for hydroxide anions in order to minimize losses

due to resistance and achieve high performance.

• Low permeability to gases to prevent hydrogen and oxygen from mixing and ensure

a safe and efficient operation.

• High electrical resistance to prevent a short circuit between anode and cathode.

• High degree of chemical, thermal and mechanical stability to prevent premature

device failure.

Especially insufficient chemical stability is a major obstacle of state-of-the-art AEMs as

the strongly alkaline environment can degrade many of the employed materials.[31]

1.2.2 Structure of the Membrane

An AEM is generally made from a polymer backbone, which is augmented by cationic

moieties. The polymer backbone is mainly responsible for the mechanical stability of the

membrane, while the cationic groups facilitate anion conduction. Figure 1.3 provides a

simplified schematic of this structure.

1.2.2.1 Ion Exchange Capacity

An important characteristic of any AEM is the density of fixed positive charge carriers.

Typically, this density is reported as the ion exchange capacity (IEC), which is defined as

the ratio of the number of ion pairs in the membrane and its molecular weight, typically

computed per repeat unit of the polymer.[31, 32]

IEC =
Number of Ionic pairs

Molecular Weight
(1.9)

A higher IEC is generally regarded to have a positive impact on anionic conductivity.[33]

However, adverse effects may arise from a high IEC in the form of excess water uptake.

If the water uptake is too high, the membrane swells, possibly causing unwanted changes

to the mechanical and structural properties and also reducing the density of fixed charge

carriers.[34]
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Figure 1.3: Schematic of the structure of an AEM. The blue lines represent the polymer back-
bone and the blue circles represent the cationic moieties. The light blue background symbolizes
that an AEM is generally filled with water. The red and white circles depict hydroxide ions
which are transported through the structure.

1.2.2.2 Backbone Materials

The specific makeup of the AEM backbone is a key determinant of the membrane’s me-

chanical properties. A variety of different polymer backbone designs has been reported

in the literature. The chemical makeup is often based on poly(arylene ether), poly-

olefins, polyphenylene, poly(phosphazene) or fluorinated polymers such as poly(vinylidene

fluoride).[31, 35]

To conjoin the polymer backbone structure with the cationic moieties, two general strate-

gies are employed. First, the polymer backbone can be a pre-established unit to which

cationic chemical groups are attached. The schematic in Figure 1.3 depicts this approach.

Alternatively, the cationic moieties can be embedded as structural parts of the backbone,

being attached to each other, either directly or through flexible side chains.[31, 32]

1.2.2.3 Cationic Materials

The cationic groups are integral to the conductive properties of any given AEM. Naturally,

the chemical structure must incorporate at least one positive formal charge. The positive

charge is commonly introduced through nitrogen atoms, however different charge carriers

such as phosphor or cobalt are also possible. Figure 1.4 displays a selection of reported

cationic structures as an overview.[36]
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Figure 1.4: Overview of different chemical groups reported in literature for the use in anion ex-
change membranes. a) Example of a benzimidazolium, b) example of a phosphonium, c) example
of a penta-substituted imidazolium, d) example of a quaternary ammonium, e) cobaltocenium,
f) example of a bis-arylimidazolium, g) example of a guanidinium, h) example of a piperidinium,
i) 6-azaaspiro[5,5]undecan-6-ium, j) 1,6-diazabicyclo[4.4.4]tetradecan-1,6-ium.[32, 36, 37]

The specific chemical structure of the cationic group has a profound impact on the overall

properties of the resulting AEM, especially on its conductivity and chemical stability. The

chemical stability of the AEM is highly dependent on the cationic functional group as it is

a notoriously vulnerable site for hydroxide induced chemical attack. The conductivity of

the AEM is affected directly by the choice of cationic group as it impacts the mechanism of

ionic transport. Additionally, the cationic group determines the maximum ion exchange

capacity of the resulting AEM, as the IEC of the AEM is limited by the charge density

of integrated cationic groups. Therefore, cationic groups with a high charge to molecular

weight ratio are typically desirable as they provide the highest degree of freedom to dictate

the IEC of the AEM.[34]

Cationic moieties that are widely used in AEMs are based on quaternary ammonium

(QA).[38, 39] Quaternary ammoniums are highly flexible in terms of their chemical struc-

ture and lead to membranes with a high IEC by having a low molecular weight. Typically,

their synthesis is comparatively simple, making QAs a cost-effective option.[36, 31] Addi-

tionally, QAs generally result in AEMs with high mechanical strength, which is partially
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due to their ability to self-cross-link.[31] However the chemical stability is a major obstacle

to the widespread adoption of QA-based membranes. The positive charge is localized on

a single nitrogen atom, making it a vulnerable target of nucleophilic attack by hydroxide

anions. Multiple different degradation mechanisms are possible, with the most prevalent

being Hofmann elimination, nucleophilic substitution and an elimination reaction.[34]

Various chemical compounds apart from quaternary ammoniums have been explored to

improve upon the cationic group’s properties, especially chemical stability. Most com-

monly, these alternative cations still utilize nitrogen atoms to induce localization of the

positive charges, such as in guanidinium, pyridinium or imidazolium. Additionally, other

strategies have been developed that rely on other charge carriers, such as phosphor in the

case of phosphonium or metal cations in the case of cobaltocenium. All of these come

with their own advantages and drawbacks and none have emerged as the ideal material so

far. However, those groups based on imidazolium have emerged as especially promising

and are the main focus of this work.[31]

1.3 Imidazolium-Based Materials

A promising alternative to quaternary ammonium as cationic functional groups in AEMs

are compounds based on imidazolium, which have emerged as a strong research focus.[34]

Figure 1.5: General structure of an imidazolium. A numbering scheme for the atoms of the
heterocycle is provided, which is used throughout this work. Each of the heterocycle’s five atoms
can be substituted with a different chemical group. The two most relevant resonance structures
are shown.

A notable difference between quaternary ammonium and imidazolium is the localization of

the positive charge. In QAs the charge is localized on a single nitrogen atom and therefore

especially vulnerable to nucleophilic attack by hydroxide anions. In an imidazolium cation,

the positive charge is delocalized throughout the whole heterocycle, mainly on the two

nitrogen atoms as can be seen in Figure 1.5. With the charge being delocalized, the

susceptibility to nucleophilic attack is markedly reduced, which generally leads to a higher

stability in a highly alkaline environment.[34, 40]
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Other benefits of imidazolium-based cationic groups are a high anionic conductivity

and a comparatively simple synthesis.[34] However, even with the delocalized cationic

charge, alkaline stability remains a major challenge. Fortunately, the imidazolium group

can be augmented in a straightforward fashion through addition of different substitu-

tents, which significantly impacts the overall properties. Improving alkaline stability of

imidazolium-based compounds through various substitution schemes is a vital area of

ongoing research.[41]

1.3.1 Degradation Pathways

To combat the degradation of imidazolium-based compounds in strongly alkaline envi-

ronments, understanding the exact pathways by which degradation takes place is crucial.

Various mechanisms have been reported in literature, for example deprotonation of sub-

stituents, deprotonation of the heterocycle, SN2 reaction of the nitrogen substituents and

ring opening reaction after direct hydroxide attack of the heterocycle. The latter two are

irreversible reactions and have been reported to play an especially important role, they

are depicted in Figure 1.6.[32, 42]

Figure 1.6: Two irreversible alkaline degradation pathways of imidazolium-based materials
reported in literature.[42] An SN2 reaction of hydroxide and one of the nitrogen substituents (a)
and a nucleophilic addition-elimination resulting in a ring opening of the heterocycle (b).

The reported degradation reactions result in the positive charge being removed from the

imidazolium, turning it into an imidazole. The loss of fixed cationic charges causes a

reduction in anionic conductivity.

The rate of the degradation reaction is dependent on multiple parameters, including the

hydroxide, the imidazolium and environmental aspects. The electrophilicity of the hy-

droxide depends on its solvation environment, which is typically made up of water in
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AEMFC and AEMWE applications. The amount of water present is highly important,

as the more water molecules are present in the hydroxide’s proximity, the more its nucle-

ophilicity of the hydroxide is compensated. Therefore, the lower the water content of an

AEM, the faster the degradation is to be expected.[43, 44] Another important aspect is

how exposed the cationic functional groups are to the hydroxide filled environment, which

depends on the exact preparation of the AEM and the backbone material employed.[41]

Additionally, other typical factors influencing the speed of a chemical reaction remain

relevant, especially reactant concentrations and temperature.[41]

Many of the influential properties are hard to control, at least without significant impact

on the performance of the entire device. Therefore, major research interest is aimed toward

the decrease of degradation by adjusting the chemical structure of the imidazolium group

itself. The chemical structure of an imidazolium can be modified with a high flexibility due

to the five atoms of the heterocycle that can be independently substituted. Depending on

the exact substitution scheme, great variance in the resulting alkaline stability has been

observed.[40, 41]

1.3.2 Overview of Literature-Reported Structures

The flexibility to substitute imidazolium at five independent locations opens up a wide

chemical space. With a selection of n different substituents, it is possible to construct

n5 distinct compounds when neglecting the small amount of duplicates due to symmetry.

Even with just a moderate selection of 20 different substituents, millions of distinct com-

pounds are possible, considering that 205 = 3.2× 106. Naturally, only a very small subset

of the chemical space has been explored so far, owed to the high cost of experimental

investigations.[41]

Those imidazolium-based compounds that have been studied can be categorized into

three major groups. Single substituted imidazoliums, substituted benzimidazoliums and

two substituted imidazolium rings connected by an aromatic ring. These base groups are

depicted in Figure 1.7.

The choice of substituents has generally been based on simple alkanes, ethers and sub-

stituted or simple phenyl groups. For the C-4 and C-5 locations, a simple phenyl group

or hydrogen is commonly employed. The N-1 and N-3 substituent choice commonly falls

on small alkane groups, oftentimes methyl. The C-2 location has been left unsubstituted

in earlier approaches but is now commonly substituted by either a small alkane or a

substituted phenyl like mesityl.[41, 32]
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Figure 1.7: Three base compounds from which a majority of imidazolium-based compounds
for AEM applications reported in literature are built,[41] (a) substituted single imidazolium, (b)
a substituted benzimidazolium, (c) substituted bis-arylimidazolium.

1.3.3 Influence of Chemical Structure on Stability

Even small adjustments to the chemical structure of imidazolium have been shown to

cause significant changes in alkaline stability.[32, 41, 40] Understanding the relationship

between chemical structure and alkaline degradation is crucial in efforts to rapidly screen

and find imidazolium-based compounds with exceptional alkaline stability. The aspects

of this relationship reported in the literature so far can be categorized into steric and

electronic effects.

Figure 1.8: Schematic visualizing the two major contributing effects of the structure-stability
relationship of imidazolium-based compounds. The solid black circles represent sterically de-
manding substituents that suppress hydroxide attack. The small hollow arrow on the right, with
e− represents substituents that donate electron density into the imidazolium ring, making it less
electrophilic and therefore more resistant to hydroxide attack.

Steric effects rely on substituents that physically block hydroxide from attacking the

imidazolium. As the ring opening degradation reaction shown in Figure 1.6(b) is initiated

by a hydroxide anion attacking the C-2 atom, substitution at this location is especially

impactful. It was found in multiple studies that imidazoliums with only a hydrogen at the

C-2 site degrade exceptionally quickly in alkaline environments.[40, 45, 46] Even just the

addition of a methyl group at the C-2 location is rewarded with significant increases in

alkaline stability.[40] Incorporation of bulky substituents at C-2 results in an additional

boost in alkaline stability with methylated phenyl rings showing especially strong effects,

i.e., with a mesityl substituent.[32, 40]
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The N-1 and N-3 sites are also close to the degradation location. They are right next

to the C-2 site at which the ring opening degradation initiates and the substituents at

these sites are the target of the SN2 degradation pathway. Substitution at N-1 and N-3

sites with bulky substituents has been shown to increase alkaline stability, likely due to

steric effects. Specifically switching from two methyl substituents to butyl has resulted in

a significant stabilization.[32, 40]

Electronic effects contributing to the stabilization of imidazolium are typically based on

donation of electron density. When electron density is donated into the imidazolium

ring, the positive charge is partially compensated and thereby rendered less electrophilic.

Through a decrease in electrophilicity, the hydroxide anion is partially hindered from

nucleophilic attack, resulting in higher stability. With added electron density, the energy

level of the lowest unoccupied molecular orbital (LUMO) is also lifted. As the highest

occupied molecular orbital (HOMO) of the hydroxide typically lies below the LUMO of

the imidazolium, this effect moves the two energy levels further apart, thereby inhibiting

the reaction of the two molecules.[47, 41]

Electron donating substituents are reported to enable this stabilization. Alkyl substituents

such as methyl have been reported as particularly suitable for this purpose through hyper-

conjugation between the alkyls C-H bond and the imidazolium ring.[48] Even substitution

at the C-4 and C-5 sites with methyl has been reported to increase alkaline stability sig-

nificantly despite its relatively large distance to the reaction sites of the degradation

reaction.[40]

1.3.4 Synthesis of Imidazolium

When designing an alkaline stable imidazolium-based structure, it is important to keep

the synthesizability of these compounds in focus. Even the most stable and conductive

imidazolium is of no use if it cannot be practically synthesized. Fortunately, the synthesis

of imidazolium-based compounds can be straightforward in many cases.

A common synthesis pathway for imidazolium is to first form the imidazole correspond-

ing to the desired imidazolium. The imidazole can be obtained through the Debus-

Radziszewski imidazole synthesis from a correspondingly substituted 1,2-dicarbonyl and

aldehyde.[49]

After acquiring the imidazole, the imidazolium can be formed. While imidazole is a base

and can be protonated to form imidazolium even in water with a neutral pH (pKa of

unsubstituted imidazolium: 7.0), this is not the case in the alkaline environment an AEM

is employed in.[50] Therefore, in order to form the imidazolium, non-hydrogen substituents
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Figure 1.9: Common synthesis pathway of imidazolium. In the first step (a), the imidazole is
formed through the Debus-Radziszewski reaction. In the subsequent step (b), the imidazolium
is formed by reaction with the halide of the desired nitrogen substituents. The X represents
either Br, Cl, or I.

are introduced to both nitrogen atoms. This is commonly done by reacting with the halide

of the desired substituent, e.g. methyl iodide.[32]

1.4 Goal and Scope of this Work

While progress is being made in the experimental exploration of alkaline stable cationic

moieties for the implementation in AEMs, it is held back by the high resource demand

involved in the characterization of each sample. The small sample size of experimentally

verified structures also limits the understanding of the structure-stability relationship that

is needed for efficient molecular design. For the acceleration of the molecular discovery

process, computational methods hold great potential.

In many cases, high throughput computational scanning can be challenging, as the dif-

ferent behavior of the involved compounds needs to be taken into account. However,

for imidazolium-based compounds, an enormous chemical space of possible compounds

is available that is based around the same core imidazolium group. As these com-

pounds share the core functional group, they will all exhibit a certain consistency in

their chemical behavior, making them especially favorable for accurate high throughput

calculations to assess and compare their alkaline stability. Due to these especially favor-

ing attributes of imidazolium-based compounds, this work centers around imidazolium-

based materials in Chapter 3 to Chapter 5. Chapter 6 applies parts of the method-

ology developed on imidazolium-based compounds to a novel type of azacylic cation,

1,6-diazabicyclo[4.4.4]tetradecan-1,6-ium (in-DBD), that exhibits particularly promising

properties in terms of its chemical stability.
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A multi-step approach was chosen to develop a robust workflow for the accelerated mate-

rials discovery of alkaline stable AEM materials. First of all, in Chapter 3, a computa-

tional descriptor for the alkaline stability of imidazolium-based compounds was developed,

based on simulations of imdidazolium degradation pathways using density functional the-

ory and coupled cluster calculations. The energetics of prominent degradation reactions

were compared to experimental stability values reported in literature to yield a descriptor

that is reliable and requires only moderate computational resources.

The obtained descriptor is then utilized in Chapter 4, where the calculation pipeline

is automated to perform stability computations of a large number of compounds. A

dataset containing 5832 compounds was systematically generated from a base imidazolium

and a set of 18 substituents. The stability descriptor was computed for each contained

compound and the dataset was analyzed to identify trends and compounds of interest.

Five of the compounds contained were synthesized to verify the computational predictions

through experimental stability measurements.

The experimentally verified dataset of imidazolium-based compounds forms the basis

of Chapter 5, in which further insights are described that were generated from these

data. The dataset was analyzed to identify quantitative relationships between chemical

structure and alkaline stability, focusing on the impact of individual substituents. Further,

the size of the dataset allowed for the training of various machine learning models to

approximate the descriptor while requiring a fraction of the resources that the initial ab

initio simulations require.

Lastly, the workflow of the previous chapters is applied to the novel in-DBD cation, as

described in Chapter 6. The degradation pathways of in-DBD were characterized at the

density functional theory level to identify the main weak points. Additionally, the impact

of perturbations to the base structure on alkaline stability were investigated to aid the

design of attachment strategies to a polymer backbone. This was done by computing the

degradation energetics of the modified structures.
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Chapter 2

Theoretical Background

In this chapter, the theoretical background into the utilized computational methods is

provided. This work was mainly performed through computational chemistry simulations,

with density functional theory being the most prominently used. Additionally, machine

learning models were trained on the computed data.

2.1 Computational Chemistry

Describing chemical systems mathematically has been a long standing goal, with many

major contributions such as the Schrödinger equation [51], the Born-Oppenheimer approx-

imation [52] and the Hartree-Fock method [53] having been described nearly a century

ago. Many excellent textbooks, such as those by Frank Jensen [54] or by Attila Szabo and

Neil Ostlund [55] exist describing computational chemistry methods in detail, thereofore,

only a limited scope of essential concepts are covered in the following.

2.1.1 Fundamentals of Molecular Quantum Mechanics

To investigate materials theoretically at the atomistic level, classical mechanics do not

provide suitable explanations and quantum mechanics must be employed. For the inves-

tigation of a quantum mechanical system, it is crucial to obtain the wave function Ψ of

that given system, as Ψ fully describes system’s state.[56]
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2.1.1.1 The Schrödinger Equation

For most chemical applications, the non-relativistic time-independent Schrödinger equa-

tion gives access to Ψ of the system of interest,[56, 55]

ĤΨ = EtotalΨ. (2.1)

The total energy of the system is denoted by Etotal and Ĥ refers to the Hamiltonian

operator, which includes all energy contributions. In the case of a chemical system of

nuclei and electrons, Ĥ takes the following form:[55]

Ĥ = −
N∑
i=1

∇2
i

2
−

M∑
A=1

∇2
A

2MA

−
N∑
i=1

M∑
A=1

ZA

riA
+

N∑
i=1

N∑
j>i

1

rij
+

M∑
A=1

M∑
B>A

ZAZB

RAB

. (2.2)

In Ĥ the following five energy contributions are collected as a sum in the order of their

appearance on the right hand side of Equation 2.2:[55]

1. The kinetic energy of the electrons, with i being the indices of the electrons.

2. The kinetic energy of the nuclei, with A being the indices of the nuclei and MA

representing the corresponding atomic mass.

3. The potential energy stemming from the Coulomb attraction between electrons and

nuclei, with ZA referring to the charge of nucleus A and riA being the distance

between electron i and nucleus A.

4. The potential energy from the Coulomb repulsion between electrons, with rij rep-

resenting the distance between electron i and electron j.

5. The potential energy due to the Coulomb repulsion between the nuclei, with RAB

being the distance between nucleus A and nucleus B.

2.1.1.2 Born-Oppenheimer Approximation

Solving the Schrödinger equation with the Hamiltonian of the form in Equation 2.2 is

only possible for the simplest of systems such as a single hydrogen atom. In practical

applications, a number of approximations have to be made. Typically, an initial approx-

imation is applied to the Hamiltonian itself, the Born-Oppenheimer approximation. As

a nucleus is orders of magnitude heavier than an electron, about 2000 times heavier in

the case of hydrogen, the nuclei move much slower than the electrons and are assumed

to be stationary in this approximation. Within this approximation, the kinetic energy of

the nuclei is zero and the potential energy due to the repulsion of the nuclei is a constant
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that can be added after solving the Schrödinger equation. By following these steps, one

is left with a simplified electronic Hamiltonian Ĥelec,[55]

Ĥelec = −
N∑
i=1

∇2
i

2
−

N∑
i=1

M∑
A=1

ZA

riA
+

N∑
i=1

N∑
j>i

1

rij
. (2.3)

The electronic Hamiltonian can then be inserted into the Schrödinger equation to give an

expression describing the electronic wave function Ψelec and electronic energy Eelec,

ĤelecΨelec = EelecΨelec. (2.4)

Solving for the electronic wave function Ψelec is the goal in most of quantum chemistry

and for simplicity the subscript ”elec” is dropped in the following.

2.1.1.3 The Variational Principle

Even with the simplified Schrödinger equation (2.4) obtained within the Born-Oppenheimer

approximation, finding the exact solution for Ψ is usually not possible and an approx-

imation of Ψ is aimed for. When developing approximate solutions of the Schrödinger

equation, a method for assessing the quality of the approximated wave function Ψtrial is

paramount. For this, the variational principle is employed, which can be expressed in the

following way,[56]

E0 ≤
∫
Ψ∗

trialĤΨtrialdτ∫
Ψ∗

trialΨtrialdτ
. (2.5)

In essence, the principle states that the energy expectation value of any trial wave function

Ψtrial is always higher than or equal to the exact ground state energy E0. As it is not

possible to undershoot the energy with an approximate wave function, the lower the

energy expectation value of Ψtrial is, the closer the approximation is usually to the exact

form of Ψ. Using this relation, it is possible to compare two approximate solutions to the

Schrödinger equation and iteratively improve Ψtrial.[56]

2.1.2 The Hartree-Fock Method

While theoretically an infinite search over all possible functions would give the exact form

of Ψ for any given Hamiltonian when using the variational principle, this is obviously

not possible in any practical application. A major challenge is that the wave function is

highly dimensional, with a N electron system having 3N spatial dimensions and N spin

dimensions. This high dimensionality makes the search for a suitable approximation to
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Ψ exceptionally demanding and simplifying the problem of dimensionality is one of the

approaches taken within computational chemistry.[57]

2.1.2.1 The Mean-Field Approximation

One way of decreasing the dimensionality of the problem is to disentangle the 4N dimen-

sional total wave function into N separate four dimensional functions, describing each

electron separately. This single electron approach is, however, generally not conducive

for obtaining sufficiently accurate solutions to the Schrödinger equation, as the electrons

interact via Coulomb interactions and are further subdued to exchange and correlation

effects. However, it is possible to apply the approximation that each electron only reacts

to the mean field of all other electrons. With this approximation, each electron can be de-

scribed through a separate single-particle wave function, which can then all be combined

into a single many-particle function to yield Ψ.[57, 55]

2.1.2.2 Orbitals

A wave function describing a single electron is defined as an orbital. Orbitals can be further

subdivided into spatial orbitals and spin orbitals. A spatial orbital ψi(r) is a function of

the three dimensional position vector r in such a way that |ψi(r)|2 gives the probability

distribution of finding electron i at location r. A spin orbital χi(x) is a function of x

which represents the spin coordinate in addition to the spatial coordinates contained in

r. With electrons being fermions, the spin coordinate can be either spin up or spin down

and therefore two spin orbitals can be formed from a given spatial orbital.[55]

2.1.2.3 Antisymmetry Principle and Slater Determinants

In order to obtain a total wave function Ψ for a given electronic system, the N separate

spin orbitals χi must be combined into a single function that depends on all coordinates,

Ψ(x1,x2, ...,xN). The naive approach would be to simply form the product of all spin

orbitals, known as the Hartree product ΨHP,[55]

ΨHP(x1,x2, ...,xN) = χi(x1)χ2(x2)...χN(xN). (2.6)

While simple, the Hartree product neglects an important property of the exact wave

function, the antisymmertry principle. The antisymmetry principle states that a given

many-electron wave function has to be antisymmetric in regard to the interchange of two

electrons, i.e. their spin and spatial coordinates x,[55]

Ψ(x1, . . . ,xi, . . . ,xj, . . . ,xN) = −Ψ(x1, . . . ,xj, . . . ,xi, . . . ,xN). (2.7)
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The Hartree product does not fulfill the antisymmetry principle as it generally shows no

symmetry in regard to interchange of electrons as can be seen on the following example

with two electrons:[55]

ΨHP(x1,x2) = χ1(x1)χ2(x2) ̸= ΨHP(x2,x1) = χ1(x2)χ2(x1) (2.8)

However the properties of a matrix’ determinant can be exploited to take any Hartree

product and antisymmetrize it. The resulting function is called a Slater determinant and

has the following form for an N electron system,[55]

Ψ(x1,x2, ...,xN) =

√
1

N !

∣∣∣∣∣∣∣∣∣∣
χi(x1) χj(x1) · · · χk(x1)

χi(x2) χj(x2) · · · χk(x2)
...

...
. . .

...

χi(xN) χj(xN) · · · χk(xN)

∣∣∣∣∣∣∣∣∣∣
. (2.9)

A matrix determinant is antisymmetric in regard to the interchange of two rows. Through

the way that the matrix is constructed for the Slater determinant, after the exchange of

two electrons, the original matrix can be reconstructed by simply interchanging two rows

of the matrix. Therefore, the entire determinant is antisymmetric in regard to electron

exchange, regardless of the choice of spin orbitals. The term
√
1/N ! then ensures that the

resulting wave function remains normalized as long as all spin orbitals are orthonormal.[55]

2.1.2.4 Applying the Mean-Field Approximation

With the definition of spin orbitals and how to combine them into a antisymmetrized

wave function being established, it is now possible to combine these concepts with the

variational principle to obtain practical approximations to Ψ. When constructing a wave

function from a single Slater determinant, the mean-field approximation is implicitly ap-

plied. By applying the variational principle to the spin orbitals forming a single Slater

determinant, it is possible to find the Slater determinant with the lowest energy expec-

tation value. This, in turn, is the exact solution for an electronic system within the

mean-field approximation. The variational freedom lies in the choice of the spin orbitals,

which must be adjusted in such a way that the resulting energy expectation value is as

low as possible.[55]

2.1.2.5 The Hartree-Fock Equation

In practice, the spin orbitals are solved for through the Hartree-Fock equation, which is

an equation corresponding to the Schrödinger equation but only applied to a single spin
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orbital,[55]

f(i)χ(xi) = ϵχ(xi). (2.10)

Instead of the total energy E and the Hamiltonian Ĥ in the Schrödinger equation, the

orbital energy ϵ and the Fock operator f(i) is used respectively. The Fock operator is an

effective one-electron operator that takes the following form,[55]

f(i) = −1

2
∇2

i −
M∑

A=1

ZA

riA
+ vHF(i). (2.11)

The Fock operator is similar to the Hamiltonian within the Born-Oppenheimer approxima-

tion, being the sum of the kinetic energy of the electrons, the electron-nucleus attraction

and the electron-electron repulsion. The main difference is that the electron-electron re-

pulsion is approximated as the mean-field potential vHF, acting on electron i by all other

electrons.[55]

While the Fock equation is directly dependent on only one of the electrons, specifically the

ith electron, the dependence on the average potential of all other electrons still requires

information on their state. The equations are therefore solved iteratively through the

self-consistent field method. Herein, an initial guess of the electron density is used in the

first computation of the spin orbitals. In the next iterations, the electron density from

the results of the previous computation is used to compute the new spin orbitals and

again receive a new electron density. After some number of iterations, the procedure has

converged when the electron density changes less than a set threshold from one iteration

to the next. Then the spin orbitals from the final calculation can be combined into a

single Slater determinant, which in turn is an approximation of the exact Schrödinger

equation.[55]

2.1.2.6 Basis Sets

Computing the Hartree-Fock wave function approximation by hand is only possible for the

simplest of systems and for any practical application, the calculation must be performed

on a computer system. In this, the challenge arises that solving the Hartree-Fock equations

requires solving a differential equation, which is not a straightforward task to encode in a

computer program, at least in an efficient manner. Computers are however proficient in

linear algebra and many efficient algorithms already exist for it. Therefore, the quantum

chemical problem is converted into one of linear algebra by the use of a basis set.[54]
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When performing a quantum chemical calculation using a basis set, each spatial orbital ψi

is represented as a linear combination of M basis functions ϕa and M coefficients cai,[54]

ψi =
M∑
a

caiϕa. (2.12)

In essence, any set of basis functions could be used. If the functions form a complete basis,

any ψi could be reproduced as linear combination and no loss in accuracy would occur.

However, a complete basis would have to include an infinite number of functions for most

systems, which is not feasible for practical computations. Therefore, a certain degree of

basis-set superposition error is accepted in exchange for having a finite number of basis

functions. Herein, it is of great importance that the limited number of basis functions

can closely reproduce the true form of ψi to limit the introduced error.[56]

To form a set of basis functions that is well suited at reproducing the true form of ψi,

they should model its physical behavior. One such class are the Slater type functions ϕSF

that are centered on the nuclei of the studied molecular system inherently capture a large

degree of the underlying physical behavior,[55]

ϕSF = e−ξ|r−RA|. (2.13)

The function has its maximum at the center of a given nucleus RA and decays towards

zero when the distance to the nucleus goes towards infinity. Also, the slope of the function

aligns well with the underlying physical behavior and can be adjusted through changing ξ

to tune the function to a specific system and to form multiple functions for each nucleus.

Although well suited physically, Slater-type functions are limited computationally as per-

forming algorithmic computations with them is resource-intensive due to a lack of efficient

algorithms for their mathematical treatment. Therefore, often Gaussian-type functions

ϕGF are used as computationally efficient algorithms for solving integrals involving them

exist,[55]

ϕGF = e−α|r−RA|2 . (2.14)

As Gaussian-type functions reproduce the underlying physics to a lesser degree than

Slater-type functions, a greater number of the former is required to achieve the accuracy

of the latter. One popular compromise is to combine multiple Gaussian-type functions

into a single contracted Gaussian function that more closely mimics the behaviors of

Slater-type functions while still exhibiting greater computational efficiency.[55]

Many pre-established basis sets are available that have been tuned to the commonly used

chemical elements and are available with a differing number of functions per nucleus. The
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choice of basis set is then dependent on the accuracy requirements and the specifics of

the studied system.[58]

2.1.2.7 Post Hartree-Fock Methods

The Hartree-Fock method is already a great leap in the field of computational chemistry.

However, the neglect of instantaneous electron-electron correlation produces errors that

are not insignificant for the quantitative description of many chemical systems, even if an

infinite basis set was to be used.[55]

For the many cases in which additional accuracy is required, more advanced methods have

been developed. Many of these methods build upon the single Slater determinant wave

function obtained from a Hartree-Fock calculation, such as Møller-Plesset perturbation

theory and the Configuration Interaction method. In Møller-Plesset perturbation theory,

the initial Hartree-Fock solution is augmented by adding contributions from the electron

correlation as a perturbation to the system. In the Configuration Interaction method,

the Slater determinant from a Hartree-Fock calculation is augmented with additional

Slater determinants into a total wave function as a linear combination of Slater determi-

nants. The additional Slater determinants are formed from virtual orbitals not occupied

by electrons, produced within the Hartree-Fock method. The coefficients of the linear

combination of Slater determinants are then computed with the variational principle.[56]

These so called post Hartree-Fock methods can greatly increase the accuracy and can even

reach the exact non-relativistic ground state within the used basis set. This increased ac-

curacy does come at the cost of computational demand, which can make the computation

of even medium sized systems impossible depending on the method used.[54]

2.1.3 Density Functional Theory

An alternative approach to derive approximations of the exact wave function is found in

density functional theory (DFT). The idea at the heart of density functional theory is

closely related to that of the Hartree-Fock approach, namely, a reduction in dimension-

ality. The exact wave function of a system with N electrons is dependent on 3N spatial

coordinates. The total electron density on the other hand is only dependent on the three

spatial dimensions, independent of the electron count. Describing a quantum chemical

system through its electron density is the main concern of density functional theory in

the aim of achieving a high accuracy at a low computational cost.[56, 57]
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2.1.3.1 The Electron Density

The wave function Ψ(r, r2, . . . , rN) of an N -electron system fully describes that system,

naturally including the distribution of all N electrons. Specifically, the square absolute

value of the wave function |Ψ(r, r2, . . . , rN)|2 gives the probability of simultaneously find-

ing electron 1 at location r1, electron 2 at location r2 and so on. However, this does not

achieve any reduction in dimensionality and, therefore, density functional theory is based

on a more condensed version of this probability distribution, the total electron density.[57]

The total electron density ρ(r) is the probability of finding any electron at location r.

It can be obtained with ease from the normalized wave function Ψ(r, r2, . . . , rN) of any

N -electron system through the following relation,[57]

ρ(r) = N

∫
|Ψ(r, r2, . . . , rN)|2dr2 . . . drN . (2.15)

The electron density can be used to compute the number of electrons in a specific area of

space by integrating over it. Naturally, when integrating over the whole space the number

of electrons N in the system is obtained,[57]∫
ρ(r)dr = N. (2.16)

2.1.3.2 Hohenberg-Kohn Theorem

As shown in Equation 2.15, the electron density can be obtained straightforwardly from

a given wave function. Nevertheless, this does not imply that the inverse operation is

possible, deriving the wave function from the electron density. If this inverse operation

is possible, it would be implied that the electron density is able to fully describe the

underlying system, giving a solid groundwork to density functional theory.

In 1964, Hohenberg and Kohn published a formal proof that all ground-state electronic

properties can be uniquely determined by the electron density.[59] Apart from the formal

proof, an intuitive explanation can be formulated by showing that the electron density

contains all information needed to form the Hamiltonian of a given system, from which in

turn the wave function could be derived. The information needed to form the Hamiltonian

for a chemical system within the Born-Oppenheimer approximation is the number of

electrons, the position of the nuclei and their nuclear charge. All of these are contained

in the electron density in the following way:[57]

• The number of electrons can be obtained by integrating the electron density over

all space as shown in Equation 2.16.
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• The position of the nuclei can be identified as the electron density exhibits a cusp

at these locations.

• The nuclear charge of each nucleus can be derived by the height of these cusps.

This proof is significant, as it legitimizes the use of the electron density to understand

chemical systems as all ground-state properties can be obtained from it. Nevertheless, to

gain the benefits of solely utilizing the electron density to describe a system, one needs

a method to obtain it without first acquiring the wave function of that system. For this,

Hohenberg and Kohn have also made advancements in the form of the Hohenberg-Kohn

variational theorem. The theorem states that a given trial electron density function ρ′(r)

gives an energy that is greater than or equal to the true ground state energy E0,[56]

E[ρ′(r)] ≥ E0. (2.17)

Analogous to deriving approximations to the wave function, the electron density can

be developed by starting from a guess and then improving upon it by minimizing the

energy. One additional challenge herein is the calculation of the energy. While for a trial

wave function computing the energy is trivial, the same cannot be said for a trial electron

density. One needs to find the energy functional of the electron density E[ρ] that has been

proven by Hohenberg and Kohn to exist, however its explicit form is still elusive.[56, 57]

2.1.3.3 Orbital Free DFT

Developing an energy functional for the electron density E[ρ] is a main concern of density

functional theory. Analogously to the electron Hamiltonian described in Equation 2.4,

the energy functional should include contributions of the electrons kinetic energy Te[ρ],

the electron-nucleus attraction Vne[ρ] and the electron-electron repulsion Vne[ρ],[54]

E[ρ] = Te[ρ] + Vne[ρ] + Vne[ρ]. (2.18)

Deriving the functional of the electron-nucleus attraction is straightforward by calculating

the integral of the classical Coulomb attraction between each of the M nuclei and the

electron density over the entire system space,[54]

Vne[ρ] = −
M∑
A

∫
ZA(RA)ρ(r)

|RA − r|
dr. (2.19)

The functional of the electron-electron repulsion is more complex to derive. As a first

approximation, a double integral can be calculated over the total system that computes
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the Coulomb interaction of the electron density with itself,[54]

Vee[ρ] ≈
1

2

∫ ∫
ρ(r)ρ(r′)

|r− r′|
drdr′. (2.20)

However, this classical description of the electron-electron repulsion is not sufficient. The

total electron density does not give insights from how many electrons and at which propor-

tions the density at any given point originates. Therefore, the functional in Equation 2.20

accounts for electron-electron repulsion of an electron with itself, adding nonphysical con-

tributions to the energy. Forming a functional of the kinetic energy is also challenging due

to the missing information about individual electrons in the electron density. Moreover,

other quantum mechanical effects such as electron exchange are not covered.[54]

An early attempt to form an energy functional despite the stated challenges is that of the

Thomas-Fermi-Dirac (TFD) model.[60] Within the TFD model a uniform electron gas is

assumed, giving the following approximate functionals of the kinetic energy Te[ρ] and the

electron-electron repulsion Vee[ρ],[54]

Te[ρ] ≈
3

10
(3π2)

2
3

∫
ρ

5
3 (r)dr, (2.21)

Vee[ρ] ≈
1

2

∫ ∫
ρ(r)ρ(r′)

|r− r′|
drdr′ − 3

4

(
3

π

) 1
3
∫
ρ

4
3 (r)dr. (2.22)

While the assumption of the electron density being comprised of a uniform electron gas

can be suitable for the valence electrons of some metallic systems, it is problematic for

molecular systems or metallic systems with localized electrons. This is most notably il-

lustrated by the TFD model not being able to predict bonding between atoms. Attempts

have been made at improving the energy functionals with some success. For example by

including corrections accounting for the gradient in the electron density, it is possible to

improve the model sufficiently for it to predict atomic bonding. However, all these ap-

proaches developed thus far lack accuracy for practical applications, especially compared

to wave function based methods.[54]

2.1.3.4 Kohn-Sham Theory

As the construction of a sufficiently accurate energy functional of the pure electron density

has proved elusive so far, an alternative proposed by Kohn and Sham has emerged.[61]

The core idea of this approach is to initially assume the electrons to be independent and

introduce orbitals to preserve the fine grained information on the behavior of individual

electrons. Within Kohn-Sham theory, the especially problematic kinetic energy functional
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can now be constructed with a much higher accuracy through the additional information

contained in the orbitals ψi,[54]

TKS =
1

2

∑
i

∫
ψ∗
i (r)∇2

iψi(r). (2.23)

The term for the kinetic energy would be exact if the electrons were non-interacting,

as assumed in this approach. For typical chemical systems, a small error is introduced,

that is however much smaller than that of orbital-free approaches, such as the expression

presented in Equation 2.21. To obtain the Coulomb contributions to the total energy,

the electron density can be approximately obtained as the sum of the individual electron

density of each orbital,[54]

ρ(r) ≈
∑
i

|ψi(r)|2. (2.24)

The electron density can now be used in the functional of the electron-nucleus attrac-

tion and electron-electron repulsion described in equations 2.19 and 2.20, respectively.

The small errors inherent in this description are combined into a fourth term, called the

exchange-correlation functional EXC[ρ], to give an exact energy functional of the electron

density E[ρ],[54]

E[ρ] = TKS + Vne + Vee + EXC. (2.25)

While an exact energy functional is now derived in theory, this is only under the condition

that the exchange-correlation functional is known. For most non-trivial systems this is not

the case. However, the contribution of EXC is small compared to the other contributions,

roughly one order of magnitude smaller. Therefore, the errors in approximations to the

true form of EXC have a much lower impact than the error in the kinetic energy of orbital-

free DFT. Finding accurate and efficient implementations of the exchange-correlation

functional is the core aim of modern density functional theory.[54]

2.1.3.5 Exchange-Correlation Functionals

As the accuracy of Kohn-Sham DFT is directly tied to that of the employed exchange-

correlation functional EXC[ρ(r)], substantial effort is invested in their development and a

variety of different approaches have been developed so far. Perhaps the simplest approach

is that of the local-density approximation (LDA). Within the LDA, the local electron

density is treated as a uniform electron gas, resulting in a significant simplification. The

exchange-correlation functional is then defined as the integral over the entire system of

the electron density multiplied by the exchange-correlation energy that a single electron
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would have in a uniform electron gas of the given density ϵXC[ρ(r)],[56, 62]

EXC[ρ(r)] =

∫
ρ(r)ϵXC[ρ(r)]dr. (2.26)

The local-density approximation allows for computationally efficient simulations and can

often reach satisfactory accuracy, especially for the prediction of structural properties.

However, the achievable accuracy decreases the further the actual electron density deviates

from the assumed uniform electron gas, such as in the atomic bonds of molecules.[62]

To improve the description of systems with significant inhomogeneity in the electron

density, a non-local correction can be included. The correction is often included through

the gradient of the electron density at any given point, giving rise to the class of functionals

within the generalized gradient approximation (GGA). These functional can often describe

molecular systems much better, especially the bond lengths and binding energies.[62, 56]

A further class of popular functionals explicitly include the results of a Hartree-Fock

calulation to obtain the exchange correlation energy. These functionals are called hybrid

functionals and typically include a fraction of the Hartree-Fock exchange energy. Through

adding the ”exact” Hartree-Fock exchange energy, highly accurate calculations can be

performed in many cases.[56, 58] One popular choice of hybrid functional is the B3LYP

functional used in this work.[63, 64]

2.2 Machine Learning

Computational resources are being employed with great success in real world applica-

tion across nearly all scientific domains. A major challenge herein is the development

of efficient and accurate algorithms that correctly treat the research questions. Taking

computational quantum chemistry as an example, great strides have been made on im-

proving the algorithms but at the cost of many decades of intense research. Naturally, the

aspiration arises for computers to autonomously develop the algorithms to solve a given

problem, in a sense on-the-fly learning how to solve it. This aim is commonly denoted as

the field of machine learning. Many excellent resources [65, 66, 67, 68, 69] are available for

a detailed study of the involved concepts, therefore only the basic concepts are provided

in the following.

2.2.1 Training Regimes

When developing a system that can autonomously ”learn” how to solve a given problem, a

core question is how to implement the problem into this system. The system must be given
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enough information to understand what the desired output corresponding to the input

data is and how the two relate to each other. To fulfill this task, different strategies are

being pursued. These can be categorized into supervised learning, unsupervised learning

and reinforcement learning.[65]

2.2.1.1 Supervised Learning

In supervised learning, the problem statement and relevant information is given to the

machine learning system in the form of examples. A dataset is prepared with a set of

inputs that are each given a label. The label is the set of attributes that one wants the

machine learning model to predict, when given the corresponding data point.[65]

For instance, the data points could be molecules and the label is the corresponding tox-

icity level of that molecule. A well-designed machine learning algorithm then processes

the example molecules from the dataset during training to ”understand” what makes a

molecule toxic and what does not. When a model is sufficiently trained, it is then subse-

quently possible to get a prediction from the machine learning model on yet unseen data,

e.g., whether a novel molecule is toxic or not as illustrated in Figure 2.1. Feeding a model

with labeled data to improve it is referred to as training, while using a trained model to

perform predictions is referred to as inference.[66, 65]

Figure 2.1: Simplified illustration of a supervised learning regime. A dataset of labeled data
is given in the form of chemicals and information on their toxicity (left). The machine learning
model learns the relationship between the chemical makeup and toxicity using the examples.
When sufficiently trained, the machine learning model can be used for inference to predict the
toxicity of previously unseen chemicals (right).

This training regime can be used for a wide range of problems. The label can be categorical

or numerical. Labeling a chemical as toxic or non-toxic is an example of a categorical
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label, while the boiling point in °C of that chemical would be an example of a numerical

label.[70]

2.2.1.2 Unsupervised Learning

In some applications, a sufficiently large labeled dataset is not practically obtainable. For

instance, if a model is sought after that should predict if a molecule is a suitable catalyst

for a novel reaction. While data points in the form of molecular structures are easily

obtained, labeling them with their catalytic performance is expensive due to each label

requiring extensive experimental testing. In other cases it is not even known what the

label should be for a given data point. For example, a particle accelerator produces a

tremendous amount of raw data, within which data of novel events could be contained.

If a machine model is to be used to predict novel events through supervised learning, it

would be required to obtain a dataset that is labeled on whether a data point is novel or

not. However, if there was a dataset that contains the novel event, it would not be novel

anymore and an alternative to supervised learning is needed.[66, 65]

For these cases involving unlabeled datasets, unsupervised learning is an ideal methodol-

ogy. In an unsupervised learning approach, the algorithm attempts to find patterns and

structures in the provided data. Still, a goal needs to be defined for the algorithm to work

towards, such as predicting the label in a supervised learning approach. Prominent forms

of unsupervised learning can have the following goals:[66]

• Dimensionality Reduction: Reduce the number of features of each data point while

preserving as much information as possible, e.g., by combining multiple features into

a new, more complex feature.

• Clustering: Divide the data into a certain number of clusters in such a way that the

members of each cluster are as similar as possible, a schematic of which is provided

in Figure 2.2.

• Anomaly Detection: Understand patterns in the data to identify data points which

differ significantly from the majority.

Unsupervised learning methods can be used in conjunction with supervised learning, such

as in the case of semi-supervised learning. When a large unlabeled dataset is given, it

may be too costly to label enough data points to perform a robust supervised learning

approach. To circumvent this problem, the unlabeled dataset can first be structured into

clusters through an unsupervised learning approach. Then, under the assumption that all

data points in a cluster share the same label, only a single instance from each cluster can

be labeled and that label applied to all other data points in the current cluster. Hereby,
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Figure 2.2: Simplified illustration of the goal for an unsupervised learning system performing
clustering. An unlabeled dataset is given on the left and the model has the goal of finding a
method that divides that data into clusters so that the data points in each cluster are as similar
as possible.

a large dataset can be equipped with labels while only having to perform the expensive

labeling process for a small fraction of the contained data.[65]

2.2.1.3 Reinforcement Learning

Supervised and unsupervised learning are often applied to large static datasets that are

provided to the models. However, it is not always practical or possible to collect a

sufficiently large dataset and it might not yet be known what form the data should have

to solve a certain problem. In these cases, algorithms based on reinforcement learning are

ideal.[66, 71]

To train a model using reinforcement learning, an agent is created that can interact with its

environment. This agent may interact with the physical environment, e.g., by controlling

a robot arm, or it can act fully in a digital environment. After the agent performs an

action in its environment, the outcome is given a score, as illustrated in Figure 2.3. For

instance, if an agent is controlling a robotic arm in a robotic laboratory, it may be scored

based on how much of a target molecule is synthesized. In response to the score given, the

underlying model controlling the agent is updated, e.g., reinforcing the current behavior

upon receiving a high score or making changes upon receiving a low score.[71]

Within this training regime, no initial data is needed. As long as a way of scoring the

outcome of a given set of actions is provided, it is possible to train an agent to maximize

this score. Designing the environment may however be challenging especially for actions

to be taken in physical space. To reach sufficient training times, it may be required to

run the training in a simulation of the physical world, in which case great care must be

taken that all relevant aspects of the environment are adequately simulated.[72]
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Figure 2.3: Simplified methodology of a reinforcement training. An agent represented as a
robot interacts with the environment. Depending on the desirability of the outcome, a low or
high score is given and the policy by which the agent acts is updated accordingly.

2.2.2 Model Architectures

The training methods, such as supervised or reinforcement learning, specify a goal for a

machine learning model to achieve. This goal must then be used to train an underlying

model to perform the desired task. For the architecture of this underlying model, a vast

range of possibilities are available. The architectures range from a simple linear regression

to complex deep neural networks with billions of parameters. In the following, some of

the most important model architectures are described.[65]

2.2.2.1 Linear Regression

One of the simplest machine learning models is that of a linear regression model. As the

name already suggests, a linear regression model constructs a linear relationship between

the input data and predicted output data. The construction of a linear regression model

requires a set of N real-valued labeled examples {(xi, yi)}Ni=1 with the D-dimensional

feature vectors xi and their associated target values yi. The model then calculates a

linear combination of the features in example x,[65]

fw,b(x) = wx+ b. (2.27)

The model is parameterized by both the real number b and the D-dimension vector of

real numbers w. For a given choice of parameters, the model can be used to predict the

target value y for a given x through y ← fw,b(x). Naturally, the optimal choice of b and w
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should be made in such a way as to maximize the accuracy of the prediction. The quality

of the predictions must be quantified in order to maximize it. Typically, the performance

of a linear regression is expressed as a loss function that sums the squares of the errors in

the predictions, the mean squared error (MSE), given by,[66, 65]

MSE =
1

N

∑
i

(fw,b(xi)− yi)2. (2.28)

For minimizing the MSE of a linear regression model, a closed form solution is known for

obtaining the optimal values for the parameters in the form of the Normal Equation. For

performance measures other than the MSE, a generic optimization algorithm is often used

to obtain the optimal values for b andw, with Gradient Descent being a popular choice. In

Gradient Descent, the parameters are initialized with random values and the local gradient

of the performance measure function is determined with regard to the parameters. The

parameters are then adjusted in the direction of the descending gradient in an iterative

manner until a satisfactory performance is reached or the gradient diminishes.[66]

2.2.2.2 Decision Trees and Random Forests

While linear regression models can be powerful and computationally efficient tools, they

reach their limit when the underlying structure of the data becomes too complex. Machine

learning models that are based on a decision tree architecture can contain an arbitrary

number of parameters to be adjusted and can therefore reproduce very complex relation-

ships within the data.[66, 65]

In principle, a decision tree is a multi-layer workflow, through which input data are sent

and sorted by a true or false question at each layer. After travelling through all layers of

the decision tree, an output is given to each data point, depending on the location of the

decision tree in which it ends. In Figure 2.4, a simple example is given of a decision tree

that predicts the yield of a chemical reaction based on reaction temperature and time.

First, the input data is sorted by whether the reaction temperature is above or below

100 °C. For a temperature above 100 °C, the yield is immediately predicted to be 0 %.

In the case of a temperature below or equal to 100 °C, the data is further sorted by the

reaction time, predicting a yield of 85 % or 75 % for a reaction time above and below 24

hours, respectively.[65]

The number of layers and sorting steps of a decision tree can be infinite in principle,

allowing the model to learn complex relationships between input and output data. Meth-

ods such as the classification and regression tree (CART) algorithm[73] are available to

”grow” a decision tree when given a labeled dataset. The algorithm determines which fea-
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Figure 2.4: Example of a simple decision tree that predicts the yield of a given reaction
based on reaction time and temperature. The data points are first sorted depending on if their
temperature is above or below 100 °C. In the case of a temperature above 100 °C a yield of 0
% is predicted. In the case of a temperature below 10 °C, the data is further sorted by the
reaction time, resulting in predicted yields of 75 % or 85 %.

ture of the input data best splits the total data according to their label at the first layer,

repeating the process for the remaining subset of the data set at each deeper layer. Addi-

tional performance can be gained by combining multiple decision trees into a single model

and combining their individual predictions into a single prediction. This combination of

decision trees into a single model is known as a random forest model.[66]

2.2.2.3 Artificial Neural Networks

Artificial neural networks are a popular class of machine learning models due to their

versatility and ability to perform highly complex tasks. As the name suggests, artificial

neural networks are inspired by the neural networks found in nature, i.e. in the human

brain. An artificial neural network is a model fNN(x) that processes a D-dimensional

feature vector x to give an output y,[65]

y = fNN(x). (2.29)

The input data x are inserted at the input layer and is processed by sending them through

highly connected network of neurons before eventually reaching the output layer where

the output data y are extracted. This process of passing data from one layer to the next
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Figure 2.5: Schematic of an artificial neural network with two hidden layers. The input data
is passed through the network from left to right along the path of the arrows.

can be described as a nested function,[65]

y = fNN(x) = f3(f 2(f 1(x))). (2.30)

The inner functions of the nested function, f 1 and f 2 in the case of Equation 2.30, return

a vector as follows,[65]

f l(z) = gl(Wlz + bl). (2.31)

The index l denotes which layer is currently processed. The D-dimensional vector z is

equal to x in the innermost function and the output of the previous function otherwise.

For each layer, the function is parameterized by the weight matrix Wl and the bias vector

bl. The parameters Wl and bl are learned in order to perform the desired prediction. To

ensure that also non-linear relationships can be learned, a non-linear activation function

gl is included.[65]

A schematic of a simple artificial neural network is shown in Figure 2.5. The exact

shape of a neural network can be constructed flexibly. A Perceptron [74] is among the

simplest of cases, being made up of only an input layer that is directly connected to an

output layer. Introducing one or more hidden layer in between input and output layers

greatly increases the complexity of data processing that is possible within the network.

The connectivity between the neurons is also flexible. In the simplest case of a feed-

forward network the neurons of one layer are only connected to those of the following

layer. Additional complexity can be added by connecting neurons to previous layers or

even within one layer in the case of recurrent neural networks. After constructing an

artificial neural network, a vast range of data-processing tasks can be performed by the

network depending on the choice of Wl and bl. These parameters are usually determined
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by training the network to reproduce the behavior within a training dataset. In a process

called back propagation, the gradient of the performance measure function is computed

for each parameter of the model and then the parameters are iteratively adjusted in order

to minimize the error of the model’s prediction.[66]

37



38



Chapter 3

Identification of a Computational

Stability Descriptor

In order to accelerate the discovery of alkaline stable compounds through computational

means, the relevant degradation reactions must be thoroughly understood. The impact of

the specific molecular structure on the degradation rate must be uncovered and efficient

computational descriptors of the alkaline stability identified.

First computational insights on the degradation mechanistics of imidazolium-based com-

pounds have already been reported in literature. Through calculation of the energy barri-

ers of the degradation reaction of selected compounds, it was found that the ring opening

reaction is especially relevant due to its comparatively low energy barrier.[42, 75] It has

also been reported that the computed LUMO energy can be correlated to alkaline stabil-

ity, with a higher LUMO energy being associated with greater stability.[47, 75] In another

study, the spatial distribution of the LUMO was additionally taken into account, suggest-

ing a higher degradation rate when concentrated at the C-2 site.[76] Still, a comprehensive

study of both the energetic and electronic effects on alkaline stability and a comparison

to a varied sample of experimentally tested imidazolium-based compounds is necessary.

A challenge for comparing computational findings to the experimental stability for a wide

range of compounds is the testing regime. Experimental stability data reported in liter-

ature were generally not generated following a standardized testing protocol. Differences

exist in chemical conditions under which degradation tests have been performed, with

variations in temperature, concentration, solvent, and hydration level.[41] Additionally,

the manner in which the degree of degradation is monitored during the testing procedure is

not consistent. The different methods include monitoring the remaining cationic material

through 1H NMR spectroscopy, ion exchange capacity, conductivity and gravimetry.[41]
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One set of structurally diverse imidazolium-based compounds that had been tested in an

identical testing regime were reported by Fan et al.[32] These 11 compounds had been all

tested for their alkaline stability in a 0.5 M ultra-dry solution of KOH in DMSO/crown

ether. Their chemical structures are diverse and are based on simple imidazolium, ben-

zimidazolium and bis-arylimidazolium. They are depicted in Figure 3.1 along with the

half life in the KOH degradation test reported by Fan et al.

Figure 3.1: Chemical structure of imidazolium-based compounds and their half life in a 0.5 M
ultra-dry solution of KOH in DMSO/crown ether at room temperature as reported by Fan et
al.[32, 77]

In the work described in this chapter, the imidazolium-based molecules depicted in Figure

3.1 were used for an in-depth computational investigation of the factors contributing to

their alkaline stability. Computational results were compared to experimental reports

and a computationally efficient descriptor of alkaline stability was thereby identified. The

work described in this chapter has been published in Macromolecules [77], from which the

Figures in this chapter have been reproduced.

3.1 Computational Details

Version 5.0.3 of the ORCA quantum chemistry package[78] was used for all ab initio cal-

culations in conjunction with the 6-311G(d,p) basis set.[79, 80] For the DFT calculations,

the B3LYP functional[63, 64] was employed with an implicit water solvation environment

in the form of the conductor-like polarizable continuum model.[81]

The 3D coordinates of the non-degraded imidazolium molecules studied in this chapter

were generated with version 2022.9.4 of RDKIT[82] from their corresponding SMILES
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representation. To ensure that a meaningful starting conformer was used, a conformer

scan was performed with the ”–quick” parameter preset of version 2.12 of CREST[83, 84]

in an implicit water solvation environment based on the analytical linearized Poisson-

Boltzmann (ALPB) model.

The following methodology was used to compute the energetics of the degradation reac-

tions for each molecule:

1. A DFT level geometry optimization was performed on the lowest energy conforma-

tion found for each non-degraded compound.

2. A single hydroxide anion was manually added about 5 Å above the imdiazolium

plane and an additional DFT level geometry optimization was performed. The

resulting structures served as the reference system for each compound.

3. Starting from the reference structures, the degradation products and intermediates

were manually created and a geometry optimization was performed for each.

4. The optimized structures were used in nudged elastic band calculations[85] at the

DFT level to generate the transition state of the corresponding degradation reac-

tions.

5. The Gibbs free energy of each structure generated in the previous steps was com-

puted through a frequency analysis. It was ensured that all reaction educts, inter-

mediates and products show no imaginary frequencies while the transition states

show exactly one imaginary frequency and this frequency aligns with the reaction

coordinate of the studied degradation pathway.

6. The Gibbs free energy is refined for each optimized structure by performing a

DLPNO-CCSD(T) single-point calculation[86] on each, to replace only the elec-

tronic energy component of the free energy.

3.2 Reaction Energetics

The reaction energetics of the two most relevant and competing degradation pathways,

depicted in Figure 1.6, were computed for the 11 compounds. The dealkylation of one

of the nitrogen substituents through a SN2 reaction (Figure 1.6a) and the ring opening

reaction via a hydroxide attack on C-2 (Figure 1.6b). For the dealkylation, the Gibbs

energy of activation ∆G‡
DA and Gibbs energy change ∆GDA were computed. For the ring

opening reaction, the Gibbs energy of activation ∆G‡
HA and Gibbs energy change ∆GHA

was computed for the initial hydroxide attack along with the total Gibbs energy change
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of the full ring opening reaction ∆GRO. Computed energetics of degradation reactions

are reported together with experimental half lifes reported by Fan et al.[32] in Table 3.1.

Table 3.1: Degradation reaction energetics for the dealkylation and ring opening reaction of
the compounds depicted in Figure 3.1. The half life is that reported by Fan et al.[32] for a degra-
dation test in a 0.5 M ultra-dry solution of KOH in DMSO/crown ether at room temperature.
The highest and lowest value of each data column is highlighted in bold for added clarity.[77]

Mol
∆GDA

[kcal/mol]
∆G‡

DA

[kcal/mol]

∆GHA

[kcal/mol]
∆G‡

HA

[kcal/mol]

∆GRO

[kcal/mol]
Half Life

[h]

1 -33.38 25.01 -26.30 1.34 -31.93 0
2 -31.58 25.20 -14.96 9.72 -30.53 0
3 -32.39 25.65 -15.89 15.04 -29.12 0.8
4 -30.96 26.62 -11.62 5.56 -22.24 0
5 -29.12 27.51 -2.10 15.28 -19.46 18.5
6 -33.86 23.61 -1.98 12.74 -21.45 40.1
7 -29.16 29.08 0.47 16.09 -20.17 59.8
8 -30.53 24.12 0.65 15.80 -22.11 40.2
9 -32.09 28.56 2.36 18.00 -20.52 49.6
10 -28.47 30.42 7.02 20.44 -15.08 119.9
11 -29.15 29.77 6.26 19.02 -14.88 82.7

The dealkylation reaction exhibits Gibbs energies of activation ranging from 23.6 to

30.4 kcal/mol. The values for the hydroxide attack of C-2 range from 1.3 to 20.4 kcal/mol.

The hydroxide attack on C-2 requiring a lower Gibbs energy of activation compared to

the dealkylation indicates that it is the relevant degradation reaction for all studied com-

pounds. The dependence of the energies on the chemical structure is also much stronger

for the C-2 hydroxide attack than for the dealkylation. The strong impact of the chemical

structure on the relevant degradation reaction is a promising property, as it suggests a

high potential gain in alkaline stability if a suitable chemical structure is designed.

The reaction energetics of the dealkylation reaction do not show a significant correlation

to the experimental stability measurements, further strengthening the assumption that it

is not the relevant degradation pathway for these compounds. Contrarily, the energetics

of the C-2 hydroxide attack appear to be strongly linked to the experimental half life

measurements. Both ∆GHA and ∆G‡
HA are correlated to the experimental stability, which

can be explained by the two having a Bell-Evans-Polanyi[87, 88] type correlation to each

other. This correlation can be seen best when plotting ∆GHA and ∆G‡
HA in a scatter plot

in Figure 3.2.

As both ∆GHA and ∆G‡
HA are correlated to the alkaline stability of the tested imidazolium-

based compounds, both could be used as a computational stability descriptor. For the
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Figure 3.2: Scatter plot of the Gibbs energy of activation of the C-2 hydroxide attack ∆G‡
HA

versus the Gibbs free energy change of the C-2 hydroxide attack ∆GHA. The molecule number
is given for each data point as provided in Figure 3.1.[77]

exploration of the vast chemical space of imidazolium-based compounds, ∆GHA is more

suitable as its calculation requires significantly less computational resources and is easier

to automate. The calculation of ∆G‡
HA requires finding the transition state of the reaction,

which is computationally costly and often requires manual intervention and verification.

For the calculation of ∆GHA, only the optimized structure of the reaction product and

starting material is needed.

To quantitatively asses the performance of ∆GHA as a computational stability descriptor,

it is plotted in a scatter plot versus the experimental half life reported by Fan et al. in

Figure 3.3.

The scatter plot in Figure 3.3a of ∆GHA versus the reported experimental half life shows

a strong exponential correlation. When taking the natural logarithm of the experimental

half life, a linear regression can be performed. The linear regression is shown in Figure

3.3b, it has a coefficient of correlation R2 of 0.943. ∆GHA is hereby shown to be well

equipped to quantitatively compute the alkaline stability of a diverse set of imidazolium-

based compounds while imposing only a moderate computational cost compared to com-

putation of the Gibbs energy of activation.
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Figure 3.3: Scatter plot of the Gibbs free energy change of the C-2 hydroxide attack ∆GHA

versus the half life (a: unmodified, b: its natural logarithm) in a 0.5 M ultra-dry solution of KOH
in DMSO/crown ether at room temperature as reported by Fan et al.[32] The molecule number
is given for each data point as provided in Figure 3.1. For compounds 1, 2 and 4 the natural
logarithm could not be computed as it is undefined for the reported half life of 0 hours.[77]
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3.3 Electronic Properties

As shown in the previous section 3.2, degradation reaction energetics can have good

agreement with experimental stability measurements. For the Gibbs energy change, the

computational cost is also only moderate, as only the degradation product and starting

material need to be computed. However, significantly lower computational demand would

be required for the calculation of most electronic properties as they typically only require

a single point calculation of the imidazolium structure.

As the LUMO energy of imidazolium-based compound has been proposed numerous times

as being correlated to alkaline stability[45, 47, 48, 89], it is evaluated for the compounds

studied in this work. In Figure 3.4, the LUMO energy is plotted against the experimental

half life measurements reported by Fan et al.

Figure 3.4: Scatter plot of the LUMO energy versus the half life in a 0.5 M ultra-dry solution
of KOH in DMSO/crown ether at room temperature as reported by Fan et al.[32] The molecule
number is given for each data point as provided in Figure 3.1.[77]

As can be seen in Figure 3.4, the LUMO energy is not correlated to the experimental

stability of the compounds studied in this work. This is likely due to the large variation

in the chemical structure for the sample studied in this work compared to those reported

in literature.
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It has also been reported by Lee et al.[76], that the LUMO energy alone is not a sufficient

descriptor of alkaline stability and that an analysis of the LUMO distribution is necessary.

Especially the distribution of the LUMO around the reactive C-2 site is relevant.

Analyzing the LUMO distribution through an isosurface analysis, like reported by Lee et

al., is however unpractical for a computational stability descriptor. Assigning a quanti-

tative value to the LUMO isosurface, as needed for a descriptor, would typically require

manual analysis. For an automated analysis of the isosurface, advanced and potentially

error prone techniques, such as machine learning, would be required. A more straight-

forward methodology is utilized in this work in the form of Mulliken frontier molecular

orbital population analysis (FMOPA).

Figure 3.5: Scatter plot of the LUMO energy multiplied with the LUMO fraction on C-2 versus
the half life in a 0.5 M ultra-dry solution of KOH in DMSO/crown ether at room temperature
as reported by Fan et al.[32] The molecule number is given for each data point as provided in
Figure 3.1.[77]

If a FMOPA is applied to the LUMO, the LUMO distribution is given in a machine

readable format. The LUMO is distributed to all atoms of the given structure, assigning

each atom a fraction of the LUMO localized on it. From this, the LUMO fraction on

the C-2 atom can be automatically extracted for a given compound as it is the most

relevant atom to the C-2 hydroxide attack. When combining the LUMO fraction on C-2
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with the LUMO energy, the correlation with the experimental half life can be improved

over the LUMO energy alone and is moderately correlated with ∆GHA. To illustrate this,

the product of the LUMO fraction on C-2 and the LUMO energy is plotted versus the

experimental half life in Figure 3.5 to give a R2 of 0.733.

The correlation of the LUMO-based descriptor is only moderate, as it still neglects im-

portant aspects affecting the degradation reactions. Most importantly, the steric effects

included in the energetic descriptors are fully neglected. However, the LUMO-based de-

scriptor comes with a significantly lower computational cost and can be used as a first

assessment before utilizing the more costly energetic-based descriptor.

3.4 Structure-Stability Relationship

With both an electronic and energetic descriptor being established, an in-depth explo-

ration of the chemical space of imidazolium-based compounds can be undertaken. How-

ever, even with just the knowledge of the factors contributing to the alkaline stability, at

least qualitative insights into the structure-stability relationship can be made. The factors

contributing to a high ∆GHA are of interest as they are correlated with an increase in

alkaline stability for imidazolium-based compounds.

A major factor impacting ∆GHA is steric strain in the C-2 hydroxide attack product, with

increased steric strain leading to a higher ∆GHA and, therefore, higher alkaline stability.

This effect can be seen best when comparing compound 1 and 2 as they differ only in

their C-2 substituent. Compound 1 is substituted with a phenyl group while compound 2

is substituted by the significantly more sterically demanding mesityl group. The different

substituents lead to molecule 2 having a ∆GHA value that is about 11.3 kcal/mol higher.

The impact on the alkaline stability is obscured due to the stability being too low to

measure in the harsh conditions of an ultra-dry KOH solution, resulting in a half life of

zero hours reported by Fan et al. for both. However, Fan et al. also reported stability

measurements in a much milder 3M NaOD/D2O/CD3OD solution at 80 °C that shows

the superior alkaline stability of compound 2 over 1 with half lifes of 436 hours and < 0.1

hours, respectively.

The steric effects are due to direct interference of the mesityl’s methyl groups with the

attacking hydroxide and an indirect destabilization of the hydroxide attack product. The

plane of the mesityl group is rotated about 90° in reference to the plane of the imidazolium

ring. Thereby, the two ortho methyl groups of the mesityl are directly above and below

the C-2 atom, interfering with the attacking hydroxide group, as can be seen in Figure

3.6.
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Figure 3.6: Molecular structure of compounds 1 (left) and compound 2 (right) before hydroxide
attack as an unperturbed cation (top) and after C-2 hydroxide attack (bottom). The mesityl
group of compound 2 exerts a higher degree of steric interference with the hydroxide than the
phenyl group of compound 1.[77]

Figure 3.7: Molecular structure of the C-2 hydroxide attack product of compound 5. As the
hybridisation of the C-2 atom is changed from the planar sp2 to the tetrahedral sp3, the C-2
substituent is pushed towards the imidazolium ring and its substituents. The distance between
the two closest atoms of the C-2 and C-4 substituent of 2.70 Å is depicted as a red double
arrow.[77]

Apart from direct steric interference with the attacking hydroxide, a steric destabilization

of the hydroxide attack product also leads to an increase in ∆GHA. As an unperturbed

cation, the three bonds of the C-2 atom lie in one plane due to sp2 hybridisation. Upon

hydroxide attack, the C-2 atom transitions into a sp3 hybridisation and the four bonds

form an approximate tetrahedron. Through the sp3 hybridisation, the C-2 substituent

is tilted towards the imidazolium ring and its substituents, leading to steric interference.
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This can be clearly seen in the example of the C-2 hydroxide attack product of compound

5 depicted in Figure 3.7. This effect has significant implications on the impact of the C-4

and C-5 substituents on the alkaline stability. Even though they are located too far away

from the C-2 site to have a direct steric protective effect versus hydroxide attacks, they

still protect the imidazolium by sterically destabilizing the attack product.

The compounds 7 to 11 belonging to the group of bis-arylimidazolium show an exception-

ally high alkaline stability. To a large degree, the high stability can be attributed to the

comprehensive protection by the sterically demanding substituents, especially the central

methylated aromatic ring. Additionally, the structure leads to stabilizing electronic ef-

fects. The LUMO distribution is shifted away from the imidazolium rings in favor of the

central aromatic ring. In conjunction with the LUMO being diluted across two imida-

zolium rings, this leads to an average LUMO fraction on each C-2 atom of 7.52 % for

the compounds based on bis-arylimidazolium (compounds 7 to 11) versus an average of

20.5 % across the other compounds 1 to 6.

3.5 Summary and Conclusions

Through the manual computational study of a sample of (benz)imidazolium-based com-

pounds with a range of different chemical structures, a computationally obtainable stabil-

ity descriptor was identified in the Gibbs free energy change of the C-2 hydroxide attack

reaction ∆GHA. The product of the LUMO energy and the fraction of the LUMO local-

ized on the C-2 atom was identified as a less accurate but computationally significantly

cheaper stability descriptor. The identified descriptors can be applied to evaluate a novel

imidazolium-based compound before performing costly experimental testing. Addition-

ally, the descriptors give comparatively specific guidelines on how to improve the stability

of a given compound, e.g., by augmenting the chemical structure to destabilize the C-2 hy-

droxide attack product or moving the LUMO distribution away from the C-2 site. Lastly,

the identified descriptors allow the computational assessment of alkaline stability for a

molecular dataset of a vast range of imidazolium-based compounds to identify additional

structure-stability relationships and promising materials.

The computation of the energetic descriptor was performed manually, and is not yet

suitable for high throughput scanning of compounds. To this end, the computational

method needs to be streamlined and automated, which is the subject of the following

Chapter 4.
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Chapter 4

Molecular Dataset and Experimental

Validation

In the undertaking to unravel the intricate relationship between the chemical structure of

an imidazolium-based compound and its alkaline stability, access to a diverse dataset of

structures and their alkaline stability is of great value. While experimentally constructing

such a dataset is only viable for a small number of molecules, computational methods

allow for the stability assessment of a large number of compounds. Using the previously

identified descriptor of the Gibbs free energy change of the C-2 hydroxide attack ∆GHA,

it is possible to compute the stability for thousands of compounds with high accuracy.

This chapter describes the automated computation of ∆GHA. To ensure the accuracy of

the dataset, five compounds were selected to be tested experimentally for their alkaline

stability to evaluate the computed stability of ∆GHA.

4.1 Computational Methodology

The alkaline stability descriptor ∆GHA covered in the previous chapter was initially com-

puted by manually creating the chemical structure of both the starting materials and the

reaction products. The electronic energies were also computed through costly DLPNO-

CCSD(T) calculations. To compute ∆GHA for thousands of compounds, the process

should be automated and the computational cost for each compound should be reduced

as much as possible while still retaining a high degree of accuracy. To achieve both of these

aims, a number of alterations have been made to the computational methodology com-

pared to the one used in the previous Chapter 3. Costly DLPNO-CCSD(T) calculations

were eliminated in favor of the electronic energy given by the DFT calculations. Also,

the imidazolium cation is computed in a separate calculation from the hydroxide anion

51



for the educt state, thereby eliminating a lengthy geometry optimization when hydroxide

is placed close to the imidazolium and to simplify the automatization.

A significant challenge in automatizing the ∆GHA calculation is the consistency of the

conformers. If the educt and product states are simply generated independently, it often

occurs that the conformational states of the substituents are significantly different to each

other, in a way that would not occur during the reaction. The changes in conformation

then contribute a significant and partially random energetic contribution to ∆GHA, which

leads to a loss in accuracy.

Figure 4.1: Simplified overview of the computational methodology used to automatically gen-
erate the unperturbed imidazolium and its C-2 hydroxide attack product while ensuring the
conformational states of the substituents are not unphysically altered between educt and prod-
uct structure.

To ensure both the educt and product structure of the C-2 hydroxide attack are in a

comparable conformational state while keeping the process fully automated, the computa-

tional methodology illustrated in Figure 4.1 is used. Initially, the SMILES representation

of the product structure is obtained and a 3D structure is generated from it using a con-

former search. The hydroxide is then removed from the product structure to obtain the

educt structure after a geometry optimization, leaving the conformational states almost

fully intact.
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By then computing the Gibbs free energy of the product structure Gproduct, the educt

structure Geduct and a single hydroxide anion GOH, the descriptor ∆GHA can be computed

through

∆GHA = Gproduct − (Geduct +GOH). (4.1)

4.1.1 Computational Details

The SMILES representation of the product structure was automatically generated with

a custom Python code. From the SMILES representation, the initial 3D structure was

generated with the ETKDGv3 algorithm implemented in version 2023.09.4 of RDKIT

using the random seed ”1” and the ”useRandomCoords” option.[82] An initial force field

geometry optimization was performed in RDKIT with the MMFF94 force field.[90]. From

that structure, the conformer with the lowest energy was selected from a conformer search

using version 2.12 of CREST and the ”squick” preset.[83, 84] A geometry optimization

was then performed from the product conformer using the GFN2 method in an implicit

water solvation environment through the linearized Poisson-Boltzmann model contained

in version 6.6.1 of xTB.[91] Subsequently, a frequency analysis was performed at the GFN2

level and in case of imaginary frequencies, a new geometry that is slightly distorted along

the imaginary frequency was used as the starting point for the geometry optimization;

the process was repeated until the optimized structure exhibited no imaginary frequencies

anymore. From the optimized product structure, the attached hydroxide was removed and

the structure was optimized in the same manner as the product structure. Afterwards,

the educt structure, the product structure and a lone hydroxide anion were optimized

at the DFT level using version 5.0.4 of ORCA[78] with the B3LYP functional[63, 64],

the 6-311G(d,p) basis set[79, 80] and an implicit water solvation environment based on

the conductor-like polarizable continuum model.[81] Finally, the Gibbs energy of all three

optimized structures was obtained through a frequency analysis at the DFT level with

the same parameters as the geometry optimization.

4.1.2 Validation of the Computational Pipeline

To ensure that the changes made to streamline the automatic calculation of ∆GHA,

the descriptor was calculated using the changed computational pipeline for the same

eleven structures 1 to 11 studied in the previous chapter. The ∆GHA values were then

analogously compared to the half life times in a 0.5 M ultra-dry solution of KOH in

DMSO/crown ether reported by Fan et al.[32] to ensure the computed values are still

correlated to the experimental stability.
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Figure 4.2: Scatter plot of the ∆GHA values computed with the streamlined methodology
described in this chapter for compounds 1 to 11 depicted in Figure 3.1 versus their half life in
a 0.5 M ultra-dry solution of KOH in DMSO/crown ether at room temperature as reported by
Fan et al.[32] An exponential function of the form a · ebx was fitted to the data and is shown in
red.

As can be seen in Figure 4.2, the adapted computational methodology results in ∆GHA

values that correlate well with experimental stability data. A quantitative relationship

between computed and experimental values can be established through an exponential

fit to the data of the form a · ebx as shown in Figure 4.2. The exponential fit can be

used to interpolate the experimental half life in a 0.5 M ultra-dry solution of KOH in

DMSO/crown ether at room temperature through the following relation.

Computationally Predicted Half Life [h] = 322.79h · e0.30465·
∆GHA
kcal/mol (4.2)

In the current form, Equation 4.2 computationally predicts the half life in the specific

conditions used by Fan et al.[32] To find compounds with exceptional alkaline stability,

it is sufficient to know the relative stability of one compound to another. Therefore,

the unit of hours is dropped in the subsequent text and the values computed by 4.2 are

simply referred to as computed relative stability values, making them more universally

applicable.
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4.2 Molecular Dataset Creation

With the computational methodology established, a molecular dataset is needed to apply

it to. This dataset was created automatically from an unsubstituted imidazolium ring, to

which a set of substituents is systematically added. A set of 18 substituents was chosen

that should not impose excessive difficulty regarding their synthesis and covers a sizeable

portion of the chemical space. The substituents are a mixture of aromatic and aliphatic

hydrocarbons as to not introduce heteroatoms that could open up novel degradation

pathways, e.g., would be the case with a vulnerable ether group. The set of substituents

also covers different sizes and complexities, it is depicted in Figure 4.3.

Figure 4.3: Chemical structures of the set of substituents used in the automatic generation
of a molecular dataset of imidazolium-based compounds. The X in each structure indicates the
position at which the substituent connects to the imidazolium.

Generating all fivefold combinations of the 18 substituents would result in 185 ≈ 1.9

million penta-substituted imidazolium compounds, which would require a prohibitively

large amount of computational resources even with the streamlined descriptor calculation

methodology. While some compounds would be duplicates due to symmetry, removing

these would still only eliminate an insignificant number of compounds. In order to limit

the number of structures, two limitations are imposed. The two nitrogen substituents are

always identical and the C-4 and C-5 substituents are always identical.

By limiting the substituents combinations, only all threefold combinations of the 18 sub-

stituents must be generated. Thereby, the total number of structures is reduced to a

manageable 183 = 5832 variations, while still covering a large subset of the chemical
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Figure 4.4: Chemical structure of the base imidazolium group used as the starting point of the
molecular dataset creation. The substituents at the two nitrogen atoms are always identical, as
are the two substituents at the C-4 and C-5 site.

space. Additionally, those compounds remaining should, on average, be easier to synthe-

size than those eliminated, as the difficulty of having different N-1/N3 substituents and

C-4/C-5 substituents is eliminated. The three distinct substituents of each compound are

referred to as R1 for the C-2 substituent, R2 for the N-1/N-3 substituent and R3 for the

C-4/C-5 substituent, as also depicted in Figure 4.4.

4.2.1 Distribution of the Computed Stability

Applying the described computational methodology to the set of 5832 imidazolium-based

compounds results in a broad range of computed stability values. For initial visualization

of the data, the computed relative stability values are plotted versus the molecular weight

of the corresponding compound in Figure 4.5.

Figure 4.5: Scatter plot of the computed relative stabilities versus the molecular weight. Two
orange horizontal lines are shown at y values of 40.1 and 119.9, representing the highest stability
reported by Fan et al.[32] for a penta-substituted simple imidazolium and over all imidazolium-
based structures, respectively.
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A majority of the compounds possesses a computed stability that is significantly below the

state-of-the-art. Some compounds however show a promisingly high computed stability.

About 11 % of the investigated compounds posses a computed relative stability above

40.1. They are therefore computationally predicted to be more stable than the most

stable simple penta-substituted imidazolium (molecule 6, depicted in Figure 3.1) among

the eleven compounds studied in Chapter 3. Furthermore, about 5 % of the compounds

even possess a computed relative stability above 119.9, indicating a higher stability than

the most stable of the compounds in Figure 3.1, the bis-arylimidazolium-based molecule

10.

4.3 Experimental Validation

While the molecular dataset shows promise as it contains imidazolium-based compounds

for which an exceptional alkaline stability is computed, it must still be verified that

the computational predictions hold up for compounds not used to derive the descriptor.

Concisely, it must be verified that the computed stability can predict the stability of

novel compounds. To verify the accuracy of the computed stabilities, five compounds were

selected from the dataset to be synthesized and have their alkaline stability experimentally

measured.

Figure 4.6: Chemical structure of the molecules selected from the dataset for experimental
validation. The computed relative stability is shown below each molecule number.

The five compounds selected for experimental validation are depicted in Figure 4.6. The

compounds 5 and 6 were chosen as they were tested by Fan et al. already and give a point

of reference to examine the reproducibility of different degradation tests. Specifically,

molecule 6 is included, as it is the penta-substituted imidazolium with the highest stability

reported by Fan et al. Compounds 12 and 13 are included as they are a slight variation

of the previously studied compounds 5 and 6, while having a higher computed stability

and lower molecular weight than molecule 6. Including these four molecules, which differ
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only slightly in terms of the length of the N-1/N-3 substituent, also allows evaluating

how accurately the descriptor can compute the relative stability of similar compounds.

Lastly, molecule 14 is included as it possess a significantly higher computed stability than

the other molecules while also having a significantly lower molecular weight, making it a

promising candidate for implementation into an anion exchange membrane.

The five compounds were all synthesized in the Holdcroft lab of the Simon Fraser Univer-

sity and tested for their experimental alkaline stability. Two different alkaline stability

tests were performed to increase the confidence in the results. One degradation test was

performed in an alkaline solution with limited hydration and another was performed in a

dynamic vapor sorption chamber. Testing the molecules in two vastly different conditions

also gives insights towards the impact of these conditions on the relative stability between

the molecules. It can be tested if one compound possesses superior stability in most con-

ditions, or if each set of conditions corresponds to its own ideal chemical structure for

maximum stability. This is an important aspect, as it determines if one AEM material

is superior in terms of stability or if each application field has a different optimum that

needs to be found, including its own descriptor.

4.3.1 Synthesis of the Compounds

Molecules 5, 6, 12 and 13 are identical in terms of to their R1 and R3 substituents and only

the R2 substituent varies. Therefore, the four imidazoliums can all be synthesized from

the same imidazole precursor, i.e., molecule 15 depicted in Figure 4.7. The precursor was

already available in large quantities from previous experiments in the Holdcroft lab and did

not have to be synthesized again; a procedure for the synthesis of the precursor is available

in literature.[92] Starting from molecule 15, the R2 substituent had to be added to the

two nitrogen atoms of the imidazole. This was achieved in a two-step synthesis through

the iodide of the respective R2 group, i.e., methyl iodide for molecule 5, ethyl iodide for

molecule 12 and so on. The imidazole precursor was dissolved is DMSO and deprotonated

through addition of base. The monosubstituted imidazolium was synthesized by adding

a slight excess of alkyl iodide to the dissolved imidazole precursor. The monoalkylated

imidazole was then extracted and washed before dissolving it again and adding an excess

of alkyl iodide to substitute the second nitrogen atom to receive the desired imidazolium.

The imidazolium was then extracted, washed, and its structure and purity were confirmed

with 1H NMR. An overview of the synthesis for the four compounds is given in Figure 4.7.

Molecule 14 differs in its R3 substituent from the other four compounds and, therefore,

cannot be synthesized from the available precursor imidazole 15. The precursor imidazole

16 had to be synthesized from the corresponding mesitaldehyde and butane-2,3-dione

58



Figure 4.7: Overview schematic showing the synthesis pathways for target molecules 5, 6, 12,
13 and 14. All molecules are synthesized through alkylation with the corresponding alkyl iodid
from an imidazole precursor. The molecules 5, 6, 12 and 13 were synthesized from the imidazole
15, which was already available as is. The precursor 16 for the synthesis of imidazolium 14 had
to be synthesized first from mesitaldehyde and butane-2,3-dione.

along with NH4OAc in acetic acid. Analogously to the molecule 5, the imidazolium 14

could then be synthesized by methylating the imidazole precursor through methyl iodide.

A schematic of the synthesis pathway of imidazolium 14 is included in Figure 4.7.
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4.3.2 Alkaline Solution Degradation Test

All five compounds were tested for their stability in an alkaline solution degradation test,

using the protocol reported by Hugar et al. as reference.[93] Each imidazolium in its

Iodine form (0.03 mol/L) was added to a 2 molar KOH solution in deuterated methanol.

The sodium salt of 3-(Trimethylsilyl)-1-propanesulfonic acid (NaDSS) was added as an

internal standard that is stable in alkaline conditions. All components were dissolved in

deuterated methanol and flame sealed into a NMR tube and are depicted in Figure 4.8.

The samples were stored in an 80 °C oil bath and taken out periodically to measure 1H

NMR spectra. A detailed description of the procedure is available in the appendix.

Figure 4.8: Structure of the compounds dissolved in deuterated methanol for the alkaline
solution-based degradation test. The sodium salt of 3-(Trimethylsilyl)-1-propanesulfonic acid
(NaDSS) is stable in alkaline solution and is used as an internal standard to monitor the imi-
daozlium degradation in 1H NMR spectroscopy.

As the NaDSS is stable in alkaline solution, its amount in the solution is constant and it

can be used as a reference point. By comparing the area of the imidazolium signals in a
1H NMR to that of the NaDSS, the fraction of remaining imidazolium can be calculated.

The proportion of the NMR signal areas at day 0 (the day that the solution was set up)

were set to represent 100 % of the imidazolium being intact.

The remaining fraction of all five compounds is plotted versus the time that has passed

since setting up the solution in Figure 4.9. From Figure 4.9 it is already possible to

qualitatively assess the relative stability of the compounds. In line with the computational

stability predictions, molecule 5 is significantly less stable than the other compounds,

molecule 14 is significantly more stable than the other compounds and molecules 6, 12

and 13 lie between 5 and 14 in terms of alkaline stability.

To quantify the alkaline stability of the studied molecules further, an exponential curve

of the form ea·t was fitted to the data shown in Figure 4.9. By setting the exponential

function equal to 0.5 and solving for the time t, the amount of time can be calculated

until only half of the imidazolium is remaining, i.e. the half life t 1
2
.
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Figure 4.9: Evolution of the amount of each imidazolium remaining throughout the duration
of the alkaline solution degradation test.

0.5 = exp(a · t 1
2
) (4.3)

t 1
2
=

ln (0.5)

a
(4.4)

The hereby derived half life times for the five molecules are reported in Table 4.1.

Table 4.1: Half life times calculated from the experimental measurements for the five molecules
chosen for experimental validation of the computationally predicted alkaline stability in a 2 M
KOH solution of deuterated methanol at 80 °C.

Molecule 5 12 13 6 14
Half Life [days] 91.4 169.0 147.8 179.3 324.6

While precautions were taken to keep the solution as dry as possible, some water is

inherently present in deuterated methanol. Therefore, the hydroxide is hydrated partially

and less reactive than in the ultra-dry KOH solution of DMSO/crown ether reported by

Fan et al.[32] On an absolute scale, the resulting half life times are much larger than those

measured by Fan et al. The relative half life times are more consistent between the two

different solution based testing regimes of the work by Fan et al. and this work. In this

work, molecule 6 has a half life that is about twice that of molecule 5, in the testing regime
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of Fan et al., molecule 6 has an about 50 % longer half life. While only a sample of two,

the qualitative relative stability of the compounds appears to stay mostly intact upon

differences in the testing conditions. To investigate further, an additional degradation

test of all five compounds was performed under significantly different conditions through

dynamic vapor sorption.

4.3.3 Dynamic Vapor Sorption Degradation Test

The alkaline stability of the compounds was also tested through a dynamic vapor sorption

(DVS) degradation test, derived from a procedure originally reported by Kreuer and

Jannasch [94] and refined for the study of small molecules by Radford et al.[37] This

degradation test method allows for the creation of exceptionally harsh conditions by

systematically removing the stabilizing hydration layer around the hydroxide.

For the DVS degradation test, the synthesized iodide form of the imidazolium was ex-

changed for the hydroxide form through an ion exchanger. The hydroxide salt was then

progressively dried through 60 °C hot air with a defined relative humidity that is decreased

step wise. As the salt dries, the hydroxide has a lower hydration number and therefore

becomes more nucleophilic. At a certain drying stage, the hydroxide begins to degrade

the imidazolium. The lower the relative humidity is before degradation occurs, the higher

the alkaline stability of the imidazolium. A detailed description of the testing procedure

is available in the appendix along with the protocol by which the humidity is decreased.

The degradation of the imidazolium can be measured indirectly through the mass of the

sample. The degradation products of imidazolium are neutral species and, therefore, pos-

sess a lower hydrophilicity than the intact imidazolium. Through the lower hydrophilicity,

water is less tightly bound to the sample and evaporates off; this can be observed through

a weight loss of the sample. Additional weight loss during degradation may also occur

when parts of the degradation products are volatile and leave the sample. As the mass

also changes naturally along with a change in the relative humidity, only the last 30 min-

utes of each step of the DVS procedure are used to allow for the sample mass to stabilize

first. The hourly mass losses, relative to the original stabilized sample weight, of the last

30 minutes of the steps of the DVS procedure are plotted against the relative humidity at

that step in Figure 4.10. For cases in which multiple steps have the same targeted relative

humidity values, only the first occurrence is used.

The most noteworthy points in Figure 4.10 for each compound are the global minima

of the mass change, as maximum degradation occurs at these points. The data points

directly leading up to the point of fastest degradation are also of other interest. Other

data points may be misleading as they are not directly representative of rate at which
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Figure 4.10: Line plot of the mass change, relative to the original stabilized sample mass, the
five tested compounds encountered upon contact with 60 °C hot air at different relative humidity
levels. The lower the relative humidity is at which the compound starts to undergo significant
mass loss, the higher the alkaline stability.

degradation is occurring. First of all, all points to the right of the global minimum can

be misleading as they suggest a lower degradation rate even though the relative humidity

is even further decreased. This is however caused by the compounds being depleted from

the preceding degradation. Secondly, the data points with high relative humidity values

may show a mass loss that is not due to degradation but due to the sample not being

in equilibrium with the relative humidity yet, as there is a large excess of solvent at the

beginning of the degradation test. To only include the data points most representative of

the hydroxide-induced degradation, in Figure 4.11 all data points are removed that are

to the right of the global minimum and that are to the left of the local maximum that is

directly to the left of the global minimum.

From Figure 4.11 the relative stability can be assessed qualitatively. Molecules 5 and 6

have their most pronounced mass loss at about 30 % relative humidity, with the mass loss

of molecule 5 being over double that of molecule 6. Molecule 5 is, therefore, the least

stable of the tested compounds, followed by molecules 6. Molecules 12 and 13 show a

higher stability as their maximum hourly mass loss does not occur until 20 % relative

humidity is reached. By a large margin, molecule 14 shows the highest stability, with a

maximum mass loss not occurring until the relative humidity has reached about 4.5 %.
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Figure 4.11: Line plot of the mass change, relative to the original stabilized sample mass,
the five tested compounds encountered upon contact with 60 °C hot air at different relative
humidity levels. The data points after the global minimum in mass change have been removed
as a significant portion of the imidazolium is already degraded at that point. Additionally,
the data points at high humidity values have been removed as the sample may not have fully
stabilized to the relative humidity yet.

To further quantify the stability values, the total mass loss is observed over a longer time

frame. The time frame picked is that from the end of step 4 to the end of step 9 of the

DVS procedure provided in the appendix. This part of the testing procedure starts off

at 70 % relative humidity, followed by a step-wise decrease to 30 % relative humidity

over 480 minutes and a final 240 minutes at 70 % relative humidity to rehydrate any

potentially remaining imidazolium. The total mass loss occurring in this time frame is

provided in Table 4.2.

Table 4.2: The total mass loss that each studied molecule encountered from the end of step 4
to the end of step 9 of the DVS procedure detailed in the appendix.

Molecule 5 12 13 6 14
Total Mass Loss [%] 10.58 1.75 1.97 2.70 0.02

4.3.4 Comparison of Computations and Experiment

To validate the computational predictions made with the stability descriptor ∆GHA ap-

plied to the molecular dataset, the computed relative stability values are plotted versus

the measured stability values of the five experimentally molecules 5, 6, 12, 13 and 14.
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In Figure 4.12, the computed relative stability is plotted against the measured half life

times in the alkaline solution degradation test and versus the mass loss measured in the

DVS degradation test. The values are also reported in Table 4.3.

Figure 4.12: Scatter plots comparing the computational predictions of the relative alkaline
stability of molecule 5, 6, 12, 13 and 14 versus both the half life times measured in an alkaline
solution degradation test (left) and versus the mass loss occurred in the dynamic vapor sorption
degradation test (right).

Table 4.3: Overview of the computational predictions of the relative alkaline stability of
molecule 5, 6, 12, 13 and 14 along with the half life times measured in an alkaline solution
degradation test and the mass loss occurred in the dynamic vapor sorption degradation test.

Molecule 5 12 13 6 14
Computed Relative Stability 37.1 60.4 57.3 43.2 108.2

Alkaline Solution Half Life [days] 91.4 169.0 147.8 179.3 324.6
DVS Total Mass Loss [%] 10.58 1.75 1.97 2.70 0.02

For the alkaline solution degradation test, the computational predictions of the relative

stability were mostly correct. Molecule 6 is a minor outlier as it was computed to be

slightly less stable than molecules 12 and 13, while possessing a slightly longer half life in

experimental testing. Regardless of the outlier, the computed stability values and alkaline

solution half life times show a solid correlation, with an R2 value of 0.88.

Within the dynamic vapor sorption degradation test, molecule 6 inhibits a lower alkaline

stability than molecules 12 and 13, as also concluded by the computational descriptor.

The stability calculations were also able to qualitatively predict the relative stability

between the five compounds in the DVS degradation test. There is no linear correlation
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between the computed relative stability values and the mass loss in the DVS test. This

is however not to be expected as the computed stability values were fitted to half life

measurements in an alkaline solution, which does not scale in the same manner as a mass

loss during a specific procedure with alkaline stability.

4.4 Summary and Conclusions

In the work described in this chapter, a molecular dataset of 5832 penta-substituted im-

idazolium compounds was generated. The computational descriptor of alkaline stability,

developed in Chapter 3, was applied to assign each member of the dataset a computed

relative stability value. Within the dataset, multiple hundred compounds are computa-

tionally predicted to posses an alkaline stability that is higher than that of the most stable

penta-substituted imidazolium reported in the publication by Fan et al.[32]

To verify that the computational descriptor can be utilized to computationally assess the

alkaline stability of unseen compounds, five molecules were selected from the dataset for

experimental validation. The compounds were synthesized and their alkaline stability

was experimentally measured in two different stability tests to investigate the influence

of different chemical conditions. A degradation test in a 2 molar alkaline solution and

through dynamic vapor sorption was performed.

The experimental tests confirmed that computationally obtained stability metrics can be

used to assess the approximate stability of novel imidazolium-based compounds. For the

dynamic vapor sorption degradation test, the stability order of the studied compounds

was correctly computed. For the degradation test in alkaline solution, the relative stability

was computed with a high accuracy apart from one slight outlier for molecule 6. However,

even when including the outlier, an R2 value of 0.88 was reached.

The generated dataset is a valuable resource for the development of novel alkaline stable

materials for anion exchange membranes. From the dataset, molecules can be selected

with exceptional alkaline stability that fulfill other desired properties, such as a specific

ion exchange capacity. Among the molecules chosen for experimental validation, the

exceptionally stable imidazolium 14 was identified that has has shown a significantly

higher stability in experimental tests than the most stable penta-substituted imidazolium

6 among those reported in the work by Fan et al.[32], which was used as reference.

The molecular dataset can also be the starting point to gain additional insights into the

structure-stability relationship of imidazolium-based compounds to guide the design of

molecules not already contained in it. As the dataset contains thousands of compounds,

the impact of specific substituents can be assessed statistically. Additionally, the dataset
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is sufficiently large to train machine learning models to approximate alkaline stability at

a low computational cost. This is described in the following Chapter 5.
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Chapter 5

Analysis of the Molecular Dataset

The molecular dataset of 5832 imidazolium-based compounds and their experimentally

verified computed relative stability under alkaline conditions described in Chapter 4, al-

lows for a quantitative analysis into the structure-stability relationship. The number of

samples allows for a statistical evaluation of the impact each individual substituent choice

has at each position on the imidazolium core structure. Additionally, correlations with

properties of the imidazolium cation can be analyzed. Lastly the dataset is large enough

to train machine learning models on the data to vastly accelerate the stability assessment

of novel compounds.

5.1 Independent Influence of the Substituent Choice

To initiate the investigation of the structure-stability relationship within the computed

molecular dataset, the independent influence of each substituent is evaluated. This is done

by first calculating the average computed relative stability for all compounds sharing the

same R1 substituent and subsequently doing the same for the R2 and R3 substituent.

5.1.1 Influence of the R1 substituent

In Figure 5.1, the average computed relative stability is reported for all molecules that

share the same substituent choice for R1.

The choice of R1 has the strongest impact on the computed stability compared to R2

and R3. Three substituents lead to compounds with significantly higher stability than

the others: 2,6-dimethylphenyl, mesityl and 2,6-diethylphenyl. These substituents share

the characteristic of being a phenyl group substituted in both ortho positions, providing

comprehensive steric protection to the vulnerable C-2 atom. The plane of the ortho-
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Figure 5.1: Average computed relative stability of the studied compounds grouped by their
R1 substituent.

substituted phenyl ring is rotated by a 90° angle towards the plane of the imidazolium

ring and the ortho positions of the phenyl ring then protrude on top and below the C-2

atom. An additional effect of both ortho positions of the phenyl being substituted is due

to one of them being pushed towards the imidazolium ring in the product state of the C-2

hydroxide attack, leading to an energetically unfavorable structure. These two effects can

be seen well for the examples shown in Figure 5.2, with R1 = 2,6-dimethylphenyl, R2 =

methyl and R3 = hydrogen.

The structurally similar 2-methylphenyl and 2-ethylphenyl lead to significantly lower com-

puted stability values. This is likely due to only one of the two ortho positions of the

phenyl being substituted, leaving one side of the imidazolium ring to be significantly

less protected by steric effects. The structurally similar 2,6-dimethylbenzyl and 2,4,6-

trimethylbenzyl are constituted of a phenyl ring that is substituted in both ortho posi-

tions. However, the single CH2 group of the benzyl substituents that connects the phenyl

ring to the imidazolium ring introduces a significant degree of flexibility to the structure

that leads to the whole substituent turning towards one side of the imidazolium ring and

leaving the other side poorly protected. Example structures of both cases are shown in

Figure 5.3.
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Figure 5.2: The structure of an imidazolium with R1 = 2,6-dimethylphenyl, R2 = methyl and
R3 = Hydrogen, before (left) and after a C-2 hydroxide attack (right). The two methyl groups
of the 2,6-dimethylphenyl sterically protect both the top and bottom site of the C-2 atom and
lead to a strained product of the attack reaction as the bottom methyl group is pushed towards
the imidazolium ring.

Figure 5.3: Structures of two compounds with reduced steric protection from C-2 hydroxide
attack from one side, with R1 = 2-Methylphenyl (left) and R1 = 2,6-dimethylbenzyl (right). For
both molecules R2 = methyl and R3 = Hydrogen.

5.1.2 Influence of the R2 substituent

The impact of R2 is visualized in Figure 5.4 in the same manner as before, showing the

average computed relative stability of all compounds grouped by their R2 substituent.

The impact of R2 on the computed stability is less prominent than that of R1, as the

distribution of stability across the different substituents is more uniform for R2. The

highest computed stability is found for compounds with R2 = mesityl, due to the high

degree of steric protection provided on both sides of the imidazolium ring, as can be seen

in Figure 5.5.
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Figure 5.4: Average computed relative stability of the studied compounds grouped by their
R2 substituent.

Figure 5.5: Example of a structure with R2 = mesityl, R1 = methyl and R3 = Hydrogen,
showing the steric protection of the imidazolium ring from both sides offered by the two mesityl
groups.

Analogous to the choice of R1, the benzyl-based and mono-substituted phenyl substituents

lead to significantly decreased computed stability compared to mesityl and 2,6-dimethyl-

phenyl, as they each only protect one side of the imidazolium ring sterically. Alkane

groups, while less sterically demanding, still promote higher stability compared to most

other substituents. This can likely be attributed to their effect of donating electron density

into the imidazolium ring and, thereby, disfavoring the nucleophilic hydroxide attack.

An intriguing effect occurs with the choice of phenyl for R2, as it leads to the lowest

computed stability of all substituents. This effect can be attributed to a stabilizing effect

of the hydroxide attack product in comparison to the educt state. A parallel orientation
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of the phenyl ring with the imidazolium ring is favorable electronically, as it allows for

the optimal overlap of p-orbitals to form a conjugated system, lowering the total energy

of the molecule. Counteracting the drive towards parallel ring rotation are steric effects,

which become more pronounced the more sterically demanding the involved substituents

are. Figure 5.6 illustrates this effect, where the introduction of a methyl group as R1

leads to a significant increase in the torsion angle between the phenyl and imidazolium

ring, disturbing the stabilizing effect of a conjugated system.

Figure 5.6: Illustration of the torsion angle between the ring of a phenyl substituent as R2 and
the imidazolium ring with a hydrogen (left) and a methyl group (right) as the R1 substituent.
With more steric demand next to the phenyl ring, the torsion angle increases significantly.
The red lines indicate the four atoms used to derive the torsion angles. The R3 substituent is
hydrogen in both cases.

Through the described trade-off between electronic and steric effects, the educt side of

the imidazolium C-2 hydroxide attack is energetically disfavored, especially for sterically

demanding neighboring substituents. The product side of the attack reaction differs in

its stereo chemistry in a significant detail. Before the C-2 hydroxide attack, the C-2 atom

is sp2 hybridized, and the imidazolium ring and the bond to the R1 substituent lie in one

plane. As the hydroxide forms a bond with the C-2 atom, its hybridization changes to sp3

and the R1 substituent significantly protrudes out of the plane of the imidazolium ring.

Figure 5.7: Comparison of the torsion angle between the plane of the imidazolium ring and a
phenyl ring as the R2 substituent with a methyl group for R1 and hydrogen for R3. After a C-2
hydroxide attack, the R1 substituent is pushed out of the imidazolium ring plane and allows for
the phenyl rings to reduce their torsion angle relative to the imidazolium ring plane. The red
lines indicate the four atoms used to derive the torsion angles.
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When the R1 group is pushed out of the plane of the imidazolium ring, the steric strain

is reduced, allowing the phenyl rings to rotate into a parallel position relative to the

imidazolium ring as illustrated in Figure 5.7. This increases the stabilizing effects from

the higher degree of conjugation, thereby decreasing the energy of the attack product

structure compared to the educt structure.

5.1.3 Influence of the R3 substituent

The influence of the R3 substituent is analyzed in Figure 5.8 in an analogous manner to R1

and R2 by showing the average computed relative stability for each studied substituent.

Figure 5.8: Average computed relative stability of the studied compounds grouped by their
R3 substituent.

The computed relative stability is highest for the mesityl group as R3, closely followed

by other sterically demanding groups, such as 2,2-dimethylpropyl or 2,6-diethylphenyl.

As the R3 substituent is located at a significant distance to the vulnerable C-2 atom,

the stabilization through these bulky groups is not caused predominantly by direct steric

repulsion but by second order steric effect in the product state of the C-2 hydroxide attack.

As the C-2 atom changes its hybridization from sp2 to sp3 during the hydroxide attack,

the R1 substituent is moved out of the plane of the imidazolium ring and towards the R3

substituent, as can be seen in the example in Figure 5.9. This can lead to steric strain in

the structure of hydroxide attack product, thereby stabilizing the compound in its educt

state. The amount of steric strain introduced depends on the steric demands of both the
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R1 and R3 substituent, explaining why R3 can have a profound impact on the computed

stability despite the large distance to the attack site.

Figure 5.9: Illustration of the secondary steric effects on the C-2 hydroxide attack reaction.
The R1 substituent is pushed towards the R3 substituents during the reaction and introduces
steric strain in the product structure, thereby destabilizing it and suppressing the reaction. The
distance between the two closest atoms of the R1 and the R3 substituents is provided by a
two-sided red arrow.

The choice of a phenyl ring as the R3 substituent leads to the lowest average computed

stability among the studied substituents. This is despite the steric demand of phenyl being

much greater than that of, e.g., hydrogen or methyl. The explanation of this finding may

be similar to that of the low stability computed for phenyl as the R2 substituent. In the

educt state, the phenyl rings are sterically hindered by the R2 substituent from turning

in parallel to the plane of the imidazolium ring, which stabilizes the molecule by forming

a conjugated system.

When the C-2 atom is attacked by hydroxide, the geometry changes and the R1 substituent

is pushed out of the plane of the imidazolium ring, allowing for the phenyl rings to align

with the plane of the imidazolium, thereby stabilizing the product structure energetically.

This effect can be seen in Figure 5.10, where the dihedral angle of the phenyl ring plane

and the imidazolium ring plane is reduced from about 60° to about 40° during the C-2

hydroxide attack.

5.2 Noteworthy Molecular Structures

The compound in the generated molecular dataset with the highest computed relative

stability of 879.6 is molecule 17, which is substituted by the mesityl group at all possible

locations (R1 = R2 = R3 = mesityl). The large mesityl groups provide direct steric

protection from hydroxide and the reaction product is further destabilized by the bulky

R1 substituent being pushed into the bulky R3 substituent upon C-2 hydroxide attack.

However, the proximity of these bulky groups may pose great challenges in terms of the
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Figure 5.10: Illustration of the destabilizing effects introduced by phenyl as the R3 substituent.
In the educt structure, the phenyl ring is sterically hindered by the R2 substituent from turning
to a position parallel to the plane of the imidazolium ring, which would offer a stabilizing effect
through conjugation. In the product state, the R2 substituent is more flexible through the
moved R1 substituent and allows a less inhibited rotation of the phenyl groups. Relevant angles
and dihedral angles are shown, and the atoms involved in the measurement are indicated by red
lines.

synthesizability. Additionally, the large substituents lead to a high molecular weight

of about 660.0 g/mol that strongly limits the possible ion exchange capacity, therefore

potentially inhibiting anionic conductivity. To reduce these two problems, candidates are

presented with high stability but with a lower molecular weight.

Figure 5.11: Exemplary chemical structures from the molecular dataset with exceptional
computed relative stability at different molecular weights.
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The most stable compound with a molecular weight below 500 g/mol is molecule 18,

which has a computed relative stability of 467.8. Molecule 18 possesses mesityl for R2,

while the other two substituents are exchanged for 2,2-dimethylpropyl (R1 = mesityl, R2

= R3 = 2,2-dimethylpropyl). The mesityl group offers direct steric protection against

hydroxide attack and destabilizes the hydroxide attack product as it is pushed towards

the R3 groups upon C-2 hydroxide attack. The 2,2-dimethylpropyl group as R2 and R3

has a reduced weight compared to mesityl, but similar to the mesityl group protrudes

significantly out of the plane of the imidazolium ring. Thereby 2,2-dimethylpropyl still

offers direct steric protection in the R2 position and leads to a destabilization of the

product structure in the R3 position.

For a molecular weight below 250 g/mol, molecule 14 has the highest computed relative

stability of 108.2. This is achieved through a mesityl group as R1 and methyl groups at the

other locations (R1 = mesityl, R2 = R3 = methyl). Even with this low limit for molecular

weight, the very strong stabilizing effect of mesityl in the R1 position is indispensable for

the construction of a stable structure. The methyl groups add additional protection from

hydroxide attack while adding only slightly to the total molecular weight of the compound.

As molecule 14 was synthesized for the experimental validation of the molecular dataset, it

could be verified that the compound can be synthesized straightforwardly. Its especially

high alkaline stability could also be verified in the two degradation tests employed as

described in Chapter 4.

5.3 Relationship of Molecular Features and ∆GHA

To further understand the relationship between the molecules and the stability descriptor

∆GHA, molecular features were generated and their relationship to ∆GHA was investi-

gated. A number of properties were extracted from the performed DFT calculations and

then used to probe their relationship to ∆GHA using methods with varying sophistica-

tion, ranging from a correlation analysis to an artificial neural network. Additionally, a

molecular fingerprint was generated for each molecule and then used as a feature to infer

∆GHA using another artificial neural network.

5.3.1 Linear Correlation Analysis

Molecular features were generated for each molecule that have the potential to be related

to the hydroxide-induced degradation. These include electronic properties like the charge

and orbital distribution, but also structural features such as the molecular weight.
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Figure 5.12: Scatter plots of various molecular properties that can be obtained from a DFT
single point calculation versus the computational descriptor of alkaline stability ∆GHA. The
coefficient of correlations R2 was calculated for each property and is provided in the top left of
each scatter plot.
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The following molecular properties were extracted from the final DFT calculation of each

imidazolium contained in the molecular dataset:

• The total dipole moment.

• The molecular weight and the number of atoms in the molecule.

• The energy of the HOMO and LUMO orbitals.

• The average fraction of the LUMO localized on the C-2 atom, on the N-1/N-3

atom and on the C-4/C-5 atom according to a Mulliken frontier orbital population

analysis.

• The average partial charge of the C-2 atom, of the N-1/N-3 atom and of the C-4/C-5

atom according to a Mulliken population analysis.

The listed properties can be obtained from a single-point DFT calculation of the opti-

mized imidazolium structure and, therefore, pose a significantly lower computational cost

than ∆GHA. The number of atoms and the molecular weight can even be directly derived

from the chemical structure alone. To investigate if these properties are related to ∆GHA

individually, their correlation to ∆GHA is assessed by calculating the coefficient of cor-

relation R2 for each. The R2 value and the scatter plots of all correlations analyses are

provided in Figure 5.12.

The correlations of ∆GHA with the extracted properties are generally weak, with the

coefficient of correlation R2 being below 0.1 in all cases. The considered properties are,

therefore, not suitable for predicting ∆GHA and thus the alkaline stability through simple

linear correlations.

One trend that is however noticeable from the scatter plots relates to the number of

atoms and the molecular weight. The higher the number of atoms in an imidazolium

or the higher the molecular weight, the higher the value of ∆GHA that can be reached.

This trend is due to bulky substituents such as the mesityl generally leading to high

∆GHA values and these substituents add substantially to the total molecular weight of

the compound. However, the correlation is weakened as some large substituents such as

2-ethylphenyl add significant weight but do not offer much enhanced steric protection

due to their asymmetric structure. Additionally, outliers like the phenyl substituents

counteract the correlation. The phenyl substituent adds significantly more weight to the

molecule than simpler groups like alkanes but leads to a destabilization of the compound

through more complex effects than simple steric shielding.
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5.3.2 Machine Learning on Molecular Properties

As simple linear correlations between the extracted molecular properties are not sufficient

to reliably estimate ∆GHA of a given compound, more sophisticated methods are tested

to identify if there may be an underlying relationship between molecular properties and

∆GHA. For these standard machine learning models, version 1.6.1 of scikit-learn was

used.[95]

While each individual molecular property is not correlated with ∆GHA, it is tested if a

linear combination of extracted properties does show a correlation. For this, the linear

regression model of scikit learn is trained on all molecules and all features shown in Figure

5.12 with default settings. The parameters of the linear regression model are tuned in

such a way that they minimize the square of the error between inferred ∆GHA values and

the ground truth.

Figure 5.13: Values for ∆GHA computed from DFT versus the inferred ∆GHA values derived
from a linear regression model utilizing the extracted molecular properties shown in Figure 5.12.
The mean absolute error of the prediction is 3.59 kcal/mol.

Combining all the extracted properties into a single linear regression model improves

the predictive ability towards the computed ∆GHA values significantly as can be seen in

Figure 5.13. However, the mean absolute error of the predictions is still prohibitively high

at 3.59 kcal/mol, making it too unreliable to infer ∆GHA. The error is also a best case

scenario, as the model was trained on the entire dataset and also tested on the dataset
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it was trained on, most likely resulting in significantly higher errors when performing

predictions for novel data points.

The molecular properties can be scaled by subtracting the mean of each sample and

dividing it by the standard deviation of that feature, resulting in each feature having

a mean of 0 and a standard deviation of exactly 1. Scaling the data in such a way

has no impact on the performance of the linear regression model, however, it makes the

coefficients within the data comparable. The higher the absolute value of the coefficient is,

the higher its impact within the model, giving an estimate of how important the feature

is for predicting the ∆GHA values. The highest absolute value of 7.99 is hereby found for

the coefficient of the average LUMO fraction on N-1/N-3, followed by 6.35 and -5.32 for

the coefficients of the number of atoms and of the LUMO fraction on C-2. This indicates

that especially the size of the molecules and their LUMO distribution on and around

the reactive C-2 site are important parameters when predicting ∆GHA for the analyzed

dataset. The coefficient of the LUMO energy is -1.61, indicating that it is significantly less

important in the prediction of ∆GHA, at least when utilizing a linear regression model.

The linear regression and the linear correlation analysis may show weak correlations as

the underlying relationship is not a linear one. To allow more complex relationships to be

grasped by the model, a polynomial regression model with up to third-order interactions

was trained. For the third-order polynomial regression model, all possible squares and

cubes of the molecule properties were computed and were added as features. On this

extended set of features another linear regression model was trained.

The results of the third-order linear regression model are shown in Figure 5.14. The mean

absolute error is reduced to 1.96 kcal/mol, compared to the 3.59 kcal/mol for the linear

regression model. The error is still relatively large, despite the linear regression model

being trained on the full dataset and being evaluated on the data it has been trained on.

Therefore, the predictive ability on novel data will be significantly lower.

To allow for still more complex relationships to be identified between the extracted molec-

ular properties and ∆GHA, a simple artificial neural network was constructed. The neural

network takes all extracted molecular properties as input and predicts ∆GHA by passing

the data through three dense layers with 1024 neurons each. The input data is scaled

by subtracting the mean and dividing by the standard distribution of each corresponding

property. The model was constructed with the MLPRegressor function of scikit-learn

version 1.6.1.[95] using the random state 1 and the default parameters otherwise.

When training the artificial neural network on the full dataset, it is able to reproduce the

∆GHA values with a mean absolute error of 0.65 kcal/mol, performing much better than

linear and logistic regression. However, especially due to the large number of parameters
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Figure 5.14: Values for ∆GHA computed from DFT versus the predicted ∆GHA values derived
from a third-order polynomial regression model utilizing the extracted molecular properties
shown in Figure 5.12. The mean absolute error of the prediction is 1.96 kcal/mol.

in neural networks, the performance on the dataset on which the training was performed

does not reflect the performance on novel data. To test the performance on unseen data,

the model was only trained on a randomly selected sample containing 80 % of the dataset

and evaluated on the other 20 % of the dataset that the model has not seen during

training. This process was repeated five times in such a way that each data point is part

of the validation set once. The neural network was then able to predict ∆GHA with a

mean absolute error of 1.50 kcal/mol for molecules not seen during training, depicted in

Figure 5.15.
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Figure 5.15: Values for ∆GHA computed from DFT versus the predicted ∆GHA values of
the validation sets derived from an artificial neural network trained on the extracted molecular
properties shown in Figure 5.12. The mean absolute error of the prediction is 1.50 kcal/mol.

5.3.3 Machine Learning on the Molecular Structure

Training machine learning models on properties extracted from the imidazolium-based

compounds leads to a loss of information, especially regarding the very significant steric

effects. Additionally, most of the properties require performing a DFT calculation which

incurs a high computational costs. Both of these disadvantages can be alleviated by

training a machine learning model to directly predict ∆GHA from the molecular structure.

The steric information would be available to the model and no costly ab initio calculations

are required, allowing for efficient scanning of molecules.

Typical machine learning models require the input to be a vector of a predetermined size.

This is straightforward when using a predetermined number of molecular properties as

the input but is more challenging for molecular structures as they do not natively take

the form of a vector and vary in size. In the following, the problem is circumvented by

converting the chemical structure into a vectorized molecular fingerprint to then input

into a regular artificial neural network.

To convert the molecular structures into vector form, the SMILES representation of each

compound is converted into the Morgan fingerprint using version 2024.09.4 of rdkit[82]

and the default parameters. The fingerprint is then used as the input into a simple
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artificial network with three hidden layers consisting of 1024 neurons each, illustrated in

Figure 5.16. The model is created with the MLPRegressor function of scikit-learn version

1.6.1.[95] using the random state 1 and the default parameters otherwise. When training

Figure 5.16: Schematic of the machine learning pipeline. The SMILES representation of a
given compound is converted into a vector using the Morgan fingerprint. The generated vector
is then fed into a regular artificial neural network to predict ∆GHA.

the model on the entire dataset, it is able to predict ∆GHA with a mean absolute error

of 0.29 kcal/mol. However, the model should not just be able to reproduce the results it

was trained on but also predict ∆GHA for novel compounds. To test the performance on

unseen data, the molecular dataset is randomly split into a training set containing 80 % of

the data and a validation set containing the remaining 20 %. The model was then trained

on the training set and the error was computed for the validation set. The process was

repeated five times in such a manner that each molecule is in exactly one of the validation

sets. The average performance on data points not in the dataset is an average absolute

error of 1.31 kcal/mol, shown in Figure 5.17.

While predicting ∆GHA through the described artificial neural network introduces an error

of slightly above 1 kcal/mol, it is highly computationally efficient. Inferring ∆GHA of all

5832 compounds in the molecular dataset can be done in under one second on an average

laptop CPU. Therefore, the model can be used to efficiently obtain a first assessment

of the alkaline stability of a given compound and only performing the more costly DFT

calculations for the most promising candidates.
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Figure 5.17: Values for ∆GHA computed from DFT versus the predicted ∆GHA values of
the validation sets derived from an artificial neural network trained on the Morgan fingerprint
representation of the molecules. The mean absolute error of the prediction is 1.31 kcal/mol.

5.4 Summary and Conclusions

The molecular dataset that was generated and experimentally validated, described in

Chapter 4, implicitly contains in-depth information about the intricate structure-stability

relationship of imidazolium-based compounds. An analysis of the dataset was performed

and described in this chapter. The effect that the individual substituents R1, R2 and

R3 have on the alkaline stability were visualized in Figures 5.1, 5.4 and 5.8, respectively.

Using these findings, the design of alkaline stable imidazolium-based compounds can

be guided without performing additional computations or even accessing the molecular

dataset. Additionally, especially pronounced substituent effects could be identified and

investigated in-depth.

The mesityl group and ortho bi-substituted phenyls result in a significant increase in

computed stability in any location, but especially when attached to the C-2 atom. The

cause of the stabilizing effect is the direct steric protection of the reactant from hydroxide

attacks and the destabilization of the products of a hydroxide attack. A particularly

low stability was computed when phenyl, and to a lesser extent its mono-substituted

derivatives, were chosen as R2 or R3 substituents, which is caused by stabilization of the

product structure of the C-2 hydroxide attack due to the drive of the phenyl group to
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create a conjugated system. This finding is especially intriguing as phenyl is a common

substituent group for imidazolium-based compounds.

A number of molecular properties were extracted from each compound and their relation-

ship with the computed stability was investigated. Each individual property exhibited a

weak correlation with the computed stability or none at all. The lack of strong correla-

tions show the complexity of the structure-stability relationship that cannot be captured

by individual properties of the imidazolium cation. However, combining the properties

together in linear regression or polynomial regression models is able to roughly reproduce

the energetic stability descriptor ∆GHA. Only processing data through a much more so-

phisticated artificial neural network yields a meaningful prediction of ∆GHA, using the

properties extracted from the DFT calculations.

Lastly, an artificial neural network was employed to compute ∆GHA from the imidazolium

cation’s structure alone. The molecular structure was directly converted from the SMILES

format to a molecular fingerprint and used as input for an artificial neural network. With

the molecular fingerprint alone, the model could predict ∆GHA of a molecule not con-

tained in the dataset with a mean absolute error of 1.31 kcal/mol. As only a SMILES

string is required for the prediction, no costly quantum chemical computations have to

be performed, allowing for incredibly fast stability approximations within a fraction of a

second on a regular laptop CPU. The trained neural network is therefore a valuable tool

to quickly assess a given compound to focus the costly quantum chemical calculations

and experimental validations on only the most promising of candidates.
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Chapter 6

Computational Exploration of the

in-DBD Cation

Recently an alternative to imidazolium-based compounds as the cationic moiety in an-

ion exchange membranes has been reported by Radford et al.[37] in the form of 1,6-

diazabicyclo[4.4.4]tetradecan-1,6-ium (in-DBD, molecule 19), depicted in Figure 6.1. Even

in extremely harsh alkaline conditions, in-DBD has been found by Radford et al. to ex-

hibit extraordinary durability, outcompeting state-of-the-art cationic materials like those

based on imidazolium, in the tested conditions.

Figure 6.1: Chemical structure of 1,6-diazabicyclo[4.4.4]tetradecan-1,6-ium, which is referred
to as in-DBD or molecule 19 in this work.

The in-DBD molecule has an intricate structure that stabilizes the central hydrogen atom

through both endohedral protection and an intra-bridgehead hydrogen bonding. Through

the robust fixation of the central hydrogen atom, a Hofmann elimination is assumed to

be strongly inhibited.[37]

One challenge arising from the intricate structural stabilization of in-DBD is its implemen-

tation into a polymeric membrane. The symmetric in-DBD structure must be augmented

in some manner to include an attachment point to the polymer backbone. Any changes to

the structure may however interfere with the stabilizing effects present in the undisturbed
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structure. Designing a strategy for polymer attachment therefore requires an extensive

understanding of the degradation mechanics and the impact that structural changes have

on them.

The strategies employed for guiding the design of alkaline stable imidazolium-based com-

pounds are well-suited to the challenges of designing in-DBD polymer attachment sites.

The structure of in-DBD and the relevant degradation reactions were studied extensively

through density functional theory calculations. The insights gained were then applied

to assess the alkaline stability of in-DBD derivatives that were equipped with various

attachment sites to guide the design of a strategy without negative influence on stability.

6.1 Computational Methodology

The cations were constructed manually in version 1.2.0 of the molecular modeling software

Avogadro.[96, 97] The lowest energy conformers were generated with CREST version 2.12

[83, 84] in an implicit water environment (analytical linearized Poisson-Boltzmann model)

using the GFN2 method of xTB version 6.6.1 [91] as the quantum chemical backend. The

generated conformer structures are the starting point for the density functional theory

investigations that are performed with version 5.0.4 of ORCA [78], the B3LYP functional

[63, 64] with the D4 dispersion correction [98], the def2-TZVP basis set [99, 100] and an

implicit water solvation through the conductor-like polarizable continuum model.[81] For

each cation, a geometry optimization was performed, a single hydroxide ion was added

close to the cation and another geometry optimization was performed. Starting from the

optimized geometry with a hydroxide nearby, the degradation products were constructed

in Avogadro and another geometry optimization was done. Lastly, the optimized geome-

tries of degradation product and the educt with a nearby hydroxide are given as the input

for an automated nudged elastic band transition state search [85] implemented in ORCA,

to give the transition state of each respective degradation reaction. To ensure the correct

structures were obtained, a frequency analysis was performed for all ground states and

transition states, and it was confirmed that they possess zero and one imaginary frequency

mode, respectively.

6.2 Geometry of the in-DBD Structure

To effectively study the degradation characteristics of in-DBD, it is paramount to under-

stand its structure and especially its symmetry. The structure of in-DBD after a DFT

level geometry optimization in an implicit water environment is depicted in Figure 6.2.
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Figure 6.2: Ground state structure of the in-DBD cation 19 in an implicit water solvation
environment as computed at the DFT level. The central hydrogen atom is highlighted with a
red arrow for clarity and due to its importance to the chemical properties of in-DBD.

The structure possesses a threefold rotational axis of symmetry that passes through both

nitrogen atoms. A rotation of 120° along that axis leaves the molecule unchanged and,

therefore, the carbon atoms can be classified into four groups that each contain three

chemically equivalent members. A higher degree of symmetry would be present if the

central hydrogen atom was located exactly in the center of the two nitrogen atoms, as three

additional twofold symmetry axes would be added that are orthogonal to the threefold

main symmetry axis and pass through the central hydrogen. However, after a DFT

level geometry optimization, the hydrogen is located slightly closer to one of the nitrogen

atoms than to the other. The distances between the central hydrogen and the two nitrogen

atoms are 1.12 and 1.47 Å. To validate the structure and understand the potential energy

surface of the central hydrogen, the minimum energy path (MEP) was computed through

the nudged elastic band method for the shift of the hydrogen from one nitrogen to the

other. For 10 steps of the MEP, the electronic energy and the Gibbs free energy were

computed and the results are plotted in Figure 6.3.

The MEP provides mechanistic insight into why the hydrogen is not located centrally be-

tween the nitrogen atoms after a DFT geometry optimization. The geometry optimization

adjusts the atomic positions to minimize the electronic energy, which is at a maximum

when the hydrogen is centered and at a minimum at 1.12 Å from either of the nitrogen

atoms. However, when computing the Gibbs free energy, the molecule is at an energetic

minimum for the hydrogen being roughly centered between the nitrogen atoms. The free

energy curve forms a plateau with slight variations, which likely stem from noise in the

computation and is below the typical error of a DFT calculation.
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Figure 6.3: Minimum energy path of the hydrogen shift from one nitrogen to the other as
computed with the nudged elastic band method at the DFT level. For 10 steps, the electronic
energy and the Gibbs free energy were computed and plotted.

As the free energy is generally reflective of the chemical behavior in standard experiments,

the hydrogen should be centered between the nitrogen atoms. Assuming the hydrogen at

the center of the molecule increases the symmetry by introducing three twofold axes of

symmetry that are orthogonal to the main symmetry axis. The molecule then belongs to

the D3 point group. This has the consequence that both nitrogen atoms are chemically

equivalent and that all 12 carbon atoms can be grouped into two groups of six chemically

equivalent atoms.

As depicted in Figure 6.4, the six atoms that are bound directly to nitrogen are all

chemically equivalent and will be referred to as α-carbons. The other 6 carbon atoms are

also chemically equivalent and will be referred to as β-carbons. In the Lewis structures

shown in the subsequent work, the hydrogen atom will also be shown to be located in the

center of the two nitrogen atoms.

Figure 6.4: Structure of the in-DBD cation 19 with the nomenclature for the carbon atoms
used in this work.
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The chemical equivalency of the 6 carbon atoms in both the α and β group is also

supported by the 1H and 13C NMRs of in-DBD reported by Radford et al., as both NMRs

only show two signals that stem from the cation.

6.3 Degradation Pathways of in-DBD

The three degradation reactions of in-DBD suggested in the work by Radford et al. were

investigated in detail through DFT calculations. The three reactions are a deprotonation

of the central hydrogen atom through a hydroxide attack, the addition of hydroxide to an

α-carbon and an elimination reaction through a hydroxide attack.

For all three degradation reactions, the Gibbs energy of activation ∆G‡ and Gibbs free

energy change ∆G were computed. The calculated energetics are collected in Figure 6.5.

Figure 6.5: Three postulated degradation pathways of in-DBD 19 in an aqueous alkaline
environment along with the corresponding Gibbs free energy changes and free energy barriers
computed at the DFT level.

The Gibbs free energies of the three degradation products lie within a range of less than

2 kcal/mol of each other. The Gibbs free energy change of the degradation pathways

are all negative at -11.8 kcal/mol to -13.4 kcal/mol. The products are, therefore, all

thermodynamically stable with no large differences in their stability. The Gibbs energy

of activation of the degradation pathways lie between 23.9 kcal/mol and 38.6 kcal/mol.

The largest barrier with 38.6 kcal/mol is observed for the deprotonation, a barrier of 29.0

kcal/mol is obtained for the addition reaction and the lowest value of 23.9 kcal/mol belongs

to the elimination pathway. Radford et al. only observed the elimination product in their
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degradation experiments, which can be explained by this degradation pathway possessing

the lowest activation barrier as computed in this work. In the following subsections, the

three degradation reactions are investigated in more detail.

6.3.1 Deprotonation of in-DBD

As reported by Radford et al., the hydroxide-induced deprotonation of the central hydro-

gen atom is energetically unfavorable. The Gibbs energy of activation was determined to

be 38.6 kcal/mol, making it the highest barrier found among the three studied degradation

reactions, which also explains the lack of its experimental observation in the degradation

tests.

Figure 6.6: Transition state of the hydroxide-induced degradation of in-DBD, as computed at
the DFT level.

In Figure 6.6, the transition state of the deprotonation reaction is shown. The hydroxide

approaches the cation until it reaches a distance of about 2.5 Å to the central hydrogen

atom that is to be removed. In the transition state, the hydrogen has also shifted from

its original position towards the hydroxide. This movement of the hydrogen atom can

be quantified by the angle between the top nitrogen atom, the bottom nitrogen atom

and the deprotonated hydrogen (N-N-H angle). The angle is 0.2° for the undisturbed

in-DBD, as the hydrogen is directly on the line between the two Nitrogen atoms. In the

transition state, the angle is expanded to 58.6°. Additionally, the mean distance between

the hydrogen and the closest nitrogen atom is 1.11 Å in the undisturbed case and is
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stretched to 1.17 Å in the transition state. The distance to the other nitrogen atom is

affected more significantly, increasing from 1.48 Å to 2.35 Å.

6.3.2 Hydroxide Addition to in-DBD

The simulation of the addition of hydroxide at one of the α-carbons concluded a Gibbs

free energy of activation of 29.0 kcal/mol. This degradation reaction is therefore more

favorable than the deprotonation. The barrier is however still 4.7 kcal/mol higher than

the elimination reaction, which is a large enough difference to explain why it was not

observed in the experimental degradation tests performed by Radford et al.

Figure 6.7: Transition state of the hydroxide addition at an α-carbon of in-DBD, computed
at the DFT level.

In the transition state, shown in Figure 6.7, the α-carbon is penta-coordinated and the

involved oxygen, carbon and nitrogen atoms nearly form a straight line. The transition

state of this degradation pathway resembles the typical geometry of a SN2 reaction. In

the undisturbed in-DBD, the bond distance between the α-carbon and the nitrogen is

1.50 Å and increases to 2.02 Å in the transition state. The distance of the hydroxide to

the α-carbon in the transition state is 2.07 Å. This reaction mechanism could be investi-

gated experimentally as it leads to a stereo-inversion (Walden inversion), which would be

observable if one of the α-carbons hydrogens were replaced by a different substituent.

6.3.3 Elimination Reaction of in-DBD

From the studied hydroxide-induced degradation pathways of in-DBD, the elimination

reaction exhibits the lowest Gibbs energy of activation of 23.9 kcal/mol. This is also
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consistent with Radford et al. reporting the elimination as the only observed degradation

product in the performed degradation tests.

Figure 6.8: Transition state of the hydroxide-induced elimination reaction of in-DBD, com-
puted at the DFT level.

In the transition state of the elimination reaction, depicted in Figure 6.8, the reacting

hydrogen atom is almost fully transferred to the hydroxide already, with its distance to

oxygen being 1.00 Å. The distance to the β-carbon, that the hydrogen was previously

bound to, has reached 2.02 Å from the 1.10 Å in the initial in-DBD structure. The bond

length between the α-carbon and the nitrogen is stretched slightly to 1.78 Å from 1.49

Å in its unperturbed state. The bond length of the involved α-carbon and β-carbon is

slightly shortened to 1.42 Å, in comparison to the 1.53 Å in the unperturbed case.

6.3.4 Comparison to Other Azacyclic Cations

To set a reference point for the degradation energetics of in-DBD, the energetics for

two similar azacyclic compounds were computed that do not possess the unique stabiliz-

ing properties of in-DBD. The two compounds are 6-azaspiro[5.5]undecan-6-ium (ASU,

molecule 20) and N,N -dimethylpiperidin-1-ium (DMP, molecule 21).

Analogous to in-DBD, ASU is susceptible to a hydroxide addition to an α-carbon and

to an elimination reaction through hydroxide attack at the hydrogen atom attached to a

β-carbon. As no central hydrogen is present in ASU, a deprotonation reaction analogous

to that of in-DBD is not possible.
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Figure 6.9: Two postulated degradation pathways of ASU 20 in an aqueous alkaline environ-
ment along with the corresponding Gibbs free energy changes and free energy barriers computed
at the DFT level.

The energetics of the two studied degradation pathways of ASU are reported in Figure

6.9. The hydroxide addition reaction at an α-carbon is energetically unfavorable, having

a Gibbs energy of activation of 52.9 kcal/mol. This is significantly higher than the 29.0

kcal/mol for the comparable addition reaction of in-DBD. The high energy barrier is likely

caused by one ring of the ASU structure protecting the vulnerable α-carbons of the other

ring.

The elimination reaction of ASU is the least inhibited energetically, having a ∆G‡ of 22.0

kcal/mol. The energy barrier of degradation is therefore significantly lower than the 29.0

kcal/mol for the addition reaction of in-DBD and also of the 23.9 kcal/mol of the in-

DBD elimination reaction. The computations therefore suggest a lower relative alkaline

stability of ASU over in-DBD, as also found experimentally by Radford et al.

DMP possesses two methyl groups that may be the target of a hydroxide-induced demethy-

lation, which was studied on top of the addition and elimination reactions studied for ASU.

The energetics of these three reactions are given in Figure 6.10.

Similar to ASU, the addition reaction exhibits the highest energy barrier, requiring a

Gibbs energy of activation of 51.6 kcal/mol. The methyl groups may offer steric protection

to the α-carbon attacked by the hydroxide anion. The β-carbons are, however, located

further away from the methyl groups and therefore potential sterical protection. This may

in part explain the significantly lower ∆G‡ of 22.1 kcal/mol required for the elimination

reaction initiated through a hydroxide attack near a β-carbon. The demethylation requires

the lowest observed ∆G‡ for DMP at 20.6 kcal/mol. This is significantly below the 23.9
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Figure 6.10: Two postulated degradation pathways of DMP (21) in an aqueous alkaline
environment along with the corresponding Gibbs free energy changes and barriers computed at
the DFT level.

kcal/mol of the lowest ∆G‡ found for in-DBD, indicating that DMP should be considerably

less stable in alkaline conditions.

6.4 Mono-Methylated in-DBD

To incorporate in-DBD into an anion exchange membrane, it must be incorporated into

a polymer. The cation can either be part of the polymer chain itself or be attached to

a polymer backbone. In either case, the bare in-DBD needs to be augmented at some

point, possibly altering the degradation pathways of the highly symmetric unsubstituted

in-DBD. Analogous to the previous work on imidazolium-based compounds, the impact

of structural changes to the degradation energetics are investigated. As the starting point

of this investigation, a very simple augmentation of the in-DBD cation is modelled, the

attachment of a single methyl group. As depicted in Figure 6.4, there are only two chem-

ically distinct carbon atoms, therefore, only two different locations for the monomethyla-

tion must be investigated; the methylation at one α-carbon and the methylation at one

β-carbon. The resulting structures were generated, and their geometry optimized; they

are depicted in Figure 6.11.

As the elimination reaction was shown to be by far the most relevant degradation reaction

of the unsubstituted in-DBD cation, this reaction will be studied for the two compounds.

Additionally, the deprotonation reaction is also studied as this pathway might be espe-
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Figure 6.11: Two studied structures to understand the impact of mono-methylation of the
in-DBD cation and its alkaline stability. A single methyl group was added to an α-carbon (22)
and to a β-carbon (23).

Figure 6.12: The three studied approach directions of the hydroxide for the α-methylated (22;
R1=H, R2=CH3) and β-methylated (23; R1=CH3, R2=H) in-DBD. A solid arrow indicates a
path above the respective bond, while a dashed arrow indicates a path below the respective
bond. The three approach directions are labeled in square brackets for future reference.

cially susceptible to changes in the in-DBD structure by exposing the central hydrogen

atom.

The in-DBD molecule can be described as a structure made up of three rings, each con-

taining four carbon atoms and the same two nitrogen atom. Consequently, there are also

three openings between the rings from which the hydroxide might attack. As the added

methyl groups disturb the C3 symmetry axis of in-DBD, all three sides are chemically

distinct, possibly resulting in different degradation energetics. To find the attack route

with the lowest activation energy, the hydroxide attacks are modelled separately for each

of the three different routes.

In the following, the approach directions are labeled as specified in Figure 6.12 as [1], [2]

and [3]. The resulting energetics of the corresponding deprotonation reaction pathways

are reported in Table 6.1.

For each structure, the lowest found activation energy is relevant for its alkaline stability.

It was found that the lowest activation energy for both monomethylated structures is

slightly above the activation energy of the unsubstituted in-DBD (38.6 kcal/mol). There-

fore, the calculations suggest that a mono-methylation of in-DBD does not pose an adverse

effect on the stability towards hydroxide-induced deprotonation and might even have a

slight stabilizing effect.
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Table 6.1: Computed Gibbs free energy change ∆G and Gibbs energy of activation ∆G‡ of the
two mono-methylated variations of in-DBD 22 and 23 for different hydroxide attack pathways.
The lowest ∆G‡ value for each structure is highlighted in bold.

Deprotonation Reaction
Energetics [kcal/mol]

α-Methylated (22) β-Methylated (23)
∆G ∆G‡ ∆G ∆G‡

Approach Direction [1] -12.6 39.7 -12.3 40.8
Approach Direction [2] -12.7 39.1 -12.7 39.3
Approach Direction [3] -12.0 44.8 -12.7 38.8

Figure 6.13: The two hydrogen atoms for each approach direction that are investigated as
potential attack sites for the hydroxide-induced elimination reaction of the α-methylated (22;
R1=H, R2=CH3) and β-methylated (23; R1=CH3, R2=H) in-DBD. The hydrogen that shares
the same nitrogen as its closest neighbor with the methyl group is referred to as ortho, the other
is referred to as para.

For the study of the elimination degradation pathway, the number of possible hydroxide

attack sites increases and need to be considered in individual simulations. After the

hydroxide has approached from the specified orientation, two β hydrogen atoms are readily

accessible to the hydroxide due to their proximity. To reference these two possibilities, the

hydrogen that has that same nitrogen as its closest neighbor as the methyl group is referred

to as ortho, the other is referred to as para, as shown in Figure 6.13. These distinctions

lead to six studied cases for each of the two molecules. The Gibbs free energy change ∆G

and the Gibbs energy of activation ∆G‡ of the elimination reaction are reported in Table

6.2.

The lowest computed Gibbs free energy of activation for the β-methylated in-DBD (23)

is 24.0 kcal/mol, showing only a small deviation from the 23.9 kcal/mol for the original

in-DBD. For α-methylated in-DBD 22, the lowest found ∆G‡ value is 21.9 kcal/mol for

the ortho attack from the approach direction [2], which results in an elimination of the β-

hydrogen that is located right next to the added methyl group. The eliminated hydrogen

may be more susceptible to attack through steric interaction with the methyl group,

lowering the degradation barrier by about 2 kcal/mol in comparison to the unsubstituted

in-DBD. One notable case is the ortho attack from approach direction [1] for the β-
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Table 6.2: Computed Gibbs free energy change ∆G and Gibbs energy of activation ∆G‡ of the
two mono-methylated variation of in-DBD 22 and 23 for different hydroxide attack pathways.
The lowest ∆G‡ value for each structure is highlighted in bold.

Elimination Reaction
Energetics [kcal/mol]

α-Methylated (22) β-Methylated (23)
∆G ∆G‡ ∆G ∆G‡

Approach Direction [1]
Ortho -12.6 23.6 -13.9 30.3
Para -10.8 24.0 -10.4 24.8

Approach Direction [2]
Ortho -14.2 21.9 -11.7 24.3
Para -4.4 24.6 -5.3 24.0

Approach Direction [3]
Ortho -12.9 24.2 -10.6 24.6
Para -10.5 25.0 -11.5 24.9

methylated compound 23 as it results in an exceptionally high ∆G‡ value of 30.3 kcal/mol.

To understand this deviation the transition state is shown in Figure 6.14.

The especially high Gibbs energy of activation for the ortho elimination reaction of the β-

methylated in-DBD 23 from approach direction [1] is likely caused through steric effects.

The attached methyl group is in close proximity with the attacking hydroxide, leading to

additional steric strain in the transition state. This is the only one of the six studied cases

in which the methyl group is directly bound to the same carbon from which the hydrogen

is eliminated by the hydroxide. As the β-methylated in-DBD 23 also has additional β-

hydrogens that do not show a significantly higher ∆G‡ value of the elimination reaction,

the stability in comparison to the original in-DBD is likely not strongly affected. The

hydroxide will generally attack using one of the attack vectors with the lower barrier and

only one out of six β-hydrogens is protected by the methyl-induced increase in ∆G‡.

6.5 Poly-Methylated in-DBD

To further investigate the impact of minor additons to the in-DBD structure, three com-

pounds were crafted by adding multiple methyl groups to in-DBD.

6.5.1 Vicinal Dimethylated in-DBD

Two different dimethylated variations of in-DBD were studied, with neighboring carbon

atoms being substituted in both cases. In the case of molecule 24, the neighboring

α and β position were substituted while both β positions are substituted for molecule

25. The different substitution schemes lead to different possible attack pathways for the

hydroxide. For the α,α-dimethylated compound 24, an approach from all three directions

is chemically differentiable while for compound 25 the two approach directions [1] and

[2] are chemically equivalent, as shown in Figure 6.15.
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Figure 6.14: Transition state of the hydroxide-induced ortho elimination reaction of the β-
methylated in-DBD (23) from approach direction [1], computed at the DFT level.

The energetics of the deprotonation from the different attack pathways are reported for

compound 24 and 25 in Table 6.3. The resulting Gibbs energies of activation are slightly

higher than that of the unsubstituted in-DBD for the hydroxide approach directions [1]

and [2], which are both in close proximity to the introduced methyl group that likely

provides a slight steric protection. A slight decrease in the Gibbs energies of activation

are found for the approach direction [3] for both compounds.

Table 6.3: Computed Gibbs free energy change ∆G and Gibbs energy of activation ∆G‡ of
the two dimethylated variation of in-DBD 24 and 25 for different hydroxide attack pathways
resulting in a deprotonation. The lowest ∆G‡ value for each structure is highlighted in bold.

Deprotonation Reaction
Energetics [kcal/mol]

α,β-Methylated (24) β,β-Methylated (25)
∆G ∆G‡ ∆G ∆G‡

Approach Direction [1] -12.0 42.0
-12.2 39.2

Approach Direction [2] -12.4 42.2

Approach Direction [3] -12.1 37.5 -12.7 36.9

For the elimination reaction of compound 24, two chemically distinct β-hydrogens are pos-

sible targets of the elimination reaction and the resulting attack pathways are computed

separately. They are labeled as ortho and para as shown in Figure 6.16. For approach

direction [3] of compound 25, both vulnerable β-hydrogens are chemically equivalent and
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Figure 6.15: The hydroxide approach directions studied for the two dimethylated compounds
24 and 25. A solid arrow indicates a path above the respective bond, while a dashed arrow
indicates a path below the respective bond. The approach directions are labeled in square
brackets for future reference. For molecule 25 the directions [1] and [2] are chemically equivalent.

for approach direction [1]/[2], the attack of the β-hydrogen at the methylated carbon

atom is modelled.

Figure 6.16: The two hydrogen atoms explicitly shown are those investigated as potential
attack sites for each approach direction for the hydroxide-induced elimination reaction of the
α,β-dimethylated compound 24. The hydrogen that shares the same nitrogen as its closest
neighbor with the methyl groups is referred to as ortho, the other is referred to as para.

The resulting energetics of the elimination reaction for the different reaction pathways

of compounds 24 and 25 are reported in Table 6.4. For both compounds, the lowest

activation barrier is approximately as high as that of unsubstituted in-DBD and was found

for approach direction [3], which is furthest away from the methylated positions. For the

other approach directions, a slightly higher activation barrier was found, suggesting that

the methyl groups lead to a local steric protection against hydroxide-induced elimination.
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Table 6.4: Computed Gibbs free energy change ∆G and Gibbs energy of activation ∆G‡ of
the two dimethylated variation of in-DBD 24 and 25 for different hydroxide attack pathways
resulting in an elimination. The lowest ∆G‡ value for each structure is highlighted in bold.

Elimination Reaction
Energetics [kcal/mol]

α,β-Methylated (24) β,β-Methylated (25)
∆G ∆G‡ ∆G ∆G‡

Approach Direction [1]
Ortho -15.3 26.9

-11.5 28.8
Para -3.7 25.6

Approach Direction [2]
Ortho -6.3 23.9
Para -10.5 24.7

Approach Direction [3]
Ortho -12.7 23.7

-10.7 24.4
Para -4.6 25.1

6.5.2 Hexa-Methylated in-DBD

As the methylation of β-carbons has resulted in a local steric protection around the

substituted atom, fully substituting all six β-carbon atoms may result in a comprehensive

steric protection and is investigated through the β-hexamethylated compound 26 shown

in Figure 6.17.

Figure 6.17: The structure of β-hexamethylated in-DBD 26. As all six β-carbons are methy-
lated, the molecule belongs to the point group D3, therefore having the same degree of symmetry
as unsubstituted in-DBD.

As all six β-carbons are substituted, the structure thus possesses the same degree of

symmetry as unsubstituted in-DBD. Therefore, only a single reaction pathway must be

studied for both the deprotonation and the elimination degradation reactions. The re-

sulting energetics are reported in Table 6.5.

Table 6.5: Computed Gibbs free energy change ∆G and Gibbs energy of activation ∆G‡ of
β-hexamethylated in-DBD 26 for the deprotonation and elimination degradation pathways.

β-hexamethylated in-DBD (26) ∆G ∆G‡

Deprotonation Energetics [kcal/mol] -11.0 39.2
Elimination Energetics [kcal/mol] -15.5 30.7

The reaction barrier of the deprotonation is only minorly affected compared to unsubsti-

tuted in-DBD, increasing slightly from 38.6 kcal/mol to 39.2 kcal/mol. The effect on the
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deprotonation is likely small as two counteracting effects are present. On the one hand,

the methyl groups add steric protection around the central hydrogen atom. However, the

methyl groups also cause the three rings of in-DBD to repel each other more strongly,

thereby leading to the carbon chains to adopt a straighter and less jagged chain, opening

up a bigger gap between the rings, as shown in Figure 6.18.

Figure 6.18: Optimized structure of unsubstituted in-DBD 19 (left) and β-hexamethylated
in-DBD 26 (right). The distance between the β-carbons of neighboring rings is increased slightly
by the introduction of the methyl groups, as indicated by the red arrows.

For the elimination reaction, the steric protection of the methyl groups strongly dominates,

and the reaction barrier is increased to 30.7 kcal/mol compared to the 23.9 kcal/mol in

the unsubstituted in-DBD. The β-hexamethylated in-DBD 26 is therefore suggested to be

significantly more resistant to hydroxide-induced degradation than unsubstituted in-DBD

19.

6.6 Benzofused in-DBD

The addition of a benzene ring that is fused to one of the in-DBD rings at the β-carbons

is an interesting derivative of in-DBD for incorporation into a polymer structure. The

aromatic ring is attached to the core in-DBD cation as a rigid structure that could be

used as an anchor for polymer attachment while also keeping the polymer and the cation

separated spatially.

As the aromatic ring points towards only one of the neighboring in-DBD subrings, the

symmetry of in-DBD is broken and different approach pathways of the hydroxide have to

be studied, as shown in Figure 6.19.

The energetics resulting from the different approach directions are summarized in Table

6.6. The lowest found reaction barrier for the deprotonation is significantly lower at 29.8

kcal/mol in comparison to the 38.6 kcal/mol of the unsubstituted in-DBD. The barrier of
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Figure 6.19: The hydroxide approach directions studied for the two benzofused in-DBD 27.
A solid arrow indicates a path above the respective bond, while a dashed arrow indicates a path
below the respective bond. The approach directions are labeled in square brackets for future
reference.

Table 6.6: Computed Gibbs free energy change ∆G and Gibbs energy of activation ∆G‡ of
the benzofused in-DBD 27 for the deprotonation and elimination degradation pathways. The
lowest ∆G‡ value for each degradation type is highlighted in bold.

Reaction Energetics [kcal/mol]
Deprotonation Elimination
∆G ∆G‡ ∆G ∆G‡

Approach Direction [1] -14.9 35.2 -19.2 24.7
Approach Direction [2] -17.2 32.0 -15.8 22.0
Approach Direction [3] -15.9 29.8 -16.5 25.7

the elimination reaction is also lowered in comparison to the unsubstituted in-DBD, from

23.9 kcal/mol to 22.0 kcal/mol. The molecule is therefore suggested to be significantly

more susceptible to hydroxide attacks and is expected to possess a lower alkaline stability.

The higher susceptibility to degradation is likely caused by the strong effects of the rigid

aromatic ring, which strongly perturbs the intricate symmetric structure of unsubstituted

in-DBD as shown in Figure 6.20. The phenyl ring is tilted towards one of the rings of the

core in-DBD structure, possibly adding additional strain to the structure that favors the

ring opening of the elimination reaction.

6.7 Summary and Conclusions

In this computational study, in-DBD 19 was investigated with special attention to the

hydroxide-induced degradation. Three possible degradation pathways were investigates,

namely an addition, an elimination and a deprotonation reaction, corresponding to those
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Figure 6.20: Optimized 3D structure of the benzofused in-DBD 27. The addition of the rigid
aromatic ring strongly perturbs the structure of the unsubstituted in-DBD promoting hydroxide-
induced degradation.

reported by Radford et al. The deprotonation and addition reactions possess significantly

higher energy barriers than the elimination reaction. The elimination reaction is therefore

expected to be the main alkaline degradation cause of in-DBD, which is consistent with

the experimental findings by Radford et al.[37]

To investigate the suitability of in-DBD to be incorporated into a polymer, the effect

of a minimal addition to the base structure was studied through model systems. The

addition of a single methyl group at the β position was found to have a small impact on

the elimination reaction barrier (molecule 23), while a reduction of about 2 kcal/mol was

found for methylation in the α position (molecule 22). This suggests that in-DBD may be

attached to a polymer through an aliphatic substitution at the β position without adverse

effects to the alkaline stability. The attachment through the α position may however lead

to a higher susceptibility to alkaline degradation through the elimination pathway.

More complex derivatives were also studied. It was found that a dimethylation of two

neighboring carbon atoms has only a minor effect on the susceptibility to hydroxide at-

tacks, with a slightly higher resistance when two β-carbons are methylated (25) instead

of an α- and a β-carbon (24). A methylation of all β-carbons of in-DBD, resulting in

molecule 26, has a strong effect on the elimination reaction barrier by sterically protect-

ing all vulnerable hydrogen atoms, raising the ∆G‡ value by 6.8 kcal/mol, suggesting the

compound to be much more durable in an alkaline environment. The fusion of a ben-

zene ring to two neighboring β-carbons (27) lowers the elimination reaction barrier by

1.9 kcal/mol, as the rigid aromatic ring distorts the symmetric in-DBD structure.
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Figure 6.21: The structure of in-DBD 19 and the six derivatives 22 to 27 that were studied
in this work for their alkaline stability. The lowest Gibbs free energy of activation ∆G‡ that was
found for each structure is reported; it stems from the elimination reaction in each case.

In summary, this work suggests that in-DBD may be attached to a polymer backbone

through an aliphatic connection without significant reduction in alkaline stability, espe-

cially when the substitution site is a β-carbon and if more than one aliphatic group is

added. If synthetically feasible, a substitution at all β-carbon sites would enable a sig-

nificant increase in alkaline stability while also offering attachment sites for a polymer

backbone.

Significant advances in the design of stable AEMmaterials are expected when further work

is focused on experimental measurements to evaluate the computational findings described

in this chapter. In particular, the synthesis and characterization of alkaline stability of

the hexamethylated in-DBD 26 is promising. If the computational findings are repro-

duced, molecule 26 is a prospective material for exceptionally stable AEMs, significantly

surpassing the durability of even unsubstituted in-DBD. If experimental investigations

of molecule 26 do not reproduce the exceptional stability suggested by the calculations,

further refinement of the computational modeling is enabled, possibly uncovering further

degradation pathways.

In addition to further experimental testing, the expansion of the computational work is

also expected to produce valuable insights. Incorporating different numbers of explicit

water molecules will enable a deeper understanding of the influence that hydration of the

hydroxide has on the degradation mechanics. Higher hydration of hydroxide generally

leads to a decreased degradation rate, and increased understanding of the underlying
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mechanisms could aid the design of materials that take advantage of this effect locally,

i.e. by incorporating hydrophilic groups near sites that are vulnerable to hydroxide attack.

Finally, a combination of experimental and computational efforts should be aimed at

incorporating in-DBD into a polymer structure while retaining or improving its alkaline

stability. Larger substituents should be added to in-DBD to investigate their impact

on alkaline stability before then constructing model polymer structures containing the

in-DBD core group. For these model polymer structures, stability computations should

be performed that take reaction barriers, hydration levels and motion of the hydroxide

anions into account. The stability trends suggested by the stability computations can

then be compared to experimental measurements to refine the computational modelling.

With a refined computational model, the design of an in-DBD containing polymer with

high resistance to hydroxide attack can be derived.
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Conclusions

In this work, different routes towards the design of anion exchange membranes with

high stability in an alkaline chemical environment have been explored, using ab initio

simulations, dataset analysis and machine learning. A major focus was set on cations

based on the imidazolium group and a further excursion was made into the in-DBD

group. A method has been developed to computationally assess the alkaline stability of

imidazolium-based compounds and was then applied to an expansive molecular dataset of

5832 compounds. The computational stability calculations were verified by experimentally

synthesizing and testing five of the compounds in the dataset, thereby also identifying an

exceptionally stable candidate compound. By analyzing the dataset and training machine

learning models on the data, an in-depth understanding of the structure-stability relation-

ship has been gained and a method has been devised for making computational stability

assessments within the fraction of a second using the trained machine learning models.

Lastly, ab initio simulations gave insights into the exceptionally stable in-DBD cation,

recently reported by Radford et al., to understand the relevant degradation pathways and

guide the strategy of attaching it to a polymer backbone for use in an AEM.

The identification of a computationally derived stability descriptor was reported in Chap-

ter 3. The degradation pathways of a selection of imidazolium-based compounds were

studied using highly accurate ab initio methods. It was identified that the hydroxide

attack of the C-2 atom is the most important degradation step, due to its comparatively

low energy barrier. Comparisons with experimental stability data reported in literature

confirmed the importance of the C-2 hydroxide attack, as the reported half life values

are correlated with both the computed Gibbs energy of activation ∆G‡
HA and the Gibbs

energy change ∆GHA. As the Gibbs energy change requires significantly lower compu-

tational resources and manual intervention, it was identified as an ideal computational

descriptor of alkaline stability for imidazolium-based compounds.

With the viable computational stability descriptor identified, it was applied to a large

number of compounds, as described in Chapter 4. A selection of 18 synthetically feasi-

ble and varied substituents were systematically added to the imidazolium base structure
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while making precautions to eliminate compounds that are expected to pose difficulties

during synthesis due to a broken symmetry. The computational workflow of deriving the

stability descriptor was streamlined and fully automated through a Python script to effi-

ciently evaluate each member of the generated molecular dataset. The resulting dataset

contains a significant number of compounds that are computationally predicted to possess

an exceptional alkaline stability. To verify the computed stabilities, five compounds were

selected and their computed stability was verified experimentally in two different stability

tests. The computed stability values showed good agreement with the experimental sta-

bility measurements and a stable penta-substituted imidazolium 14 was identified with

exceptional alkaline stability in conjunction with a high ion exchange capacity.

The generated dataset not only allows the selection of promising compounds contained,

but the number of contained compounds also allowed for a quantitative assessment of

the structure-stability relationship that was not previously possible. The dataset was

thoroughly analyzed, the results of which were described in Chapter 5. The effect of

substituent choice on the computed alkaline stability could be identified for each of the

three distinct substitution sites. For the C-2 substituent R1, the substituents based on

ortho substituted phenyl showed a substantially higher stability than the alternatives,

due to direct and indirect steric effects. The N-1/N-3 substituent choice was shown

to be less binary compared to that of C-2, generally showing a higher stability with

increased steric demand. The insights into the effects of the C-4/C-5 substituent are

especially illuminating, as they show that a phenyl substituent in this position leads

to the lowest computed stability among the 18 studied substituents. This is especially

relevant since a large fraction of the compounds reported in literature possess a phenyl

group in this position. The calculations predicted that even a simple methyl group could

possess a significantly higher stability, which was also experimentally verified as molecule

14 and 5 differ only in their C-4/C-5 substituent, with the choice falling on methyl and

phenyl, respectively. In the solution based degradation test, the switch from a phenyl

to a methyl group tripled the half life in alkaline solution and nearly eliminated the

mass loss in the dynamic vapor sorption test cycle. Lastly, the stability calculation for

novel compounds was drastically accelerated through a machine learning model that only

requires the chemical structure as input and returns the computational stability descriptor

within a fraction of a second with a mean absolute error of 1.31 kcal/mol.

In addition to the significant advances in the design of alkaline stable imidazolium-based

cationic groups, an alternative cation, in-DBD 19, was investigated through ab initio

simulations described in Chapter 6. The in-DBD cation has been shown to possess ex-

ceptional alkaline stability by Radford et al., making it an intriguing candidate for the

implementation in durable anion exchange membranes. However, the stability is related
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to intricate effects of the highly symmetric in-DBD structure. Adding chemical groups

to the core in-DBD structure may profoundly affect the hydroxide-induced degradation

reaction, but is needed to incorporate the cation into a polymer for the use in AEMs.

To guide the design of a suitable polymer anchor, the degradation pathways were thor-

oughly investigated computationally. In agreement with the experimental data published

by Radford et al., the elimination reaction was found to be the dominating factor in

the alkaline in-DBD degradation. To understand the impact of changes to the in-DBD

structure, small additions were made to it and their effects on the degradation pathways

were computed. It was found that methylation is expected to have little to no adverse

effect on stability, with a methylation on the β-carbons even showing a protective effect.

By adding a methyl group to each of the six β-carbons, the core in-DBD is protected,

leading to a considerably higher resistance to hydroxide attack. Fusing a phenyl ring to

the structure as an anchor leads to a distortion of the symmetric in-DBD structure that

comes with an increased vulnerability to hydroxide attack.

Outlook

An apparent expansion of the work presented in this dissertation involves additional exper-

imental exploration of the many promising but experimentally still unstudied compounds

available in the computed molecular dataset. The experimentally studied imidazolium 14

is already much more stable than the comparable penta-substituted imidazoliums used

as reference in Chapter 3. However, a number of compounds are computationally pre-

dicted to exhibit an alkaline stability that is multiple times higher but could not yet be

studied. Additional degradation tests at varying conditions should also be performed to

allow comprehensive study of the effect different conditions have on stability and allow

for further comparisons to compounds already reported in literature.

Replacing the C-4 and C-5 substituent from the commonly used phenyl groups for methyl

groups has been showcased in this work as a highly effective method for simultaneously

increasing alkaline stability and decreasing molecular weight. This strategy promotes

the design of compounds that can exhibit high durability and ion exchange capacity,

making them ideal for the use in effective anion exchange membranes. Computational

and experimental work should be aimed towards investigating if this strategy holds for

similar classes of compounds, such as bis-arylimidazolium. A notable candidate for this

strategy is the bis-arylimidazolium-based compound 10, which already exhibits very high

alkaline stability despite being substituted by phenyl at C-4 and C-5 and has the potential

to reach truly exceptional stability.
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In addition to the investigation of individual compounds, an expansion of the molecular

dataset to multivalent cations is promising, such as those based on bis-arylimidazolium.

This expanded exploration of the chemical space is also expected to uncover compounds

with exceptional alkaline stability. With the molecular dataset expanded from penta-

substituted imidazoliums, it would contain a much larger variety of novel electronic

and structural interactions. Investigating these will further deepen the understanding

of the structure-stability relationship of imidazolium-based compounds and guide addi-

tional structural design improvements.

Further refinements of the computational stability calculations are also of high value. The

reactivity of hydroxide is determined to a high degree by the water content around it,

as seen, for example, in the dynamic vapor sorption test procedure. By incorporating

varying amounts of explicit water molecules into the simulation of the degradation reac-

tions, further insights can be obtained. With thus obtained insights, the computational

stability descriptor can be tuned to a specific chemical environment, better modelling the

conditions within different degradation tests and application fields.

Continued refinement of the calculations is possible by taking reaction dynamics into

account in the form of molecular dynamics calculation. Within ab initio molecular dy-

namics simulations, the hydroxide attack can be examined in increased detail, especially

providing an understanding of the events prior to the attack. With this understand-

ing, additional strategies for suppressing hydroxide attacks might be foreseeable, e.g., by

inhibiting hydroxide anions from approaching the attack site in the first place. Perform-

ing ab initio molecular dynamics simulations may also uncover yet unknown degradation

pathways that were not explicitly studied in static simulations, e.g. uncovering a weak

point of an added substituent.

An important aspect to be explored is the impact on alkaline stability incurred by the

cations upon incorporation into a polymer structure. Model polymer structures should

be constructed computationally, noting changes to the cation properties and evaluating

their effect on degradation pathways. For this step, the utilization of molecular dynamics

is especially worthwhile, as it allows for the investigation of the hydroxide motion and its

approach towards the vulnerable sites of the cationic groups. With the comprehension

gained from these calculations, strategies can be developed for incorporating the cations

into a polymer structure while retaining or even increasing their stability. Possible strate-

gies might include limiting encounters of hydroxide and cations or increasing hydration

near vulnerable sites to locally reduce the hydroxide’s reactivity.

The methodologies developed in this PhD project and the future work suggested should

also be further applied to the highly promising in-DBD cation. An expansive investi-
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gation of the structure-stability relationship should be gained through the automated

stability computation of a large number of in-DBD derivatives. Additional refinements to

the computational methodology should be applied including explicit water molecules and

performing molecular dynamics simulations. The impact of incorporating the cation into

a model polymer structure should also be studied further. From an experimental perspec-

tive, in particular the hexa-methylated in-DBD 26 is of special interest, as it introduces

an anchor site for polymer attachment while simultaneously adding additional protection

to the core in-DBD group from hydroxide attack. Synthesis and stability measurements

of molecule 26 are expected to be rewarding as they will deepen the understanding of the

degradation reactions and possibly uncover a highly stable alternative to unsubstituted in-

DBD. The work on in-DBD is of great interest as unsubstituted in-DBD already exhibits

very high alkaline stability and design improvements through computational exploration

may promote it to be an exceptionally durable material for AEMs.

Lastly, other aspects, apart from alkaline stability, should be investigated that are crucial

for highly effective AEMs, including their conductivity, water uptake and mechanical

strength. The proposed molecular dynamics simulations may be a valuable strategy to

assess the ionic conductivity and mechanical properties in addition to the alkaline stability.

The proposed study of explicit water molecules can additionally aid in the understanding

of the water uptake and swelling behavior.

The combination of the methods and results obtained in this PhD project with the further

work suggested, results in a powerful methodology to accelerate the design of effective and

durable AEM materials. With these materials uncovered, it is possible to construct long-

lived and performant AEM-based fuel cells and water electrolyzers, suitable for widespread

adoption due to their non-reliance on rare platinum group metals. These technologies will

play a pivotal role in transitioning to a sustainable energy economy and mitigating the

adverse effects of climate change as much as possible.
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[19] H Sayed-Ahmed, Árpad Istvan Toldy, and A Santasalo-Aarnio. Dynamic opera-

tion of proton exchange membrane electrolyzers—critical review. Renewable and

Sustainable Energy Reviews, 189:113883, 2024.

116



[20] Kewei Hu, Jiakun Fang, Xiaomeng Ai, Danji Huang, Zhiyao Zhong, Xiaobo Yang,

and Lei Wang. Comparative study of alkaline water electrolysis, proton exchange

membrane water electrolysis and solid oxide electrolysis through multiphysics mod-

eling. Applied Energy, 312:118788, 2022.

[21] Shahbaz Ahmad, Tahir Nawaz, Asghar Ali, Mehmet Fatih Orhan, Ayesha Samreen,

and Arunachala M Kannan. An overview of proton exchange membranes for fuel

cells: Materials and manufacturing. International Journal of Hydrogen Energy,

47(44):19086–19131, 2022.

[22] Maximilian Bernt, Alexandra Hartig-Weiß, Mohammad Fathi Tovini, Hany A

El-Sayed, Carina Schramm, Jonas Schröter, Christian Gebauer, and Hubert A
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Appendix

Procedure of the Solution Degradation Test

In a glove box, the imidazolium in its iodide form (imidazolium 5: 7 mg, imidazolium

12: 8 mg, imidazolium 13: 8 mg, imidazolium 6: 9 mg, imidazolium 14: 6 mg), 56

mg of grinded KOH and 3 mg of the sodium salt of 3-(Trimethylsilyl)-1-propanesulfonic

acid (NaDSS) were added to a vial. Outside of the glovebox under argon flow, 0.50 mL

deuterated methanol was added to the solids, the mixture was added to a NMR tube and

flame sealed. After measuring an initial 1H-NMR, the tubes were placed in an oil bath at

80 °C and further 1H NMR measurements were performed at intervals of approximately

five days. A final 1H NMR was performed after at least 30 days.

The fraction of imidazolium remaining was quantified by determining the ratio of the

integral of the 2H signal of the mesityl group at around 7.25 pm and the integrals of all

non-obstructed signals of the NaDSS and dividing those values by the respective value at

day 0 of the degradation test.
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Procedure of the Dynamic Vapor Sorption Degrada-

tion Test

About 30 mg of the iodide form of the imidazolium was dissolved in approximately 1 mL

of a degassed mixture of methanol and deionized water at varying ratios (imidazolium

5: 1:1, imidazolium 12: 1:1, imidazolium 13: 2:1, imidazolium 6: 2:1, imidazolium 14:

1:1). The solution was passed twice through approximately 1 g of Amberlyst A-26(OH)

ion exchange resin and rinsed once with an additional 0.5 mL of the solvent mixture.

The solution was then given into the Dynamic Vapor Sorption device and the following

sequence of target relative humidity (RH) stages was started at 60 °C:

1. 120 min, 40 % RH

2. 600 min, 70 % RH

3. 120 min, 80 % RH

4. 120 min, 70 % RH

5. 120 min, 60 % RH

6. 120 min, 50 % RH

7. 120 min, 40 % RH

8. 120 min, 30 % RH

9. 240 min, 70 % RH

10. 120 min, 30 % RH

11. 180 min, 20 % RH

12. 180 min, 15 % RH

13. 240 min, 10 % RH

14. 240 min, 70 % RH

15. 120 min, 30 % RH

16. 120 min, 10 % RH

17. 180 min, 7.5 % RH

18. 180 min, 5 % RH

19. 180 min, 2.5 % RH

20. 180 min, 1 % RH

21. 240 min, 70 % RH

126



1H NMR of Imidazolium 5

1H-NMR: (600 MHz, MeOD-D4) δ [ppm] = 7.48 (m, 10H, H-1), 7.22 (s, 2H, H-2), 3.55

(s, 6H, H-3), 2.41 (s, 3H, H-4), 2.24 (s, 6H, H-5).
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1H NMR of Imidazolium 12

1H-NMR: (600 MHz, MeOD-D4) δ [ppm] = 7.50 (m, 10H, H-1), 7.26 (s, 2H, H-2), 3.97

(q, 4H, H-3), 2.43 (s, 3H, H-4), 2.27 (s, 6H, H-5), 1.03 (t, 6H, H-6).
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1H NMR of Imidazolium 13

1H-NMR: (600 MHz, MeOD-D4) δ [ppm] = 7.49 (m, 10H, H-1), 7.26 (s, 2H, H-2), 3.90

(t, 4H, H-3), 2.44 (s, 3H, H-4), 2.28 (s, 6H, H-5), 1.37 (m, 4H, H-6), 0.59 (t, 6H, H-7).
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1H NMR of Imidazolium 6

1H-NMR: (600 MHz, MeOD-D4) δ [ppm] = 7.50 (m, 10H, H-1), 7.27 (s, 2H, H-2), 3.93

(t, 4H, H-3), 2.44 (s, 3H, H-4), 2.28 (s, 6H, H-5), 1.32 (m, 4H, H-6), 0.99 (m, 4H, H-7),

0.55 (t, 6H, H-8).
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1H NMR of Imidazolium 14

1H-NMR: (600 MHz, MeOD-D4) δ [ppm] = 7.15 (s, 2H, H-1), 3.50 (s, 6H, H-2), 2.41 (s,

6H, H-4/H-5), 2.38 (s, 3H, H-3), 2.03 (s, 6H, H-4/H-5).
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DVS Measurements of Imidazolium 5

DVS Measurements of Imidazolium 12
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DVS Measurements of Imidazolium 13

DVS Measurements of Imidazolium 6

133



DVS Measurements of Imidazolium 14
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The selection of the substituents used in Chapter 4 was performed with the help of Dr.

Mohammad Javad Eslamibidgoli, Sai Govind Hari Kumar and Dr. Kate Fraser. All five

compounds 5, 6, 12, 13 and 14 used for experimental verification were synthesized by

myself. Dr. Kate Fraser synthesized compounds 6 and 13 in parallel and her batch was

used for the degradation test as they were available at an earlier time. For the solution-

based degradation test, the samples were prepared together with Dr. Chase Radford.

Setup of the DVS procedure for the five compounds was performed together with either

Dr. Chase Radford or Dr. Torben Saatkamp. The last 1H-NMR spectrum of compounds

5, 6, 12 and 13 and the last three 1H-NMR spectra of compound 14 were performed by

Dr. Chase Radford and Dr. Torben Saatkamp, as they had to be taken after the research

stay was over. For non-substantive tasks including spelling and grammar checks, the

generation of simple Python and bash scripts, and literature research, generative artificial

intelligence was utilized.

List of Publications

Contributions to the following publications published so far were made in the time frame

of the PhD Project.

• Tipp, F. P., Fraser, K., Eslamibidgoli, M. J., Malek, K., Holdcroft, S., & Eikerling,

M. H. (2024). Stability Descriptors for (Benz) imidazolium-Based Anion Exchange

Membranes. Macromolecules, 57(4), 1734-1743.

• Cheong, O., Tipp, F. P., Eikerling, M. H., & Kowalski, P. M. (2024). Entropy

Effects on Reactive Processes at Metal-Solvent Interfaces. The Journal of Physical

Chemistry C, 128(19), 7892-7902.
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