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Abstract

Corrosion protection is critical in almost all engineering applications whereas chromium(VI)-
based solutions have been used to ensure structural integrity in light metal engineering in the
last decades. The urgent need to eliminate this highly effective but equally toxic approach
remains one of the major challenges that industry faces to-date, despite decades of efforts to
identify environmentally benign alternatives. A promising strategy is based on the application
of layered double hydroxides (LDHs) intercalated with potent corrosion inhibitors, which have
shown a great potential to control the corrosion rates of aluminium and magnesium-based
materials. However, the possible compositions to realize an LDH-based corrosion protection
systems are essentially infinite and cannot be evaluated by experimental techniques alone
because the space of possible materials is too vast to be explored, even by the most optimistic
projections of high-throughput experimental methods alone. This thesis lays the foundation
for a computational workflow based on atomistic simulation techniques and machine learning
to accelerate the development and evaluation of LDH-based corrosion inhibition systems.
The atomistic simulation results shed more light on the anion exchange mechanism and
demonstrate how the water content in the interlayer region affects the structure and stability
of LDHs. The results show that the initially intercalated anions are released first during
the anion exchange process, followed by new anion intercalation, and finally the change
in water content stabilizes the LDH system. Furthermore, the mobility of the intercalated
anions may be an intrinsic factor influencing their release during anion exchange. In addition
to the atomistic simulations, machine learning techniques were used to create a machine-
learned force field (ML-FF) for LDH system with almost ab initio accuracy. Despite being
trained on small size LDH structures, this ML-FF has demonstrated the ability to scale up
to investigate large LDH systems, providing a powerful and accurate force field for further
computer-assisted design of LDH-based systems. Another aspect of the presented work
is the development of a quantitative structure-property relationship (QSPR) model for the
pre-selection of effective corrosion inhibitors that extends the computer-aided LDH design
by another element to render it more versatile. The QSPR-based models provided robust
estimates for the majority of the blindly tested compounds and the used techniques provide a
framework to increase the domain of applicability of the models by increasing the size and
versatility of the underlying training datasets following an active learning approach. This thesis
provides a proof of concept on how atomic simulations that provide detailed information on
the underlying mechanism can be synergistically combined with machine learning techniques
to speed up the development of novel LDHs in future research.






Zusammenfassung

Effektiver Korrosionsschutz ist bei fast allen technischen Anwendungen und insbesondere
beim Einsatz von metallischen Leichtbauwerkstoffen von entscheidender Bedeutung.Dabei
bleibt der vielseitige Schutz durch Anwendung von Chrom(VI)-haltige Schutzsystemen seit
langer Zeit uniibertroffen. Die dringende Notwendigkeit, diesen hochwirksamen, aber ebenso
toxischen Ansatz zu eliminieren, ist nach wie vor eine der groBten Herausforderungen fiir die
Industrie, trotz jahrzehntelanger Bemiihungen, umweltfreundliche Alternativen zu finden. Ei-
ne vielversprechende Alternative basiert auf der Anwendung von in Schichtdoppelhydroxiden
(LDH) intakalierten Korrosionsinhibitoren, welche bereits ein grol3es Potenzial zur Kontrolle
der Korrosionsraten von Aluminium- und Magnesiumwerkstoffen gezeigt haben. Die mogli-
chen Zusammensetzungen zur Realisierung von Korrosionsschutzsystemen auf LDH-Basis
sind jedoch im Grunde unendlich und kénnen nicht allein durch experimentelle Ansétze
evaluiert werden. Die vorliegende Arbeit legt den Grundstein fiir einen rechnergestiitzten
Arbeitsablauf, der auf atomistischen Simulationstechniken und maschinellem Lernen basiert,
um die Entwicklung und Bewertung von LDH-basierten Systemen nachhaltig zu beschleuni-
gen. Die durchgefiihrten atomistischen Simulationen konnten dazu eingesetzt werden, bisher
unbekannte Aspekte des Anionenaustauschprozesses aufzudecken. Die Ergebnisse zeigen,
dass die urspriinglich eingelagerten Anionen wéhrend des Anionenaustauschs zuerst freige-
setzt werden und das Gesamtsystem nach der Einlagerung eines anderen Anions durch die
Verdnderung des relativen Wassergehalts stabilisiert wird. Dariiber hinaus kann die Mobilitat
der interkalierten Anionen ein wesentlicher Faktor sein, der ihre Freisetzung beim Anionen-
austausch beeinflusst. Zusétzlich zu den atomistischen Simulationen wurden Techniken des
maschinellen Lernens eingesetzt, um ein rechenzeiteffizientes Kraftfeld (ML-FF) fiir LDHs mit
nahezu ab initio Genauigkeit zu erstellen. Es konnte gezeigt werden, dass das entwickelte ML-
FF die akkurate Berechnung groRer Systeme erlaubt. Ein weiterer Aspekt der vorliegenden Ar-
beit ist die Entwicklung eines quantitativen Struktur-Eigenschafts-Beziehungsmodells (QSPR)
zur Vorauswahl effektiver Korrosionsinhibitoren, dass das computergestiitzte LDH-Design
um ein weiteres Element erweitert. Die QSPR-basierten Modelle lieferten eine angemessene
Vorhersagegenauigkeit. Dariiber hinaus schaffen die verwendeten Techniken die Grundlage,
um den Anwendungsbereich der Modelle zu erweitern, indem die Grof3e und Vielseitigkeit
der zugrunde liegenden Trainingsdatensdtze durch Ansétze aus dem aktiven Lernen erhoht
wird. In dieser Arbeit wurde gezeigt, wie atomistische Simulationen, die detaillierte Informa-
tionen {iber den zugrunde liegenden Mechanismen liefern, synergetisch mit Techniken des
maschinellen Lernens kombiniert werden kénnen, um die Entwicklung neuartiger LDHs zu
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beschleunigen.
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! Introduction

1.1 Light metals and corrosion protection

Light metals such as aluminium (Al) and magnesium (Mg) with exceptional strength-to-weight
ratios, as demonstrated in Table 1.1, and high processability are widely used in engineering
applications such as the aerospace and automotive industries. [1-5] It is estimated that over
60% of aircraft structures are made of aluminum alloys [6], while magnesium alloys amount for
approximately 2% [7]. In automotive industry, Mg and Al parts have grown rapidly, with annual
growth rates of nearly 15% for Mg in the 1990s and more than 80% for Al from 2007 to 2012. [8]
However, due to their low corrosion resistances and highly complex application environments,
effective protection strategies are required to maintain their stability and durability during
their service life in the respective applications. [3, 9]

Table 1.1: Comparison of various properties of Al and Mg: density, strength and emissions.

[10-12]
Properties Al Mg
Density (kg-m™) 2700 1738
Strength-to-Weight Ratio (kN-m-kg™’) 130 158
Emissions (kg[CO,] -kg™) 22 69

Corrosion is commonly defined as the degradation of a material through interaction with its
environment, resulting the destruction of its chemical, physical and mechanical properties
and is frequently encountered in metallic materials since most metals are easily oxidized by
losing their electrons to oxygen. [13] It has direct economic, energy, and security consequences
that affect both individuals and society as a whole. [14, 15] For example, the global cost of
corrosion in 2013 was estimated to be US$2.5 trillion, or 3.4% of the global gross domestic
product (GDP). [16] Strategies for corrosion protection can extend the service life of a metal
structure, improve its service safety and reduce maintenance cost. [14, 15] The application of
protective coatings is widely employed to protect light metal alloys from corrosion by isolating
them from the corrosive environments. [17-20] The protection efficiency of such coatings



Chapter 1. Introduction

decreases significantly after the formation of defects caused by e.g. ageing or fatigue. [9, 19]
The introduction of corrosion inhibitors into the coatings has been applied to overcome this
issue and provide active and consistent long-term corrosion protection for the light metal
alloys. [9,21,22] In the past, chromium conversion coatings as well as polymer coatings with
chromate-based inhibiting pigments were widely used for corrosion protection of Al and
Mg alloys due to their remarkable corrosion resistance. [23, 24] However, their use is highly
restricted due to the high toxicity of hexavalent chromium to humans and the environment.
[23,25,26] The use of Cr(VI) compounds is prohibited for all applications under European
Chemical Agency (ECHA) regulations from 2024 on. [27] There is thus a strong incentive for
finding non-toxic 'green’ inhibitors with comparable performance, which would be essential
in the field of corrosion protection. [28]

Corrosion inhibitors can be embedded directly into the surface coating at the primer stage.
However, it must be assured that they can be released by external stimuli (e.g. chemical or
mechanical damages) to inhibit corrosion reactions in the damaged areas or to promote a
self-healing reaction to reseal the scratch. [21,22,29-31] This release is not yet controllable
as all corrosion inhibitors are frequently released rapidly once a defect occurs [19] and, in
addition, potentially negative interactions between the corrosion inhibitor and the coating
are sometimes observed [32]. An improved strategy for controlled release of the corrosion
inhibiting species is to load the inhibitors into a smart carrier prior to embedding it in the
coating. [9, 33, 34] The smart carrier is responsive to external stimuli (e.g. pH, chemical or
mechanical damages, humidity, light and temperature) and will gradually release the corrosion
inhibiting species upon being subjected to one or more of these external influences. [9,33-38]
Several materials are currently utilized as smart carriers for loading corrosion inhibitors,
e.g. carbon nanotubes [39], zeolites [40,41], montmorillonite [42-44] and layered double
hydroxides (LDHs) [45-47].

= LDH loaded with inhibitors
L|ght meta|S a"oys l:l Complexed inhibitor film
Inhibitor
© c-

Figure 1.1: Schematic representation of an organic coating loaded with LDHs as smart inhibitor
carriers for the corrosion protection of light metal alloys such as Mg.

Compared to other smart carriers, LDHs have received a significant research focus over the last

2



1.2 Layered double hydroxides

decades due to their unique anion exchange characteristics and numerous functional applica-
tions (e.g. corrosion protection). [9] Figure 1.1 depicts a schematic diagram of the inclusion of
inhibitor-loaded LDHs into an organic coating to protect Mg from corrosion. A wide range of
inhibitors have been investigated to be intercalated into LDHs, including inorganic anions
like vanadate [19], phosphate [48], tungstate [49], molybdate [50] as well as organic anions like
quinaldate [51], laurate [52], 8-hydroxyquinoline [45] and 2-mercaptobenzothiazolate [51],
with the aim of improving the corrosion resistance of the resulting organic coating. There
are essentially an infinite number of potential inhibitors that could be incorporated into
the intergallery space of an LDH which cannot be investigated by experimental techniques
alone. [30] Hence, the use of computational techniques is indispensable to pre-select a good
inhibitor to be intercalated into LDH, to study the structure and stability of novel LDH and to
gain a deeper understanding of LDH-based corrosion protection schemes.

1.2 Layered double hydroxides

Layered double hydroxides (LDHs) are a class of layered nano-structures consisting of pos-
itively charged metal hydroxides layers, intercalated counter anions and water molecules.
[53-55] The metal hydroxide layer is composed of octahedral units connected by edge sharing,
as shown in Figure 1.2, with usually one M?* ion in the center of each neutral octahedral
unit and six hydroxide ions at the corners. The unit will be positively charged if the M?*
is substituted with an M3*. Intercalation of anions is required to balance the positive net
charge in the metal hydroxide layer. LDH was originally discovered from nature and existed
in the form of hydrotalcite [MggAl,(OH),4CO3 -4 H,0. [56] Following the natural blueprint,
multiple synthesis routes were developed to manufacture synthetic LDH-type compounds
as well as derivatives of the parent structure (e.g. different metal ions or different interca-
lated anions). [57] There are three main routes which are frequently used in the synthesis of
LDHs: co-precipitation [58-61], ion-exchange (as demonstrated in Figure 1.2) [59, 62, 63] and
rehydration [64-66]. [57,67-69] Although co-precipitation is the easiest and most regularly
utilized LDH synthesis method, the ion exchange process is used when the desired anions
are not ready for synthesis using other methods, where the desired anions replace the anions
present in a previously prepared LDH. [70, 71] For the anion exchange of LDHs, three main
mechanisms are proposed [72]: a single-step mechanism for direct anion exchange, where
efflux of precursor anions and entry of new anions occur simultaneously [73], a two-step
mechanism involving desorption of precursor anions and adsorption of incoming anions [74],
and a two-step mechanism that involves dissolution of precursor LDH and re-precipitation of
anew LDH [72,75]. The general formula for LDHs is [Mlz_;MX?”(OH)Z]X+ +n-mH,0, where MZ*
and M®* denote divalent and trivalent cations, respectively, A"~ an intercalated anion and x a
molar ratio M3*/(M?* + M3*), which is usually between 0.17 and 0.33. [17,76-80] If x remains
within the specified range, it will prevent the formation of the undesired side products M(OH),
or M(OH); during the synthesis of LDHs. [57]

LDHs are currently used in a variety of fields, including catalysis [81-84], adsorbent [85-
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Figure 1.2: Schematic representation of the LDH structure and anion exchange between two
types of anions.

87], drug delivery [88-90], origin-of-life study [91, 92] and corrosion protection [19, 48, 51]
due to their ability of anion exchange, versatile compositions, chemical stability and bio-
compatibility. [57] The LDHs are tuned for their desired application by the type of metal ion in
the metal hydroxides layers, e.g. a promising composition for the application in photocatalytic
H, generation from water is a combination of the divalent cation Zn** with Cr3* [81, 82] while
the combination of Mg?* or Zn?* with AI** is widely applied in corrosion protection [48,76].
The M2*/M3* atomic ratio can also affect the properties of an LDH [93] and its behavior
in the corresponding application. [84] Liu et al. [93] observed that a higher M?*/M3* ratio
weakened the binding strength of the intercalated anions to the metal hydroxides layers and
Kim et al. [84] demonstrated that a variation of M?*/M>* affected the photocatalytic activity.
With regard to the intercalated anions, their properties play a decisive role in the respective
applications. Amino acids are widely intercalated into LDHs for the study of the origin of
life [91,92] while pharmaceuticals, such as non-steroidal anti-inflammatory [94], anti-diabetic,
cardiovascular, antibiotics or antioxidants [68], have been intercalated into LDHs towards
targeted drug delivery. Corrosion inhibitors are frequently intercalated into LDHs for corrosion
protection [19,48,51]. In addition to the type of metal ions, their atomic ratio and the type of
intercalated anions, the amount of intercalated water (hydration state) is known to affect the
structural stability and the anion exchange behavior of LDHs [90-92, 95, 96] by rearranging
the intercalated compounds, and furthermore influence their performance in the respective
applications.

1.2.1 Characterization of LDH

The increasing range of LDH applications demands for a thorough understanding of the
material and its underlying mechanisms. Prior studies have mainly focused on experimental
characterization, employing a variety of characterization methods.

X-ray powder diffraction (XRD), scanning electron microscopy (SEM) and transmission elec-
tron microscopy (TEM) are widely applied to study the structural change of LDHs from
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experiments. [19,80,97-99] Miyata et al. [100] are the pioneers in studying anion exchange
experimentally by calculating the equilibrium constants of anion exchange reactions. More
research has been conducted using microcalorimetry [101, 102] and electrochemistry [103] to
assess the anion exchange reaction by calculating the enthalpy of formation and the exchange
potential, respectively. The time evolution of the XRD patterns has also been used to assist in
the observation of the anion exchange by Bouali et al. [104] and Palin et al. [105]. Tedim et
al. [106] used ion chromatography to investigate the anion exchange between intercalated
nitrate (NO3) in LDH and chloride (CI) in the sodium chloride (NaCl) solution. Due to the
fast initial anion exchange rate and the low stability of the intermediate phase formed dur-
ing the exchange process in most cases, the distinction between the proposed mechanisms
and the identification of the exact mechanism remains challenging to-date. [72] Moreover,
Fourier transform infrared spectroscopy (FT-IR) and elemental analysis are used to identify
the successful intercalation of new anions during the synthesis of LDHs [97,98,107] and the
amount of intercalated water can be estimated by thermogravimetric analysis. [108-110] For
the LDHs in the catalytic applications, Raman spectroscopy is typically used to monitor the
chemical catalytic reactions because of its ability to determine chemical properties. [111,112]
Despite the numerous experimental investigations on LDH systems [19, 48, 80,95, 97-99, 104],
obtaining a comprehensive insight into the LDH interlayer by experimental characterization
is complicated by the need for high spatial and time resolutions, that are beyond the capability
of current characterization techniques. The use of atomistic simulations is therefore foreseen
as a strategy to overcome this limitation and thereby improve the fundamental understanding
of ongoing phenomena.

1.3 Multi-scale simulation

Computational studies become more and more relevant in scientific research on e.g. materials
science and engineering, since it offers advantages such as gaining insights into materials at the
atomic scale and interpreting experimental observations. [113-115] Over the last few decades,
computational approaches have made tremendous progress due to the exponential growth
in computational power, the development of dedicated theoretical simulation methods and
highly parallelized algorithms. [113, 114, 116] Multi-scale simulation strategies [117-119] have
become a well-established method based on the concept of studying the behavior of a system
by modeling it separately for systems at different spatial and temporal scales, achieving a
combination of accuracy and efficiency with the ability to accurately characterize phenomena
that is difficult to obtain with a single approach. [118, 120]

Atomistic simulations (e.g. density functional theory (DFT) and molecular dynamics (MD))
and continuum modeling techniques (e.g. finite element theory (FET)) are the two main
classes of techniques used in multi-scale simulations. [117] Atomistic simulations focus on
the study of systems at the atomic scale and are suitable for studying the structural, electronic,
chemical and mechanical properties of materials at the nanoscale as the atomic coordinates
can be accurately tracked. [121,122] Different from atomistic simulations, continuum mod-
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eling is typically used to study the behavior of materials observed at the macroscopic scale,
which is considered to be a continuous medium. [123, 124] Machine learning techniques
are powerful tools in identifying correlations in data [125, 126] and have been applied in
materials science to accelerate the discovery/design of novel materials and predict material
properties [127,128]. It has been demonstrated that machine learning techniques and multi-
scale modeling techniques, such as machine-learned force field development and atomistic
simulations [129, 130], can naturally complement each other. As a result, machine learning
techniques can be thought of as a separate technique class in multi-scale modeling.

With the rapid development of modeling and simulation techniques, complementary theoreti-
cal studies have been applied to carry out a comprehensive investigation [131,132] and unravel
the chemistry within the LDH intergallery. Over the last 20 years, DFT and MD have been the
two preferred techniques for studying the structure and stability of LDHs. [14,133] In LDH
research, DFT and MD have already demonstrated to provide deep insights in the property of
the investigated material, but become especially powerful when being combined with each
other. [134-139] DFT has been used to study chemically induced structural change [93,138,140]
and electronic properties of LDHs [141-143] thanks to its almost ab initio accuracy and ease
of numerical implementation [144]. Although studying large LDH structures with DFT alone
is computationally expensive, the results of small scale (dozens of atoms) DFT simulations
have been used to provide the starting geometry as well as the atomic charges and forces
of the included atoms for a subsequent MD simulation, which is more suitable for studying
large systems on acceptable time scales. [76,92, 145, 146]Machine learning is a time- and
cost-effective strategy for data analysis and interpretation in materials science, however, pure
machine learning usually disregards fundamental physical laws and may result in invalid or
non-physical solutions to problems. [126] In this thesis, multi-scale modeling comprised of
machine learning and atomistic simulations is proposed to study LDH systems where different
techniques can mutually benefit from one another.

1.3.1 Density functional theory

Density functional theory (DFT) is a quantum-mechanical method widely used in chem-
istry, physics, biology and materials science to calculate the electronic structure of atoms,
molecules and solids based on their electron density distribution. [147-149] DFT is based on
the Hohenberg-Kohn theorems [150], which states that the total energy of a many-electron
system in its ground state is a functional of the electron density (p). This function has three
terms, as shown in Equation 1.1, where the external potential (Eqyerna) depends explicitly on
the electron density, while the dependence of the kinetic energy (Eypetic) and Coulomb energy
(Ecoulomp) ON the electron density is implicit [151]:

E= Eexternal(p) + Ekinetic (P) + ECoulomb (P) (1.1)

Shortly afterwards, Kohn and Sham [152] came up with the idea of splitting the terms of
the Hohenberg-Kohn theorems that implicitly depend on electron density into kinetic and
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Coulomb energies of independent electrons, and adding an exchange and correlation term
(Exc) to account for the difference:

E= Eexternal(p) + Ekinetic (r) + ECoulomb (r)+ EXC(P) (1.2)

where r represents the coordinates of electrons in the system. Based on the independent elec-
tron approximation [153], the kinetic and Coulomb energies in Equation 1.2 can be calculated,
but the exchange and correlation energy, Exc(p), is unknown. Applying the Hohenberg-Kohn
variational principle [154], minimization of the Equation 1.2 results in the Kohn-Sham equa-
tions [152]:

[V external ®) + Viinetic () + Voouloub (1) + Vxc (1)] i (r) = €i¢h;(x) (1.3)
where V represents the corresponding potential of each energy term, ¢); is the wavefunction
and OB (0)

Vxc(r) = Tl (1.4)
dp(r)
The wavefunctions ¢, can be used to obtain the density:
N
p) =) i |? (1.5)

i=1
Although the functional is unknown, there must be a functional Exc(p) that provides the exact
ground-state energy and density.

After that, an enormous effort has been devoted in the construction of the Ey [151] in order
to obtain an exact function between the total energy and the electron density. The simplest
approximate functional of the Ex is the local density approximation (LDA) [155], describing
the exchange and correlation energy of a homogeneous electron gas system. In the LDA, it is
possible to calculate the exact exchange energy and determine the correlation energy using
numerical techniques (such as stochastic numerical methods [156]). [151] For a real material,
the LDA can still be used to describe the exchange and correlation energy for the regions where
the electron density varies slowly. [151, 156] The material is divided into several regions and
each region is associated with a homogeneous electron gas with a fixed local density. [151] In
the end, the exchange and correlation energy of the entire system can be obtained by adding
up the contributions from all regions. [151] Although LDA works well for solids with a relatively
constant density distribution, a more sophisticated approach is required to produce accurate
exchange and correlation energies for finite systems such as molecules and clusters. [151, 157]
According to the study from Perdew et al. [158], the exchange and correlation energy obtained
from LDA can be improved by taking into account not only the density but also it gradients,
resulting in the generalized gradient approximation (GGA). GGAs have been shown to provide
excellent atomic ground state energies [159], and to significantly improve the dissociation
energy and bond lengths of small molecules [160], and cohesive properties of solids [161].

The Kohn-Sham equation can be expressed as a linear combination of plane waves, which
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is known to be especially effective when combined with periodic boundary conditions and
is widely used in condensed matter physics. [151] A plane-wave is defined as the complex
exponential:

exp (iG-r) (1.6)

where G represents a reciprocal lattice vector of a crystal unit cell and r represents the electron
coordinates in the direct lattice of this unit cell. The single particle electronic wavefunction
in a crystal structure can be expressed as the product of a function (uyk(r)) with the same
periodicity as the unit cell and a plane-wave, according to the Bloch theorem [162]:

$n@®) — Pk = exp ik 1) unk () 1.7
where
u (r)=i2c k(G exp (iG-1) (1.8)
nk \/ﬁ = n, .

where n denotes the eigenstate index, k a reciprocal vector within the first Brillouin zone and
Q the cell volume in the direct lattice. A complete extension of an infinite number of plane
waves is computationally impossible, and the finite number of plane waves in the extension is
determined by the kinetic energy cutoff E ;. As a result, solving the Kohn-Sham equations
becomes a matter of solving the plane-wave coefficients, which can be done with efficient
numerical schemes. [163] After obtaining the solutions of the Kohn-Sham equations of an
atomic configuration, it is possible to calculate the total energy and also material properties
such as the equilibrium structure, band structures of metals and semiconductors and the
partial atomic charges. [164]

DFT has been applied in the context of LDH-like structures to study the chemically induced
structural change [93, 138, 140] and the electronic properties (e.g. band structure, density of
states and band edge placement) [141-143, 165, 166]. In the early stages, DFT was applied
to assist the structural investigation for layered hydroxides materials with poor crystallinity.
[14, 167] Afterwards, it was used to study the orientation of the intercalated anions with
respect to the metal hydroxide layers and to explore the interface between LDH particles
and a metal substrate. [14, 168, 169] DFT was applied to study the exfoliation mechanism
of LDHs dispersed in formamide to gain a better understanding on how formamide affects
layer separation. [166, 170] Moreover, Tavares et al. [141, 166] noted that hydration can induce
changes in the electronic structure of an LDH and the formation of defects on an LDH can
influence its band gap according to their DFT study. It was observed that dehydration caused a
significant structure modification in the exfoliated Zn,Al-LDH intercalated with CO£~, causing
COZ to become HCOj. [141] Xu et al. [165] investigated the oxygen evolution reaction in a
variety of LDH systems M%*= Mg, Co, Ni and Zn; M3*= Al and Ga) using DFT calculations.
They studied the electronic properties of these LDHs in details and selected the LDH with
the most efficient oxygen evolution photocatalyst. In addition to studying the structural
and electronic properties of LDHs, Moraes et al. [142] and Costa et al. [169] elucidated the
thermodynamic potentials of anion exchange supported by DFT calculations. Based on their
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Gibbs free energy calculations for LDHs intercalated with different anions, Costa et al. [169]
obtained an anion exchange selectivity sequence of LDH: NO3 <Br" <Cl" <F <OH < COj5".
It has been demonstrated that it is more energetically favorable for the intercalated COs* to be
parallel to the metal hydroxide layers whereas the intercalated NO5 tends to be titled and its
orientation depends on the water content in the interlayer. [169] Large-scale studies of LDH
with DFT are computationally very expensive, as the corresponding simulations for systems
with several thousands atoms require a long computational time to study a multitude of LDH
properties, while avoiding finite-size effects. [92,171]

1.3.2 Molecular dynamics

Compared to DFT calculations, molecular dynamics (MD) simulations are more suitable for
studying large systems on acceptable timescales because they treat atoms as classical particles
and use various empirical potentials in their calculations. [172] MD has been widely applied to
gain a better understanding of LDH structures [92,173-178], interactions between intercalated
compounds and metal hydroxide layers [92,173-175,177,179,180], and intercalated compound
dynamics [90, 177,179, 181]. MD simulation refers to a deterministic simulation which is used
to study the temporal evolution of the interaction and motion of all atoms in a multi-body
system, where the trajectory evolution of the system follows Newton’s second law [182, 183]:

Fem.amm 5X (1.9)
a T dre2 '
with
oU
r=_2 (1.10)
0x

where F represents the conservative forces between atoms in the system, U the potential
energy of the system and x the position of the atoms. An accurate force field is a central part of
MD simulations as it describes the interactions between atoms in a system. [184] A general
mathematical expression for a force field is the sum of intramolecular (e.g. bonds (Epynqs),
angles (E;pgles), dihedral (Egipedrals) @and improper (Ejppropers) torsions) and intermolecular
(Lennard-Jones (Epj) and electrostatic (Egje.) interactions) contributions [184, 185]:

U = Eponds + Eangles + Eqdihedrals + Eimpropers + ELJ + Eelec (1.11)

where U represents total potential energy. For most parameters in the intramolecular contri-
butions, they are extracted or refined using experimental data (e.g. X-ray diffraction, infrared
or Raman or vibrational spectra). [184] Parameters of the Lennard-Jones potential are cal-
culated on the basis of the thermodynamic and crystallographic characteristics. [186] The
partial charges used in the electrostatic interactions are usually obtained from a high accu-
racy quantum-mechanical calculations. [184] The density-derived electrostatic and chemical
(DDECS6) approach is one of the most accurate and frequently applied methods to obtain
partial charges and the calculation is based on charge densities obtained from quantum-
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mechanical calculations. [187] There are a number of popular general force fields which are
widely applicable, e.g. GROMOS [188] is often applied to the simulations of biomolecules
and CLAYFF is applicable to mineral systems [185]. In addition to the general force fields,
there are a number of specific potentials developed for particular systems or compounds, e.g.
water potential (SPE/C) [189]. During the simulation, the forces on each atom are calculated
and then used to update the position and velocity of each atom at each time step. [190] Peri-
odic boundary conditions are often used to simulate a crystal material to remove the surface
effect. [191] Ensembles are the conditions for performing MD simulations and include the
microscopic ensemble (NVE), the canonical ensemble (NVT), and the isothermal-isobaric
ensemble (NPT), where N represents the number of atoms in the system, V the volume of the
simulation box, E the total energy of the system, T the temperature of the system, and P the
pressure of the system. [184] For example, in the NVT ensemble, the number of atoms in the
system, the volume of the simulation box and the temperature remain constant throughout
the simulation. Because most experimental work was done at constant temperature or pres-
sure, the NVT and NPT ensembles are useful for comparing simulation results to experiment
results. [184] In MD simulations, temperature can be controlled by modifying the velocities of
the atoms in the system or by using a thermostat, and pressure can be controlled by adjusting
the size of the unit cell and the atomic coordinates in the system. [184,192, 193]

After the release of the CLAYFF force field [185], classical MD has been the main computational
method for LDHs and other clay-like materials. [14,181] To gain an insight into the structure of
LDH interlayer content, Gregoire et al. [92], Erastova et al. [175] and Chen et al. [178] analysed
the distribution of intercalated water and the orientation of intercalated anions by performing
MD simulations. Gregoire et al. [92] discovered that the orientation of the intercalated anion
was dependent on the water content in the interlayer region, especially at high hydration
levels and Chen et al. [178] observed that the variation of the water content affected the
configuration of the intercalated NOj3 from being flat to titled with the increase of water
content while CO4~ always remains flat. For LDHs intercalated with CO#~ and CI', a transition
from a single monolayer consisting of intercalated anions and water molecules to a coexistence
of monolayer and bilayer was observed at high hydration lever. [178] The stability and dynamic
properties of LDHs can be obtained by calculating the hydrogen bonding network of LDHs
and the mobility of the compound in the intercalated region. [177,179] Hydrogen bonding
networks of LDHs have been extensively studied in MD simulations to display the interactions
between intercalated anions, water and metal hydroxide layer. [173-175,177,178,194] The
mobility of intercalated species can be obtained from MD simulations by calculating the
self-diffusion coefficients. [90, 179] Moreover, the relationship between hydration energy and
water content was investigated to explore the influence of water content on the structure of
montmorillonite [195,196] and LDH [173,194,197,198], and to search for the energetically well-
defined hydration state for each structure. Murthy et al. [179] calculated the hydration energy
and used it as an indication of the LDH stability, where LDH has been observed to be stabilized
by forming hydrogen bonding networks, resulting in a low mobility of the intercalated anion.
With the assistance of MD simulations, it is possible to model LDHs under more realistic
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experimental conditions, e.g. Perez-Sanchez et al. [76] and Tavares et al. [166] investigated
the stability of LDH particles immersed in a sodium chloride water solution and the anion
exchange occurred on the basal surface of exfoliated LDHs, respectively. According to Perez-
Sanchez et al. [76], the metal hydroxide structure of LDH was maintained in the NaCl solution
despite the dissolution of a small amount of metal atoms and hydroxyl groups.

Unlike MD, Monte Carlo (MC) simulations are a stochastic method and cannot provide time
evolution information of a system. [182,183] Rather, it is applied to generate an ensemble of
representative configurations under a specific thermodynamic condition with the applica-
tion of random perturbations. [182, 183] It has been shown that both methods can provide
consistent results considering the thermodynamic and conformational behavior of the same
system. [199, 200] MC has been successfully applied to study the adsorption of surfactants
on hydrophilic surfaces [201,202] and in slit nanopores [203]. In addition to surfactants,
the adsorption of gases or molecular fluids in porous structures e.g. metal-organic frame-
works [204-207], covalent organic frameworks [136] and shale organic carbon slit microp-
ores [208] has been investigated using MC simulations. LDHs can be considered as a porous
structure as well due to its large porosity [57] and Amamra et al. [209] demonstrated that LDHs
can be used to study the adsorption of sodium salt of drug molecules with the application of
MC simulations. However, because traditional MC simulations do not follow Newton’s equa-
tions, one of the major limitations of using them in LDH research (e.g. the anion exchange
process) is the inability to collect dynamic information. [210]

1.3.3 Machine learning

Machine learning (ML), which is based on data-driven models that can learn from existing
data [211], has grown rapidly in recent years as a result of algorithmic advancements and
technological advances in computing hardware. [212] While influencing our daily life, such as
the recently developed ChatGPT [213,214], ML techniques have also gained an important role
in materials science and chemistry [127,128]. Four main categories of ML techniques exist:
supervised learning, unsupervised learning, semi-supervised learning and reinforcement
learning. [215,216] The available data needs to be labeled for supervised learning, and the
goal is to learn a function between the input features (e.g. molecular structure, electronic
properties) and the labeled output (e.g. corrosion inhibition efficiency). [217] Unsupervised
learning analyzes unlabeled datasets in order to discover hidden patterns in the data. [216]
Semi-supervised learning is an intermediate between supervised learning and unsupervised
learning that processes both labeled and unlabeled data. [218] It is especially useful in situ-
ations with little labeled data and a lot of unlabeled data. [216] The reinforcement learning
method aims to take actions that maximize the reward or minimize the risk based on infor-
mation gathered from interactions with the environment. [216] Each category has a different
application based on its learning capability and the nature of the available data, e.g. super-
vised learning is a typically task-driven approach where models learn from labeled data to
generate an input-output function. [215-217] Among all the ML categories, supervised learn-
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ing is by far the most widespread category in materials science. [212] In materials science,
different supervised learning algorithms including traditional algorithms (e.g. classification
analysis, regression analysis) and deep learning methods [215] have been applied to material
discovery such as compound prediction [219-221], structure prediction [222,223] and the
prediction of material properties such as the band gap [224], superconductivity [225] and bulk
and shear moduli [226]. In addition to the material property predictions mentioned previously,
ML algorithms have also been established to construct machine-learned force fields for MD
simulations [129, 130], adaptive design process, and active learning, which can guide models
to explore interesting material spaces more efficiently compared to random selection. [227]

1.3.3.1 Machine-learned force fields

In recent years, machine-learned force fields (ML-FFs) have been a breakthrough success,
promising to achieve the accuracy of quantum mechanical calculations at a significantly
reduced computational cost, which previously typically required a trade-off in materials
science. [129] A reliable force field is undoubtedly a key component towards accurate MD and
MC simulations. [228] The state-of-the-art force field mostly used for LDHs is the CLAYFF force
field [185], which is based on simple functional forms with empirical bond and non-bond
parameters. The empirical parameters are derived from quantum mechanical calculations
(e.g. partial charges) and fits to experimentally determined structures and physical properties.
[185] A classical force field-based calculation is typically more computationally efficient than
purely quantum mechanical calculations, but determining the best functional form and the
corresponding parameters of the potential energy surface can be challenging due to the
inability to fully separate the intricate electronic effects into atom-atom contributions [229].
[184, 228, 230] Furthermore, the classical force field can be limited in terms of producing
accurate simulation results since significant physical approximations have been employed
to describe the molecule interactions in a tractable manner [229]. These limitations are
particularly present if the initial force field was not developed specifically for the system, or
even impede the modeling of chemical processes. [184,228,231] Reactive force fields have
been introduced to simulate chemical processes (e.g. heterogeneous catalysis reactions [232])
based on an approximated reaction path but their functional forms are more complex, making
parameterization even more difficult, particularly for non-experts. [231,233,234]

The ML-FFs have shown great potential to mitigate the limitations of classical MD simulations
(e.g. chemical interactions) and to reduce the need for computationally expensive DFT
simulations to generate the required force fields. [129] The central idea of force fields derived
from machine learning is to build an ML-FF based on a number of completed calculations
with sufficiently high accuracy that are currently mainly based on DFT. [235] This type of force
field has been developed rapidly over the past two decades [236] with the substantial increase
in computing power [237, 238], ML algorithms [211, 239], architectures [240, 241] and the
amount of reliable training data [242,243]. [129] ML-FFs have already been applied to study
chemical reactions [244, 245] and adsorbent-surface interactions on solid surfaces [246-249],
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the search for new crystal structures [250-252], and to investigate the behavior of complex
systems (e.g. metal-organic frameworks) [253].

Artificial neural networks (ANNSs) are one of the earliest and most frequently used ML frame-
works for building ML-FFs, capable of running large time- and length-scales simulations with
almost ab initio accuracy and affordable computational cost. [129, 130] An ANN is a data
processing system composed of highly interconnected elements inspired by the human brain
and vaguely mimicking the way biological neurons communicate with one another. [254,255]
ANNSs are typical parametric algorithms for solving nonlinear functions of a fixed number
of variables with a high degree of flexibility and are able to provide accurate results for com-
plex and non-linear problems. [256,257] There are several successful schemes reproducing a
force field based on ANNs proposed in the last few years, including neural network potential
(NNP) [242,258], deep tensor neural network (DTNN) [243] and deep potential molecular
dynamics (DeePMD) [259, 260]. Smith et al. [242, 258] generated a transferable deep NNP
(called ANI-1) for organic molecules based on atomic forces obtained from DFT calculations,
and Bag et al. [248] developed an ML-FF by training ANNs to study the adsorption energy
of an amino acid on the surface of graphene and gold. Gradient-domain machine learning
(GDML) [261] is a kernel-based model trained on the energy of the material structure and
the forces acting on the atoms in each structure, where the forces are obtained by applying a
gradient operator on the energy. [262,263] Sauceda et al. [263] noted that although GDML is
highly data-efficient, robust, and follows fundamental physical laws, it is only applicable to
small molecules due to the drastic increase in the number of structural descriptor calculations
(such as dihedral angles) [231], which limits its application. In contrast, DTNN is known to
be size extensive and efficient, with a highly uniform accuracy throughout the material struc-
ture. [243] DTNN is a graph neural network (GNN) architecture where the material structure
can be considered as a graph in which all atoms are represented by nodes and the interactions
between atoms are represented by edges, thus being able to maintain the rotational and
translational invariance. [243]Complex chemical interactions can be modeled by exchanging
information along the edges that connect the atoms in each graph. [231,243] Sharing the same
invariances as DTNN, Schnet [264], another well-known GNN architecture, has demonstrated
promising potential in learning from graph-structured data to build a corresponding ML-FF
with higher accuracies as compared to DTNN. [265]

Among various machine learning methods, GNNs are one of the fastest growing methods
due to their high application rates in the past few years. [266,267] GNNs can be interpreted
as generalizations of convolutional neural networks, which are one of the most common
deep learning methods. [215,266] GNNs operate on graph-structured data, which exists in
numerous applications and is associated with nodes and edges attributes. [266,268] When
compared to compositional or fixed-sized vector representations, using the chemical graph as
input directly provides greater flexibility and scalability in the structure representation. [266]
The nodes and edges attributes can be linked to the atoms and bonds in material structures as
seen in Figure 1.3, where GNNs can operate on the material representations to build a model to
predict interesting material properties. [266] The application of GNN is able to automatically
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Figure 1.3: Schematic representation of (a) a molecule and (b) a crystal that can be represented
as a graph. The atomic structures are shown on the left and the graphs are depicted on the
right side. (Source: [273])

extract structural information from a given material system, bypassing the calculation of
atomic fingerprints that are typically used to represent the local environments of the material
system. [269] GNNs have been successfully applied to a variety of challenges, e.g. predicting
the properties (such as toxicity, reactivity) and the synthetic routes of molecules and materials,
and accelerating atomic simulations. [266,269-271] GNN-based ML-FFs have shown excellent
accuracy in predicting atomic forces for various material systems including organic molecules
and multi-element solid-state systems. [269] Wang et al. [228] built an ML-FF for large flexible
organic molecules by applying GNN, where the GNN model was only applied to replace
functional forms of bonding interactions. Park et al. [269] applied the GNN-based force field
to achieve a higher accuracy in force prediction in an interfacial system of amorphous Li,P,0-
and Al,05 with HF gas compared to another NN architecture. When developing an ML-FF
for a crystal structure, periodic boundary conditions need to be taken into account, e.g. the
nodes and edges in the periodic images within a given cut-off distance should be included in
the calculation. [265] The application of ML-FFs can provide a higher degree of flexibility and
accuracy in simulations than the previously mentioned MD simulations using classical force
fields. [272]

1.3.3.2 Quantitative structure-property relationships

The ability to predict interesting properties of novel materials prior to synthesis and to find
connections between microscopic and macroscopic materials properties is of great benefit
to researchers in the fields of chemistry, biology, physics and engineering. [274] Quantitative
structure-property relationship (QSPR) methods are based on a hypothesis that there is a rela-
tionship between the structure of a molecule and the macroscopic properties of that structure,
where changes in the structure can be reflected in the observed properties [274]. The QSPR
model has been widely applied to accelerate the discovery of advanced materials [274,275],
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1.3 Multi-scale simulation

e.g. ithas been employed in catalyst design to evaluate the relationship between molecular
structure and catalyst activity [276] and to investigate the glass transition temperature of
polymers. [277] The relationships in QSPR models can be complex, necessitating the use
of machine learning techniques to generate robust and predictive links between molecular
structure and macroscopic properties. [274]

For a QSPR model based on machine learning techniques, reliable and versatile training data
is an essential component as the accuracy and robustness of the model is highly dependent
on the size and quality of the available dataset. [212] Once the dataset has been chosen, the
representation of the data is crucial for the model and the data samples, e.g. molecules can be
encoded by different approaches. [212,278] The molecular descriptors can be broadly classified
into constitutional descriptors (e.g. chemical composition), structural descriptors (e.g. the
three-dimensional coordinates of the molecule), topological descriptors (e.g. connectivity of
atoms in the molecule), quantum-chemical descriptors which are normally obtained from DFT
calculations (e.g. orbital energies) and physicochemical descriptors reflecting the physical
and chemical properties of the molecule. [274] Feature selection is an important topic in
ML because it aims to select relevant features while removing irrelevant, redundant, and
noisy features to achieve the best model performance. [279] Selecting relevant features is
an important step in QSPR model generation when the number of available descriptors is
higher than the size of the dataset. [280, 281] There are three major approaches for feature
selection: filter, wrapper, and embedded approaches. [279] The filter approach is frequently
used as a pre-processing step, with features chosen based on their performance in various
statistical tests (e.g. Pearson correlation [282]) to determine their relevance to the labeled
target. [283] Instead of evaluating features individually, the wrapper approach evaluates by
building a model for each generated subset of features, taking their interactions into account
(e.g. recursive feature elimination (RFE) [284]). [285] RFE searches for a subset of features
by beginning with all available features in the training dataset and successfully removing
features until the desired number of features remain. [286] In the case of embedded methods,
feature selection is conducted and optimized during the learning process (e.g. random forest
(RF) [287]). [288] RFs have proven to be a useful algorithm for dealing with feature selection
problems due to their ability to calculate the importance of each feature. [289] For each tree in
an RF, as shown in Figure 1.4, the feature importance can be calculated based on its ability
to decrease the impurity, which is the variance of the RF regression. [290] The presence of
correlated features, on the other hand, has been shown to affect its ability to identify important
features, potentially lowering their accuracy. [291,292] To address this issue, a combination
of RFs and RFE is commonly used [291, 292] and its potential to select relevant features to
model corrosion inhibition efficiencies of small organic molecules has been demonstrated in
arecent study [293].

A variety of ML algorithms have been used to build QSPR models to screen a large number
of compounds with potentially interesting properties based on available data in chemical
space, accelerating material selection in comparison to traditional investigations based on
experimental observations. [28,293,295-297] For regression problems where the property is a
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Figure 1.4: Schematic of random forest regression (Source: [294]).

continuous variable, the ML algorithms can be multiple linear regression in the simple case, or
a polynomial, kernel-based, or neural network-based regression when the relationship is not
linear. [274] Kernel-based learning algorithms have gained popularity over neural network-
based methods in some applications, due to their ability in dealing with nonlinear data by
introducing linearity. [298] Furthermore, kernel-based learning algorithms are well suited
for regression tasks with limited datasets because they rely on feature engineering rather
than inferring relevant representations directly from the data, which typically requires more
data. [299-301] Among the variety of ML algorithms, support vector machines (SVMs) are one
of the most powerful, precise and robust supervised learning methods because of their good
theoretical foundations and high generalization capacity. [302,303] A variety of complex real-
world problems have been solved through the application of SVMs, e.g. image classification
[304], hand-written character recognition [305] and face detection [306] in the past twenty
years. [302] SVMs were originally developed for solving classification problems and by applying
the same principle as SVMs, support vector regression (SVR) was developed to solve regression
problems with high accuracy. [307] Likewise, kernel ridge regression (KRR) [308] has been
recognized by other researchers as being able to obtain accurate results comparable to those
of SVR. [309, 310] The difference between SVR and KRR is their loss function, whereas KRR
applies a squared error loss, SVR employs an e-insensitive loss as illustrated in Figure 1.5a and
b. Both SVR and KRR belong to the kernel-based learning algorithms. [311,312] The function
of a kernel is to implicitly transform the nonlinear input features from the original space to a
high-dimensional feature space, where the regression can be accomplished linearly. [298] The
most widely used kernel in SVM is the radial basis function (RBF) kernel [313] and Smola et
al. [314] pointed out that the RBF kernel is generally a reasonable choice for datasets with little
information on their shape.

Following the selection of an ML algorithm, QSPR model generation can proceed in the
following steps: selection of a dataset and extraction of structural descriptors, feature selection,
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Figure 1.6: Schematic overview of the process to develop a QSPR model (Source: [315]).
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model construction, and model evaluation, as shown in Figure 1.6. [280] Due to a lack of data
on LDH, QSPR has not yet been applied directly to build a predictive model for an LDH
system. On the other hand, QSPR has been widely used to investigate corrosion-related fields
such as the influence of the outdoor environment on the corrosion rates [316,317] and the
identification of effective corrosion inhibitors for a variety of metal alloys [293,318-320]. Zhi
et al. [317] developed a QSPR model based on the RF method to investigate the effect of
various environmental factors on the corrosion rate of low alloy steels. In their work, input
features include low alloy steel type, environmental factors, and exposure time, which are all
their parameters of interest, so there is no feature selection step in their model construction.
For the effective corrosion inhibitor identification, a variety of machine learning algorithms
(e.g. neural networks, kernel ridge regression, and random forests) have been applied to
predict the corrosion inhibiting effect of small organic compounds for different types of Mg
alloys [293,295], Aluminum alloys [318,319,321] and Copper-based materials [320]. Wiirger
et al. [295] used an experimental dataset of 78 modulators to build a QSPR model based
on the KRR algorithm to predict the corrosion efficiency of small organic compounds for
commercially pure magnesium (CPMg220). The robustness of the KRR model was assessed
using blind tests on ten new compounds, and the predicted values for these new compounds
agree well with the experimental results with a root mean squared error (RMSE) of 36%.

Molecular descriptors generated by cheminformatics tools (such as alvaDes [322] or rdkit [323])
can number in the thousands for each organic compound, necessitating feature selection to
select relevant features from a large pool of available features, especially when the training
dataset is small. Schiessler et al. [293], Liu et al. [300] and Alamri et al. [324] used a random
forest based method to select sparse features. In addition, quantum chemical descriptors
(e.g. HOMO, LUMO) have been widely used to build the required QSPR models. [293, 325,
326] Breedon et al. [327] and Winkler et al. [318], on the other hand, noted that HOMO and
LUMO did not correlate strongly with the corrosion inhibitions of organic compounds. As a
result, before using them as input features, a thorough investigation should be conducted to
verify their importance in developing a QSPR for the corrosion prediction of small organic
compounds.

18



22 Motivation

Although LDHs have been extensively characterized by experimental investigations [19,48,95],
it remains highly challenging to obtain a comprehensive insight into the LDH interlayer
from experiments alone. Following Section 1.3, computational techniques have become
indispensable in materials design in recent years because they generate significant synergies
with experimental approaches to gain a deeper mechanistic understanding of LDH-based
corrosion protection schemes. This motivated the development of a framework based on
multi-scale simulation techniques to aid in the design of novel multifunctional surfaces based
on LDHs to protect lightweight metal alloys from corrosion that is presented in this thesis
work.

On the atomistic level, computer simulations were used to investigate anion exchange pro-
cesses and hydration effects based on DFT and MD simulations to elucidate more details
on the LDH intercalation behavior. To date, the most widely used force field for LDH in MD
simulations has been the CLAYFF force field [185] which describes the interatomic potentials
related to the metal hydroxide layers of an LDH. For LDHs intercalated with novel inhibitors,
the force fields of the inhibitors are normally not directly available, requiring additional work
to develop them, while achieving force fields with high accuracies is generally considered
non-trivial. In order to improve simulation accuracy and accelerate atomistic simulations, a
machine-learned force field for LDH systems was developed in this work. Another challenge
in realizing effective LDH-based active corrosion protection is the selection of potent corro-
sion inhibitors for the LDH design. However, there are numerous organic compounds that
could potentially be used to inhibit corrosion reaction of Mg and its alloys [30], making the
identification of the most potent compounds more difficult. In this work, different supervised
machine learning models were trained to identify effective corrosion inhibitors in the vast
chemical space of available molecules.

Finally, a workflow consisting of atomistic simulation, machine-learned force field develop-
ment and inhibitor selection has been developed in frame of this work to assist the design of
novel LDH used in corrosion protection.
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51 Understanding the anion exchange
process

The exchange of intercalated inhibitors with a corrosion-promoting species such as chloride is
a fundamental step toward using layered double hydroxides (LDHs) for corrosion protection
strategies. [19,48, 51] Although the exchange mechanisms are still highly debated, particular
stimuli (e.g. local change in pH, presence of aggressive species) have been observed to be
capable of triggering the exchange. [24] Following the experimental investigations of the anion
exchange described in Section 1.2.1, mathematical [328] and kinetic models [329] have been
applied to study the anion exchange of LDHs by fitting experimental data to the corresponding
model. [330-333] The exchange order of various anions was investigated using atomistic (DFT
and MD) simulations to calculate the binding energy of the anion to the metal hydroxide layer
of LDHs or the free energy of the anion exchange reaction. [93, 137, 180] The details of the
release and rearrangement of intercalated anions during anion exchange, on the other hand,
remain unknown. As a result, the anion exchange of LDH particles in a NaCl solution, as well
as the effect of NaCl concentration on anion exchange, were investigated in this study:.

3.1 Methodology

The purpose of this study is to learn more about the anion exchange mechanism of LDHs
and how sensitive it is to chloride concentrations using the MD simulation model proposed
by Perez-Sanchez et al. [76], with the LDH particles immersed in a NaCl water solution. The
structure of Al-Mg-LDH-NO;3 was extracted from the work of Perez-Sanchez et al. [76], and
the LDH was immersed in NaCl solutions with different concentrations (0 M, 0.16 M, 0.64 M,
1.6 M and 3.2M). The immersion process was carried out in Packmol [334] by placing the
LDH in the center of a larger simulation box with a 1 nm shell around it, and then randomly
filling the empty space with water and some Na* and Cl™ according to the set concentrations.
This is illustrated in Figure 3.1. Following the simulation procedure of Perez-Sanchez et
al. [76], energy minimization and equilibration steps were carried out while fixing the atomic
positions of the immersed LDH. Afterward, the restraints on the immersed LDH were removed
and an isothermal-isobaric ensemble (NPT) production was run for 20 ns to study the anion
exchange process. Details on the equilibration and production steps can be found in the work
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Figure 3.1: An LDH immersed in a NaCl solution is depicted schematically. Pink, cyan, red,
blue, green and yellow spheres represent aluminium, magnesium, oxygen, nitrogen, chloride
and sodium atoms in the metal hydroxide (MOH) layer and ions in the system, respectively.
Water molecules are presented as red dots for improved visualization.

of Perez-Sanchez et al. [76]

Since Perez-Sanchez et al. [76] observed metal ion dissolution in their work, the distance
between each metal ion and its nearest metal neighbor in each layer was calculated and used
in this study to determine whether the metal ion was dissolved or not. Because the system is
already in equilibrium during the majority of the simulation time in the NPT production, this
calculation was only performed in the final 1 ns of the MD simulation and was representative to
describe the entire time-consuming period at equilibrium, resulting in a significant reduction
in data analysis effort. Metal ions with a nearest neighboring distance larger than or equal
to 1 nm were assumed to be dissolved (for comparison, the extend of the LDH structure is
5.3 nm in X direction). For the metal ions whose nearest neighboring distance were less
than 1 nm, the average and standard deviation of their nearest neighboring distances were
calculated. The threshold distance (referred to as dj;;,;¢) is equal to the average distance plus
the standard deviation in determining whether or not the metal ions were dissolved. If the
nearest neighboring distance of the metal atoms was less than d;;,,;, the metal atoms were
assigned to the LDH structure (referred to as LD Herq15), Otherwise they were considered as
dissolved.

As the performed MD simulation describes a dynamic process and 1ns simulation con-
tains 201 frames, each frame has to be analyzed to distinguish between atoms belonging to
LDH pjetq15 and those that are dissolved. The probability of each metal ion belonging to the
class of LD H pjorq15 Was calculated by adding its attribution from 201 frames and then dividing
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3.2 The impact of NaCl concentration on the anion exchange

by 201. Metal ions with a probability higher than 95% were considered to be in the LDH
system throughout the simulation, while those with a probability below this threshold were
considered to be in solution. Following that, the average coordinate position in Z direction
of the LD H ;01415 i0ns in each layer was calculated separately to determine the interlayer
distance of the LDH. Finally, the interlayer distance was calculated by dividing the distance
between the bottom and top LDH layers by four. The LDH-interlayer distance (referred to
as dinteriayer) is an important quantity for determining whether there is sufficient space for
anion intercalation.

3.2 Theimpact of NaCl concentration on the anion exchange

Metal ion dissolution occurred during the MD simulation (Figure 3.2a), which is in agreement
with the experimental observations from Buchheit et al. [21], Poznyak et al. [51], and Galvao et
al. [335]. The concentration of NaCl affects the amount of dissolved metal ions, as shown in
Figure 3.2b, whereas a higher concentration of NaCl stabilizes the LDH sheets. This can be
attributed to the presence of Na* ions in the solution, which impedes the dissolution of metal
ions from the LDH due to the repulsion between two positively charged ions.

The influence of NaCl concentration was insignificant for the interlayer distance of LDH
(Figure 3.3a) because all determined values are close to the value of the system where the NaCl
concentration is zero. When there is no Cl” existed in the simulation system (the concentration
of NaCl is zero), there is no anion exchange between NOj3 and CI". It was observed that
NOj released from LDHs without Cl” existing in the solution. The release could be triggered by
the chemical potential difference of NO5 in LDH and in the solution. The metal ion dissolution
and the NOj release maintained the neutrality of the remaining LDH.

The shape of each LDH layer became irregular after the metal ions were partially dissolved,
compared to its initial parallelogram. After combining five irregular LDH layers as a whole,
the shape of the LDHs became more irregular, making it difficult to define the intercalation of
anions (such as NO5 and Cl") and water into the LDHs, especially for the anions and water
molecules that were close to the metal ions located at the edges of the LDH layers. To provide
a clear definition for intercalation, the LD Hjq¢415 ions at each LDH layer were divided into
two parts: edge atoms and inside atoms. Anions and water molecules that are within 0.45 nm
of a group of inside atoms are defined as intercalated and the selected distance is close to half
of the d;periayer for all LDH systems.

For the simulation systems with different NaCl concentrations, the anion exchange process
was investigated by calculating the remaining NO3 and the newly intercalated CI". The
calculation results show that the amount of released NO3 did not have a clear correlation with
the NaCl concentration (Figure 3.3b), which agrees well with the experimental observation of
Tedim et al. [106], where an increase in NaCl concentration from 0.05M to 0.5 M did not result
in an increase in nitrate release. The amount of intercalated Cl™ is shown in Figure 3.3¢, and the
trend clearly shows an increase in intercalated CI” with increasing NaCl concentration in the
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Figure 3.2: (a) Schematic representation of the dissolution of a small amount of metal ions from
the MOH layer of LDH. (b) Number of dissolved metal ions at different NaCl concentrations.

surrounding solution. The effect of NaCl concentration on the amount of intercalated water
molecules was insignificant, as shown in Figure 3.3d. Variations in the amount of released
NO; and intercalated Cl™ did not result in an effect on the interlayer distance as long as the
amount of water remains constant, indicating that the amount of intercalated water is the
dominant factor in determining the interlayer distance of the LDH. The steady amount of
intercalated water and interlayer distance values observed in this study can be attributed
to the slow process of complete NO3 - CI” exchange. This is consistent with the findings of
Tedim et al. [106], as the experiment to exchange 70% of intercalated nitrate ions with chloride
took about one month. It should be noted however that the performed simulations were only
able to capture the initial stage of the anion exchange, and further nitrate release, chloride
intercalation and hydration state variation was out of scope for this work.
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Figure 3.3: (a) Interlayer distances and numbers of intercalated (b) NO4, (¢) CI, (d) water
molecules at different NaCl concentrations.

3.3 Conclusion

In summary, the anion exchange study of LDH initially intercalated with NO3 and then
immersed in different concentrations of NaCl solution provides more details on the initial stage
of anion exchange between NO3 and CI". A small amount of metal ions were dissolved during
the MD simulation, which agrees well with the experimental observations from Buchheit et
al. [21], Poznyak et al. [51], and Galvdo et al. [335]. The metal ion dissolution was believed to
be beneficial in the anion exchange process because it increased the contact areas between
the LDH and the NaCL solution. The release of the intercalated NO3 occurred first at the start
of the anion exchange, followed by the intercalation of the CI-, which is consistent with the
two-step anion exchange mechanism proposed by Mikami et al. [74] Essentially, the release of
NOj can create empty space in the interlayer region, into which the CI” from the solution can
move and be intercalated. It was moreover observed that this exchange did not have an effect
on the LDH interlayer distance as long as the water content remained constant, indicating
that the water content in the interlayer region can be an important factor in determining
the interlayer distance. Therefore, in the following part of this thesis, the influence of the
hydration states on the properties of LDHs will be discussed.
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The impact of intercalated water on
LDH properties

Parts of the work and figures presented in this chapter have been published in ACS omega 7.14
(2022): 12412-12423. 'Atomistic Insight into the Hydration States of Layered Double Hydroxides’
by X. Li, T. Wiirger, C. Feiler, RH. Meifsner, M. Serdechnova, C. Blawert, ML. Zheludkevich. [336]
https:/ldoi.org/10.1021/acsomega.2c01115

The affinity of various anions to a metal hydroxide (MOH) layer of LDHs with identical
MgZJ“/Al3+ ratios has been investigated from both experimental [100] and theoretical [93]
perspectives. It is noteworthy that both produced the same affinity order: NO; < Br < CI" < F~
<OH <SO/ < CO4". As NOj5 has the lowest affinity and can be easily replaced by other an-
ions, LDHs intercalated with NO3 are frequently employed as precursors to obtain novel LDH
host-guest systems through anion exchange between NO5 and the anion of interest. [337,338]
Hou et al. noted that the hydration state of the LDH can be related to its anion exchange
behavior based on an experimental study. [95] Additionally, other studies demonstrated that
hydration is related to the anion exchange behavior and plays a significant role in determining
the stability of LDHs. [90-92]

The influence of hydration states on the Al-Mg-LDH (referred to as LDH in the following
paragraphs) was investigated in this work and four different LDH systems intercalated with
nitrate (NO3), carbonate (C032_), oxalate (C2042_) and chloride (Cl), respectively (see Fig-
ure 4.1) were used as basis for the study. The latter is of great interest as CI” is an aggressive
species that initiates corrosion process in Mg-based materials and may have an impact on
the ion exchange process of LDHs. As a result, the corrosion progression can be mitigated by
exchange of ClI” with an intercalated corrosion inhibiting agent. The inhibitor selected for this
work is oxalate (C,0,), which has demonstrated a remarkable corrosion inhibiting effect for
several magnesium alloys. [30] Although LDHs intercalated with NO5, Cl- and CO{~ have been
studied in previous simulations, the details on the impact of hydration state are still lacking.
The study of these three well-known LDHs can serve as a benchmark for the combination
of DFT calculations and MD simulations method used in this work, in addition to providing
details on the influence of hydration state. Following the benchmark, the method developed
in the work can be used to investigate LDHs intercalated with new anions (e.g. C,0,>), which
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can assist the design of new type of LDHs.
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Figure 4.1: Schematic representation of a layered double hydroxide system with the counter
anions investigated in this study.

NO;
< ,/Counter \

For the LDH intercalated with NO5, CI” and COZ", the ratio of Mg®*/AI** was set to two
since it is one of the commonly found LDHs in experiments [76,93]. Because there is limited
information available in literature on the LDH intercalated with oxalate (C2042’), two ratios
(Mg?*/AI®* equals to 2 and 3) were investigated to demonstrate the influence of the MOH layer
charge density on the LDH stability.

4.1 Methodology

For all LDH systems, a dehydration process was carried out by decreasing the number of
intercalated water. Initially, each unit cell contained six water molecules (Mg,Al,(OH);,-2NO3-
6H,0 (shown in Figure 4.2a), Mg,Al,(OH);,-2Cl-6H,0, Mg,Al,(OH),-CO3-6H,0, Mg,Al,(OH) »-
C,0,4-6H,0 and MggAl,(OH),4-C,0,-6H,0). At each dehydration step, one water molecule
per unit cell was removed from the system until no water molecules remained (as shown
in Figure 4.2b). For each dehydration step, the geometry of each unit cell was optimized by
employing DFT calculation using the plane-wave (PW) DFT code Vienna Ab Initio Simulation
Package (VASP) [339-342] with the projector augmented wave (PAW) method [343,344]. The
exchange-correlation (XC) function optB88-vdW [345-350] was applied in all geometry opti-
mization simulations to take the van der Waals (vdW) interactions into account for LDH. The
gamma-centered grid of k-points [351] was applied to sample the first Brillouin zone. [76] A
cutoff energy of 520 eV for the plane-wave expansion and an electronic convergence criterion
of 1 x 107 eV were applied. Based on the charge densities obtained from the DFT calculations,
the density-derived electrostatic and chemical (DDECS6) charges were calculated using the
Chargemol program [352,353]. These charges were calculated for each type of atom at different
hydration states. The averaged value of the DDEC6 charges across different hydration states
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4.1 Methodology

was used for the subsequent MD simulations.

Figure 4.2: DFT optimized structures for (a) Mg,Al,(OH),-2N0O3-6H,0 and (b) Mg,Al,(OH);,-
2NO;-0H,0.

The optimized unit cell with six water molecules obtained from DFT was replicated 5 x 10 x 5
for Mg,Al,-LDH-NO; and Mg,Al,-LDH-CI” and 10 x 5 x 5 for Mg,Al,-LDH-COZ~ and both
Mg,Al,-LDH-C,0/ and MggAl,-LDH-C,0" to obtain a larger system as input for the MD
simulations. Periodic boundary conditions were applied in all MD simulations to avoid finite
size effects and all presented MD simulations were performed using the GROMACS 5.1.5
package [354]. The leapfrog algorithm [355] was used for the integration of the equations of
motion. The total potential energy in MD is a sum of non-bonded interactions like Lennard-
Jones (L)), electrostatic interactions and bonded interactions like bond stretching, angle
bending, and dihedral torsion. A cutoff was set to 1.4 nm for the non-bonded interactions,
with a potential force-switch modifier function for L] and a combination of the Particle Mesh
Ewald (PME) method [356] and the Coulomb potential-shift function for the long-range
electrostatic interactions. More details on how to apply these potential switch methods can be
found in the work of Perez-Sanchez et al. [76] The LJ parameters for the MOH layers were taken
from the CLAYFF force field [185]. The SPC/E model [357] was selected for the intercalated
water. The required parameters of the anions were adopted from the work of Cadena et
al. [358] for NOg, from Smith et al. [359] for CI” and from Schmid et al. [360] for CO5~. To
obtain the parameters for C,0,", the Automated Topology Builder repository [361] based on
the GROMOS force field [360] was utilized.

Each system was subjected to a step-wise optimization process for the MD simulations, be-
ginning with an energy minimization step. Following that, simulation steps in the canonical
ensemble (NVT) and isothermal-isobaric ensemble (NPT) were performed to reach the equi-
librium state. After that, an NPT production run was carried out to obtain the input for the
data analysis. The thermostat and barostat used at different steps were identical to those
used by Perez-Sanchez et al. [76] In the equilibrium steps, the temperature was fixed at 298 K
using velocity-rescaling [362] and the pressure was fixed at 1 bar with the Berendsen pressure-
coupling method [363]. The Nosé-Hoover thermostat [364,365] and the Parrinello-Rahman
barostat [366] were used to fix the temperature and pressure during the production run. After
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the production simulation, a fixed amount of water (one water per unit cell) was removed
and the production step was re-run in order to achieve a new equilibrium state for the new
system. Following the same dehydration procedure as in the DFT calculations, one water per
unit cell was removed step by step until no intercalated water remained in the system. Initially,
seven hydration states for each type of LDH were considered, ranging from six to zero water
molecules in the LDH intergallery. Furthermore, two extra hydration states with the number of
water per unit cell below one were carried out for the Mg,Al,-LDH-CI", Mg,Al,-LDH-COZ~ and
Mg,Al,-LDH-C,0, systems to add more data points to the definition of their stable hydration,
respectively. These two states were created by removing respectively a half and three quarters
of the total amount of intercalated water from the state with one water per unit cell.

After the MD simulations, the structure properties including number density distribution,
radial distribution function (RDF), orientation of the intercalated anions (angle calculation
between anion plane and the MOH layer) as well as the self-diffusion coefficients of the
intercalated anions were obtained from the last 10 ns of the production simulations using the
gmx density, gmx rdf, gmx gangle and gmx msd tools in GROMACS. The total potential
energy was obtained by the gmx energy tool. The hydration energy was defined as:

1
EHydration = N (UIN)-U(0) 4.1)

where U(N)—-U/(0) is the total potential energy difference between the state with NV intercalated
water molecules and the state without intercalated water. The interlayer distance of the
LDH was estimated by dividing the simulation box size in z-direction by the number of
explicitly modeled LDH layers. The number density of any type of atoms was calculated
along z-direction to provide the cross-section information of the LDH. In this calculation,
the whole system was divided into 500 cells along z-direction and the number of the atoms
was accordingly calculated at each cell and subsequently divided by its volume. As there
were five LDH layers in z-direction, five repeated patterns were obtained for the number
density distribution. To get a good overview of the whole LDH, the five repeated patterns were
averaged. All angles between the anion plane and the MOH layer were collected in the last
10 ns. The probability for different angles was calculated to show the angle distribution.

The radial distribution function g(r) was applied to determine the relative position between
intercalated water and anions. Furthermore, the coordination number of water molecules
around the anions could be obtained by integration of g(r) over distance (r). After the space
around the anions was divided into equally spaced shells, the g(r) was calculated with the
densities (p) of the water molecules in the shells divided by the averaged density of the water

in the system:
6(rl] r)

(pB(r)) 1
r)= 42
8tr) <pB>local {PBNocal Na ZlENA ZJENB 4Amr? (4.2)

where N denotes the number of atoms, B the intercalated water molecules and A the interca-

lated anions. In the RDF calculation, the center of mass was used for the intercalated anions
and the oxygen atom for H,O. The self-diffusion coefficient (D) was calculated by the Einstein
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equation [367], relating the mean squared displacement (MSD) to the time:
lim (r1(£) = ri ()7 4 =4 Da t 4.3)

where r;(#) — r;(0) represents the displacement of the anions (A) from their reference position
and t denotes time. Analogously to the RDF calculation, the center of mass was used to define
the position of anions and to calculate their displacement. The calculation of the self-diffusion
coefficient focused only on the x— and y-direction since the diffusion in z-direction can be
neglected after the system reached equilibrium. The hydrogen bonds were calculated based
on the cutoffs of the angle (hydrogen-donor-acceptor) and the distance (donor-acceptor) in
GROMACS with command gmx hbond. The cutoff of the angle is = 30° and the distance cutoff
is 0.35nm.

The simulation results are divided into results and discussion on four Mg,Al,-LDH systems
(Mg,Al,-LDH-NO;, Mg,Al,-LDH-CI", Mg,Al,-LDH-COZ{~ and Mg,Al,-LDH-C,0,>) and on
one MggAl,-LDH system (MggAl,-LDH-C,027). According to Tavares et al. [166], hydration can
induce changes in the electronic structure of an LDH, which in turn affects the partial charges
of the atoms in the LDH. Furthermore, the partial charge parameters of the force field can
have a significant impact on the calculation of electrostatic interactions and the outcome of
MD simulations, particularly the stability of the LDH. [76] As a result, it is critical to ensure that
the charge values used as the basis for parameterizing the employed force field are reasonable,
reliable, and, ideally, compatible with other commonly used force fields. For this reason, the
partial charges were calculated at different hydration states for the atoms in the MOH layer
as well as for the intercalated molecules in each unit cell of the four Mg,Al,-LDH systems
and one MggAl,-LDH, using DFT calculations in combination with the atomic population
analysis method DDEC6. The structure and stability properties of different LDHs with varying
hydration states were investigated based on MD simulations and the results are discussed in
more details in the following paragraphs.

4.2 The impact of different hydration states on Mg,Al,-LDH systems

For the four Mg,Al,-LDH systems (Mg,Al,-LDH-NO;, Mg,Al,-LDH-CI", Mg,Al,-LDH-CO4" and
Mg,Al,-LDH-C,0,", referred to as LDH-NO4, LDH-CI, LDH-CO4~ and LDH-C,0/" in the
following paragraphs), the partial charges were calculated at different hydration states for
the atoms in the MOH layer and the intercalated molecules (see Figure 4.3) of each unit cell.
The DDECS results show that the influence of the water content on the partial charges can
be neglected because they are unaffected by the number of intercalated water molecules. It
should be noted that the partial charges of different types of atoms were averaged over differ-
ent hydration states. The partial charges of the atoms in the MOH layer were then averaged
across the four Mg,Al,-LDH systems, and partial charges of different intercalated anions were
streamlined to approximate, homogenize, and account for the various oxidation states in the
system. For the intercalated water molecules, the partial charges from the SPC/E model [357]
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were employed. Finally, the values listed in Table 4.1 were subsequently used as basis for the
MD simulations.
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Figure 4.3: DDEC6 charges of different types of atoms for each of the investigated LDH systems
(from left to right are LDH-NO;, LDH-CI-, LDH-COZ~ and LDH-C,0,%) at different hydration
states. The color code is shown in the legend and as follows: black for aluminium, red for
magnesium, blue for hydroxide oxygen, dark green for hydroxide hydrogen, turquoise for
nitrate oxygen, brown for nitrate nitrogen, green for chloride, cyan for carbonate oxygen, navy
for carbonate carbon, yellow for oxalate oxygen and orange for oxalate carbon.

As shown by the red lines in Figure 4.4, the interlayer distance of each type of LDH decreases
with decreasing water content in the MD simulations. The black lines depict the LDH hydration
energy with respect to different water contents. The most stable hydration state is defined
by the water content corresponding to the minimum hydration energy for LDH-NO; (three
H,O0 per unit cell) or the water content initiating a plateau for LDH-CI™ (two H,O per unit
cell), LDH-COZ" (half H,O per unit cell, which equals one H,O per two unit cells) and LDH-
C,0/ (two H,0 per unit cell). It is noteworthy that there is no further decrease in hydration
energy when the number of water molecules per unit cell is less than one for the LDH-CI™ and
LDH-C,0/ systems. The hydration energy for the LDH-CO4~ system is clearly lower than
for the other three systems investigated in this work, indicating the extremely high stability of
the intercalated CO*~ as mentioned by Sasai et al. [368] It achieves its stable hydration state
by removing half of the total amount of water at the state with one water molecule per unit
cell. The interlayer distance at the most stable hydration state is the same as the experimental
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Table 4.1: DDECS6 derived partial charges (g, in a.u.) of different types of atoms used in MD
simulations for LDH-NO;, LDH-CI-, LDH-CO4~ and LDH-C,0, systems.

| Element LDH-NOj3 LDH-CI- LDH-CO#Z LDH-C,07

MOH layer Al 1.7700

Mg 1.4400
O(LDH) -1.0800
H(LDH) 0.4000

Intergallery O(NO3y) -0.4300 - - -
N(NO;3) 0.7200 - - -
cl- - -0.5700 - -
0(CO$) - - -0.6600 -
C(CO$) - - 0.8400 -
0(C,04) - - - -0.5340
C(C,0) - - - 0.4980
O(H,0) -0.8476 -0.8476 -0.8476 -0.8476
H(H,0) 0.4238 0.4238 0.4238 0.4238

reference for the LDH-NOj system [369], which is 0.89 nm. For the LDH-CI™ system, the
interlayer distance is 0.84 nm, which is slightly higher than the experimentally determined
value of 0.79 nm [370]. The interlayer distance of LDH-CO5 is 0.73 nm at its most stable
hydration state, which is slightly lower than the experimental value of 0.76 nm. The interlayer
distance of LDH-C,0, is 0.75 nm, which is smaller than that of the LDH-CI™ system and very
close to the experimentally known interlayer distance of the LDH-COZ~ of 0.76 nm.

To elucidate the orientation and position of the intercalated anions relative to the MOH
layer, the number density of the principal atoms, listed in Table 4.1, was investigated along z-
direction at the most stable hydration state (denoted as stable hydration state) and the higher
hydration state next to it (named as high hydration state) for the four Mg,Al,-LDH systems
investigated in this work. The number densities of the atoms belonging to the MOH layers
(Al, Mg, H (OH")) of LDH-NO3 and LDH-CI appear to be less stable at the high hydration
state compared to the stable hydration state, resulting in the broader peaks in Figure 4.5a
and the formation of a wave-like pattern as shown in Figure 4.5¢c. The peak broadening and
wave-like pattern formation are both caused by the fact that the atoms in the MOH layers are
not perfectly in-plane at the high hydration state. When the corresponding LDH is at the stable
hydration state (Figure 4.5b and d), the peak broadening and wave-like pattern disappear. The
number densities of the atoms in the MOH layers of LDH-CO4~ and LDH-C,0, are analogous
for the high and the stable hydration states as shown in Figures 4.5e, f, g and h. This indicates
that the MOH layers are stable in both states and are unaffected by the changes in intercalated
water content for these two types of LDHs. At the stable hydration state of LDH-NOg/, there
are two distinct O peaks of NO3 and H,O (Figure 4.5b), respectively, indicating that most of
the O atoms (of both NO3 and H,0) are close to the MOH layers. In contrast, the distribution
of O (for both NO3 and H,0) at the high hydration state is broad across the entire interlayer
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Figure 4.4: Hydration energy (black) and interlayer distance (red) as function of the water
content. The dotted black lines are used as guide for the eye to highlight the most stable
hydration states for each of the investigated LDH systems (a) LDH-NO5, (b) LDH-CI',(c) LDH-
COZ and (d) LDH-C,0/". In a similar fashion, the dotted red lines were included to mark
the corresponding interlayer distance. The values of the interlayer distance obtained from
simulations (d ) are written in red while the corresponding experimental reference (dyp,)
is shown in grey. The experimental reference for the LDH-C,0, system cannot be provided
in this work as the exchange procedure needs to be further optimized.

region (Figure 4.5a). The difference of the O distribution of NO5 between stable and high
hydration states can be partially attributed to the rotation of the trigonal planar structure of
the NO3 anion, as shown in the inlays in Figures 4.5a and b. This rotation leads to a smaller
interlayer distance and a stronger interaction between the intercalated compounds and the
MOH layers at the stable hydration state. For the LDH-CI, the distribution of O (from H,0)
at the high hydration state in Figure 4.5c differs from that at the stable hydration state in
Figure 4.5d. At the high hydration state, two layers of water form in the interlayer region
and these two layers of water are adjacent to the MOH layers. The two layers of water merge
into one layer at the stable hydration state in Figure 4.5d. However, there is no discernible
difference in the distribution of CI™ at both high and stable hydration states, as shown in
Figures 4.5¢ and d. Additionally, the distribution of O (from both CO#~ and H,0) is similar for
the two hydration states in the LDH-COZ" system (Figure 4.5e and f). For LDH-C,0,*, there
are three O (C,0") peaks at the high hydration state (Figure 4.5g), which convert into one O
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4.2 The impact of different hydration states on Mg,Al,-LDH systems

(C,027) peak at the stable hydration state (Figure 4.5h), indicating that the C,0,~ plane is first
tilted to the MOH layers before shifting to be parallel, respectively (see Figure 4.6).
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Figure 4.5: Number density of different types of atoms along z-direction for LDH-NOj (a) high
hydration state: four H,O per unit cell and (b) stable hydration state: three H,O per unit cell.
The inserted illustrations are two schematic diagrams of how one NO5 can be intercalated
between two MOH layers, represented by grey bars. For LDH-CI™ (¢) high hydration state:
three H,O per unit cell and (d) stable hydration state: two H,O per unit cell. For LDH-COZ" (e)
high hydration state: one H,O per unit cell and (f) stable hydration state: half H,O per unit cell.
For LDH-C,0/" (g) high hydration state: three H,O per unit cell and (h) stable hydration state:
two H,O per unit cell. Black depicts aluminium and magnesium, red the hydrogen atoms of
the hydroxide group in the MOH layer, green the oxygen of the intercalated water molecules,
blue for the oxygen atoms of nitrate, purple for chloride, brown for oxygen atoms in carbonate
and ogre for oxygen atoms in oxalate.

The angle distributions between the NO5 plane and the MOH layer are similar in the high and
stable hydration states, as shown in Figure 4.6a, indicating that the majority of the NO5 anions
are tilted by = 70° relative to the MOH layer in both states. This observation is consistent with
the findings from Marappa et al. [371] and Perez-Sanchez et al. [76]. At both hydration states
of the LDH-CO4~ system, all COZ~ anions are parallel to the MOH layer (see Figure 4.6b). In
contrast, the orientation of the anion in the LDH-C,0, system is strongly affected by the
change in hydration state, as shown in Figure 4.6c. Over 50% of the intercalated C,0,~ anions
are tilted with respect to the MOH layer at high hydration state, while the anion plane of
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Figure 4.6: Angle distribution between the (a) NO5, (b) CO<~ and (c) C,02 anion planes and
the MOH layer at high and stable hydration states. The inserted illustrations in (a), (b) and (c)
show the schematic diagrams at the two hydration states for the respective system, where the
left section depicts the high and the right section the stable hydration state in (c). Black lines
depict the high and red lines the stable hydration state. The definition of the anion plane for
NO;, COZ™ and C,0/ is provided in Figure A.1 in Appendix A.1.

some C,0/" is in parallel to the MOH layer. At the stable hydration state, all C,0,?~ anions
adopt a parallel orientation relative to the MOH layer, indicating that the orientation of the
intercalated C,0, is strongly dependent on the number of present water molecules in the
interlayer. This result is corroborated by the behavior of intercalated CO{~ which is also
observed to be oriented parallel to the MOH layer.

To determine the relative position differences between water molecules and anions at high
and stable hydration states, the RDFs g(r) of the water molecules around the anions were
calculated. From the cumulative number of g(r), one can infer the coordination number of
water molecules around the intercalated anions. For LDH-NO3, LDH-CI” and LDH-CO4" in
Figures 4.7a, c and e, respectively, the peak of g(r) appears at the same distance for both states.
The cumulative number calculations in Figures 4.7b, d and f show that for these three types of
LDHs, the coordination number of water around NO5, CI~ and COZ" is proportional to the
amount of intercalated water molecules. When the amount of intercalated water per unit cell
for LDH-NOj is reduced from four to three, the cumulative number decreases proportionally
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from 4.9 to 3.7. For LDH-CI', the cumulative number changes from 4 to 2.7 when the amount
of intercalated water is reduced from three H,O to two H,O per unit cell. The cumulative
number of water around the CO4*~ anions is halved from 2 to 1 after removing half of the
total intercalated water, transitioning from the high hydration state to the stable state. The
change in the number of coordinated water molecules around the anions for the different
hydration states of LDH-NO;, LDH-CI” and LDH-COZ"~ can be explained by the ionic radii of
the involved species. The tilted NO5 (179 pm) [372], CI” (172 pm) [372] and CO4*~ (178 pm) [372]
all exhibit a larger ionic radius than the water molecules (138 pm) [373] and determine the
LDH interlayer spacing. As a result, as shown in the respective inlays in Figures 4.7b, d and
f, the intercalated water molecules primarily fill the empty space, explaining the correlation
between the coordination number and the amount of intercalated water.

For LDH-C2042_ (the ionic radius of C,0, is 200 pm [374]), the g(r) peaks of the two hydration
states display slightly different shapes (see Figure 4.7g). There is a noticeable peak shift of
the g(r) for the stable hydration state (two water molecules) compared to the high hydration
state (three water molecules), as illustrated in Figure 4.7g. Furthermore, the cumulative
numbers of g(r) (Figure 4.7h) at these two states are close to each other, which differs from the
proportional behavior observed in the other three systems. These are related to the change
in angle distribution, as illustrated in Figure 4.6c. After the water content was reduced from
three to two H,O per unit cell, all C,0,2~ anions were orientated parallel to the MOH layer.
Naturally, this implies a reorganization of the intercalated water molecules that surround the
oxalate (see Figure 4.5h) and a smaller interlayer distance. Since the g(r) calculation in the
z-dimension is more constrained at the stable hydration state, the corresponding g(r) peak
is shifted to a higher distance value. This also leads to a larger cutoff distance for calculating
the cumulative numbers, resulting in a similar number of water molecules coordinated to the
C,04" anion in both hydration states. Therefore, the number of coordinated water molecules
around C,0/" is not proportional to the amount of intercalated water molecules, although
the ionic radius of C,0," is also larger than that of the water molecules.
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Figure 4.7: RDFs g(r) of water molecules around the intercalated anions and their respective
cumulative numbers for the four types of LDHs at high hydration state (in black continuous
lines) and stable hydration state (in red continuous lines). For LDH-NOj (a) g(r) and (b)
cumulative number at four and three H,O per unit cell. For LDH-CI" (c) g(r) and (d) cumulative
number at three and two H,O per unit cell. For LDH-C032_ (e) g(r) and (f) cumulative number
at one and a half H,0 per unit cell. For LDH-C,0,2” (g) g(r) and (h) cumulative number
at three and two H,O per unit cell. The inserted illustrations in Figures (b), (d), (f) and (h)
show the schematic diagrams for the four types of LDHs at the two hydration states, the left
section showing the high and the right section the stable hydration state. The vertical dashed
lines mark the cutoff distances for the first peak of g(r) and the cutoffs for calculating the
cumulative number of g(r). The horizontal dashed lines were included to determine the
number of coordinated water molecules around the anions at different states.

The self-diffusion coefficient of the intercalated anions was calculated based on their MSD
values (see Appendix A.1 Figure A.2) to determine the stability of the LDH. The simulations
indicate that when there are fewer water molecules in the interlayer region, the self-diffusion
coefficient of an intercalated anion decreases. The LDH-NO; system is an exception to this
observation, as the self-diffusion coefficient of NO3™ (Dno;) increases when the amount of
intercalated water is reduced from three H,O (stable state) to two H,O per unit cell (Figure 4.8a).
This can be attributed to the implied subtle change in interlayer distance (see Figure 4.4a).
As aresult, water removal creates empty space in the interlayer for the lower hydration state,
allowing for less impaired relocation of the intercalated NO5 across the xy-plane. The self-
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diffusion coefficient of the intercalated Cl™ ion (Dc¢-) does not increase when the amount
of water is lower than that of the stable hydration state containing two water molecules
(Figure 4.8b). A Dcj- plateau appears, similar to the hydration energy plateau shown in
Figure 4.4b. Overall, the change in D¢j- with respect to the hydration state is more significant
compared to the change in Dno;, which can be attributed to the size difference of these two
monovalent anions (the size of CI” (172 pm) is smaller than NO3 (179 pm)). The self-diffusion
coefficient of the intercalated CO{ (Dcez-) approaches zero when the amount of intercalated
water is reduced to three water molecules per unit cell, as shown in the inlay of Figure 4.8c.
There is no discernible decrease of Dcoz- after the amount of intercalated water is reduced to
less than three water molecules per unit cell. Similar to Dno;, the self-diffusion coefficient
of C,0%~ (Dc,02-) increases slightly when the number of intercalated water molecules per
unit cell is one lower than for the stable hydration state, as shown in the inlay of Figure 4.8d.
However, it is noteworthy that D¢, oz~ is generally low (similar to D¢ge-). The relatively low self-
diffusion coefficients Doz~ and D, oz~ are presumably due to the ability of both the CO4 and
C,0/ ions to form multiple ionic bonds, resulting in a stronger interaction with the MOH layer
than the other two investigated ions. In conclusion, it was discovered that the self-diffusion
coefficient is highly dependent on the hydration state and anion type. Lower D values for the
intercalated anions indicate a highly stable LDH host-guest system. At the stable hydration
state, the self-diffusion coefficients of the four anions decrease in the following order: NO3 >
CI" > CO#™ and C,0/2". Concomitantly, the stability order obtained from the calculations
agrees well with affinity orders from literature: NO5 < CI~ < CO&~. For COZ™ and C,07,
the self-diffusion coefficients at the stable hydration state are equivalent. The intercalated
CO4 and C,0/ ions possess a lower D value compared to the intercalated NO; and CI”
anions studied in this work, indicating that both the LDH-CO4~ and LDH-C,0/* systems have
more stable structures.
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Figure 4.8: Self-diffusion coefficient at different hydration states in x- and y-direction, calcu-
lated for (a) NO3, (b) CI, (¢) COZ™ and (d) C,0,2". The inlays in (c) and (d) show the enlarged
view in y-direction of (c) and (d). The dotted vertical lines highlight the stable hydration states
for each of the investigated LDH systems.

The hydrogen-bonded network of each LDH system was investigated at different hydration
states, since Sasai et al. [368] concluded that this network is important for the stability of the
LDH structure. The average number of hydrogen bonds per intercalated water was calculated
by dividing the sum of the three types of hydrogen bonds (as shown in Figure 4.9a) by the
total number of intercalated water molecules. Hydrogen bonds formed between intercalated
anions and -OH groups of the MOH layer were excluded from the calculation as these were
not directly connected to the intercalated water molecules. As shown in Figure 4.9b, the
average number of hydrogen bonds per water molecule typically increases at the start of the
dehydration process and then reaches a plateau for all four systems. A possible reason for the
formation of this plateau could be the reorganization of the intercalated water molecules to
maintain the hydrogen-bonded network for the stability. The plateau commences at two water
per unit cell for LDH-C,0,~ and LDH-CI", and at three water per unit cell for LDH-CO{~ and
LDH-NO;. For LDH-NO5, LDH-CI” and LDH-C,0,, the beginning of the plateau correlates
with the stable hydration state described in Figure 4.4a, b and d. The beginning of the plateau
for the LDH-CO4" is at a higher hydration state than the stable hydration state. The interlayer
distance of LDH-COZ"~ does not significantly change from the beginning state of the plateau
to its stable hydration state (see Figure 4.4c) and all intercalated COZ~ are parallel to the
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MOH layer as shown in Appendix A.1 Figure A.3. This implies that LDH-COZ" is stable in
all of these hydration states, since the removal of a water molecule does not destabilize the
existing hydrogen-bonded network. The LDH-CI” system formed the lowest average number
of hydrogen bonds per water molecule as shown in Figure 4.9b. This could be attributed to
the fact that the ClI” provides a lower number of acceptors in the calculation of the hydrogen
bonds than the other three intercalated anions. At the plateaus of the four systems, the
LDH-CO4 and LDH-C,0,~ formed more hydrogen bonds than the LDH-NO5 and LDH-CI,
supporting the observation that these two systems have more stable structures. As a result,
the intercalated C,0,2~ ion is likely to behave similarly to the intercalated CO-~, which can not
be easily replaced by NO5 nor Cl” via an ion exchange mechanism.

(b) 450
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Figure 4.9: (a) Schematic representation of a hydrogen-bonded network formed around an
intercalated water molecule in an LDH-NO;5 system. Three types of hydrogen bonds are
considered: hydrogen bonds formed between water molecules (type 1), hydrogen bonds
formed between water and -OH groups of the MOH layer (type 2), and hydrogen bonds
formed between water and intercalated anions (type 3). Average hydrogen bonds (H-bonds)
per intercalated water was obtained by dividing the sum of the three types of hydrogen bonds
by the total number of intercalated water. (b) Average H-bonds per intercalated water at
different hydration states for LDH-NOj (black), LDH-CI” (red), LDH-COZ" (blue) and LDH-
C,0/ (green). The dotted vertical lines highlight the beginning state of the plateau for each of
the investigated LDH systems. The dotted horizontal line stands for the number of hydrogen
bonds per water of bulk water obtained from MD calculations.

4.3 Changing the composition of LDH

Previous simulation results on Mg,Al,-LDH-C,02~ show that the intercalated C,0,2” anions
are unlikely to be easily replaced by CI” through anion exchange. As a result, the intercalated
C,0/", which is a strong corrosion inhibitor for several Mg alloys [30], may not be released to
inhibit corrosion without an additional trigger. This can be attributed to the strong interaction
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between the intercalated C,0,2 and the MOH layer of LDHs. As a strategy to weaken the
interaction and support the release of intercalated C,0,", the charge density of the MOH
layer was adjusted by changing the Mg”*/AI** ratio from 2 to 3 as shown in Figure 4.10. For
the MggzAl,-LDH-C,0/ system, the influence of the hydration on the DDECS partial charges
was studied and, as seen from Figure 4.11, the influence can be neglected as in the previously
mentioned four Mg,Al,-LDH systems. The averaged partial charges for the same atoms over
different hydration states are comparable between the Mg,Al,-LDH-C,02~ system and the
MggAl,-LDH-C,0,~ system. In the MD simulations for both systems, the same partial charge
values are applied to the intercalated C,0,2~ and H,0. To keep the MgzAl,-LDH-C,0 " system
neutral, the partial charges of the atoms in the MOH layer are slightly adjusted. An overview of
the values used in the MD simulations is reported in Table 4.2.

Figure 4.10: Schematic representation of the distribution of Al and Mg atoms in the MOH layer
of (a) Mg,Al,-LDH-C,0,2” and (b) MggAl,-LDH-C,0,2” systems.

Table 4.2: DDECS6 derived partial charges (g, in a.u.) of different types of atoms used in MD
simulations for Mg,Al,-LDH-C,0,2~ and MggAl,-LDH-C,0~ systems

|  Element Mg,Al,-LDH-C,0 2 MggAl,-LDH-C,0 2
MOH layer Al 1.7700 1.7400
Mg 1.4400 1.4500
O(LDH) -1.0800 -1.0900
H(LDH) 0.4000 0.4000
Intergallery || O(C,0/) -0.5340
C(C,02) 0.4980
O(H,0) -0.8476
H(H,0) 0.4238

According to the previous definition, the minimum hydration energy of the MggAl,-LDH-
C,0,2 system at four H,0 molecules per unit cell is the most stable hydration state, as shown
in Figure 4.12. The corresponding interlayer distance is 0.79 nm, which is larger than that of the
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Figure 4.11: DDEC6 charges of different types of atoms for the MggAl,-LDH-C,0,2~ system
at different hydration states. The color code is shown in the legend and as follows: black for
aluminium, red for magnesium, blue for hydroxide oxygen, dark green for hydroxide hydrogen,
yellow for oxalate oxygen and orange for oxalate carbon.

Mg,Al,-LDH-C,0, system (0.75 nm at two H,O per unit cell). The MggAl,-LDH-C,0,/ system
seems to provide a better framework for the release of intercalated C,0, than the correspond-
ing Mg,Al,-LDH due to its higher water content and larger interlayer distance at the stable
hydration state. However, the self-diffusion coefficient of C,0, (Dc,0z-) remains close to
zero at the stable hydration state for the MggAl,-LDH system, as shown in Figure 4.13. This
indicates that the intercalated C,0, in the MggAl,-LDH is as stable as that in the Mg,Al,-LDH.
There is an obvious increase of the D, oz~ when the number of intercalated water molecules
per unit cell is lower than the stable hydration state for the MggAl,-LDH system (black line in
Figure 4.13). Similar as the increase of DN05 from three (stable state) to two H,0 molecules per
unit cell (Figure 4.8a), the increase of DCZOi’ can be attributed to the less impaired relocation
due to the larger empty space generated in the interlayer after the removal of water.

Therefore, the higher water content of the MggAl,-LDH-C,0, system at its stable hydration
state will not accelerate the release of C,0//~ compared to the Mg,Al,-LDH-C,0," system
because they both have low D¢, - at the stable hydration states. The higher water content is
most likely due to the larger surface area of the MOH layer compared to that in the Mg,Al,-
LDH-C,0/ system when there are the same number of Al atoms in the MOH layer present to
balance the same amount of intercalated C,0,*~ anions. The surface area ratio of the MOH
layer between the MggzAl,-LDH-C,0,* system and the Mg,Al,-LDH-C,0 /2~ system is around
4:3 based on the number of metal atoms (Al and Mg) in the MOH layers. The water content
ratio at the stable hydration states for these two system is 2:1, which is slightly higher than
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Figure 4.12: Hydration energy (black) and interlayer distance (red) as function of the water
content for the MggAl,-LDH-C,0 /" system. The dotted black lines are used as guide for the
eye to highlight the most stable hydration state and the dotted red lines were included to mark
the corresponding interlayer distance.
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Figure 4.13: Self-diffusion coefficient of C,0,~ at different hydration states in x- and y-
direction for the MggAl,-LDH-C,0,;~ (black) and Mg,Al,-LDH-C,0,*~ (red) systems.

the theoretical surface area ratio (4:3). This can be attributed to the wave structure of the
MOH layer in the MggAl,-LDH-C,0,2~ system as illustrated in Figure 4.14. Moreover, this wave
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structure enlarged the contact area between the intercalated C,0,2~ and MOH layer, resulting
in a strong interaction and the low Dc,02- indicating a stable system.

Figure 4.14: Illustration of the wave structure of the metal hydroxide layers for a MggAl,-LDH-
C,0/ system. Pink depicts aluminium, cyan magnesium, red oxygen atoms of the hydroxide
group, white hydrogen atoms of the hydroxide group.

4.4 Conclusion

In this work, the influence of the water content on the structure of LDH systems has been in-
vestigated for four intercalated anions (NO5, CI~, CO£~ and C,0,2"). The stable hydration state
was identified for each host-guest system by employing a combination of density functional
theory and molecular dynamic simulations. The favorable number of water molecules in the
intergallery of the respective Mg,Al,-LDH was determined as three for the NO3, as two for the
Cl™ and the C,0, systems, and as half for the CO{~ in each unit cell. It is noteworthy that the
interlayer distances of LDH-NO;, LDH-CI” and LDH-COZ" at the stable hydration state are
close to their respective experimental reference values. Hence, the theoretically determined
value for the oxalate ion is a good estimate for the future experimental investigation.

The atom distribution, radial distribution, orientation, self-diffusion of the intercalated anions
and the hydrogen-bonded network connected to the intercalated water molecules have been
discussed to provide deeper insights into the interlayer region and to unravel the influence of
different hydration states on the properties of the respective LDH systems. The simulation
results showed that the behavior of the intercalated C,0/" anion resembles intercalated
CO3™ in the Mg,Al,-LDH systems. The two systems exhibited similar properties like interlayer
distances, anion orientations, and low self-diffusion coefficients of the intercalated anions
at their stable hydration states. The theoretical investigation indicated that the Mg,Al,-LDH-
C,0/ is a highly stable host-guest system analogous to Mg,Al,-LDH-CO{~. The MggAl,-
LDH-C,0, system was investigated to verify whether the lower charge density of the MOH
layer can weaken the high stability of the intercalated C,0,2". The results showed that the
intercalated C,0, is still highly stable in the MggAl,-LDH-C,0,* system, and the MOH layer
is observed to be wavy rather than flat as was observed for the four Mg,Al,-LDH systems.
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In conclusion, in addition to the type of the intercalated anions, the amount of intercalated
water also has an influence on the structure and stability of the LDHs by affecting the configu-
ration of the intercalated molecules in the interlayer region and in turn the anion exchange
capacity of LDHs. For the intercalated anions, a high self-diffusion coefficient can assist them
to be able to be released from the LDH and thereby further protect Al/Mg alloys from corrosion.
Therefore, the rational design of LDH-based systems used in corrosion protection, does not
only require the selection of potent inhibitors but also needs to take the hydration state into

account.
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To validate the wave-structure for MggAl,-LDH intercalated with oxalate (C,0,") reported
in Section 4.3, a machine-learned force field (ML-FF) was developed in this work that can
combine the accuracy of DFT methods with the efficiency of classical MD simulation. To
construct ML-FFs, suitable datasets derived from DFT calculations must first be generated in
order to factor in the relationship between the material structure and the forces acting on the
atoms or/and the energy of the structure in the training process. [231,235] Unlike classical force
fields, an ML-FF does not require the assumption of bonding patterns, instead it constructs
important connections solely on the basis of the atomic coordinates of the structure. [231] ML-
FFs have been applied to study electronic effects [263,375], thermodynamic properties [376],
reactions [377-379], nuclear quantum effects [261,380], excited states [381] and spectroscopy
[382] in materials science.

Machine learning models based on graph neural networks (GNNs) are among the fastest
growing approaches and have been widely used in chemistry because of their ability to directly
work on the chemical graphs of molecules and materials. [266,267] Wieder et al. [383] gathered
80 GNNs that were used to predict molecular properties using different datasets in their
review article. Furthermore, GNNs have also been used to investigate crystal materials. Xie
et al. [384] created a crystal graph convolutional neural network framework based on atomic
connections in crystals that is directly capable of learning material properties. SchNet [380]
enables high accuracy estimations of atomic interactions by combining continuous-filter
convolutional (cfconv) layers with filter-generating networks [264, 385] and incorporating
periodic boundary conditions of crystal materials. [264] The cfconv layers are able to model the
local correlation of a molecule with unevenly spaced atoms. [264] Figure 5.1 shows an overview
of the SchNet architecture, which consists of multiple layers, including an embedding layer,
three interaction layers and a pooling layer. At each layer, the material structure is represented
atom-wise similar as pixels in an image. [264] The initial inputs for the architecture are atomic
nuclear charges Z = (Z,, . . . Z,) and atomic positions R = (ry, . . . r,)) of the material structure.
Using the SchNet architecture, Schiitt et al. [380] predicted the potential-energy surfaces
and energy-conserving force fields of small organic molecules. Furthermore, Westermayr et
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al. [381] used the SchNet architecture and its automatically determined representation of
molecular structures to explore multiple electronic states.
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Figure 5.1: llustration of SchNet architectural overview (Source: [264]).

5.1 Methodology

To benefit from these advantages, the SchNet architecture was used in this work to develop an
ML-FF using the Keras graph convolution neural networks (KGCNN) package developed by
Reiser et al. [386]. KGCNN is a TensorFlow-Keras-based neural network package that focuses
on transparent tensor structures between layers. [386] Aside from the ability to train a SchNet-
based ML-FF, KGCNN also provides an interface for integrating it with the functionality
of the atomic simulation environment (ASE) [387] package, such as molecular dynamics
simulations (e.g. GROMACS package [354]). The workflow used in the construction of ML-FF
is depicted in Figure 5.2. The input LDH dataset was generated using the plane-wave (PW)
DFT code Vienna Ab Initio Simulation Package (VASP) [341, 342], where the process is similar
to the aforementioned DFT calculations but without geometry optimization. Because the
goal was to find a link between geometry and energy (and force), a diverse set of geometries
was advantageous for increasing data diversity. DFT calculations were performed for three
different size LDH systems to increase the variance in the training data. These three sizes
are defined as small, which is the same as one unit cell, medium, which is a supercell twice
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the size of the unit cell, and large, which is four times the size of the unit cell. The large,
medium and small size LDH systems are shown from left to right in Figure 5.2. Following
that, a SchNet-based ML-FF was built within KGCNN [386]. The constructed ML-FF can be
used to run MD simulations using the interface functionality of ASE [387]. The MD simulation
trajectories were subsequently used as input file for VASP [339] to validate the MD simulation
results and thus the quality of the used ML-FF. The DFT calculations for the validations will be
added to the initial LDH dataset to retrain the model and to increase its domain of applicability,
particularly if structural artifacts are detected in the ML-FF MD simulations, resulting in an
active learning approach.

AT Data Generation SchNet-based ML-FF
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Figure 5.2: The workflow used in the construction of ML-FF is depicted schematically. First, a
dataset of LDHs is generated by DFT calculations (top left). A SchNet-based ML-FF is built in
the KGCNN package using the LDH dataset. The SchNet-based ML-FF can then be used to
run MD simulations, with the corresponding evaluation done using DFT calculations in VASP.
Finally, the DFT calculations from the evaluation stage can be added to the initial LDH dataset
to retrain the model. The ASE software package is used for setting up and linking the atomic
simulations described in the feedback loop.

Evaluation

Besides changing the LDH size, two other strategies were used to increase data diversity:
manually changing the relative positions of the oxalate and metal hydroxide (MOH) layers,
and running MD simulations at high temperatures using the classical CLAYFE A total of 1370
different structures were created based on the small size LDH, and the difference between
the structures was obtained by changing the relative position of the oxalate and MOH layers,
followed by filling water molecules randomly in the empty space. As a result, the water content
in these structures may slightly differ. In addition, 1000 LDH structures based on the medium
and large size LDHs (500 each) obtained by running classical MD simulations at 1150 K and
2150K, respectively were added to the pool of available training data. Hence, the initial dataset
for the ML-FF construction consisted of 2370 samples.
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A molecular structure can be represented as a graph, with nodes representing atoms and
edges representing covalent bonds. [273] However, unlike molecules, LDH crystal systems
lack comprehensive covalent bonding information that can be directly used as edges in their
graphs, so edge selection in a crystal system necessitates more care. In this study, the edges
of the LDHs were chosen using a combination of the k-nearest neighbors [388] and radius-
based [389] algorithms. To calculate the edges of each atom in the LDHs, the intersection of its
25 nearest neighbors and neighboring atoms within 5 A was chosen with the consideration of
image graphs (periodic boundary conditions of crystals as illustrated in Figure 5.3). Figure 5.4
depicts the LDH SchNet architecture, where the LDH structure is represented as a graph
to be used as input for model construction. The atomic number of each atom (Z;) and the
distance between two atoms for the selected edges (L;) were used to represent node and edge
information, respectively. In the embedding stage, nodes and edges were embedded with
latent vectors to obtain the initial node and edge embedding. During the interaction stage,
the edge embedding was initially updated on the basis of the initial edge embedding (Xg) and
the initial node embedding (Xy). Afterwards, the local edge aggregation function collected the
updated edge embedding from the previous step for all incoming edges at each node. Based
on the aggregated result for each node and the initial node embedding, the node embedding
was updated which completed a round of communication between the edge and the node.
A model can have multiple rounds of communication between edges and nodes, with the
SchNet architecture (Figure 5.1) displaying three rounds of communication. The final updated
node embedding was used for energy prediction and the force was obtained by differentiating
the predicted energy with respect to the atomic positions. The following hyperparameters
were used in the SchNet model:

* Node embedding dimensions: 128

* Edge embedding: 25-dimensional Gaussian basis expansion [390] on a [0,5] A interval
¢ Depth: 6

¢ Interaction layer dimensions: 128

¢ Node pooling: Sum

¢ Epochs: 1000

¢ Optimizer: Adam [391]

Finally, the obtained model (SchNet-based ML-FF) can be used as a force field in the MD
simulations.
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Figure 5.3: Edge generation in two dimensions using the k-nearest neighbors algorithm (four
nearest neighbors around the selected centroid, edges marked in dark brown lines) and the
radius-based algorithm (the radius is represented by the red arrow).
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Figure 5.4: The SchNet architecture for the LDH system is depicted. To construct the model,
each LDH structure is represented as a graph. The atomic number of each atom represents the
node information, while the distance between two atoms represents the edge information. To
obtain the initial node and edge embeddings (Xy and Xg), nodes and edges are embedded with
latent vectors during the embedding stage. During the interaction stage, the node embedding
is iteratively updated. For energy prediction, the final updated node embedding is used,
whereas force prediction is obtained by differentiating the predicted energy with respect to
the atomic positions.

In order to develop the initial ML-FF, the available training data was divided into five folds
and a cross validation approach was adopted to validate the accuracy and robustness of the
trained model. After the initial ML-FF was generated, it was used to run MD simulations using
the velocity Verlet algorithm [392] via the KGCNN-ASE interface. The Maxwell-Boltzmann
distribution [393] was used to set the momentum for the atoms of LDHs at room temperature
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(300K). The time step was set to 1fs and the total number of time steps was 500. The 500
time step trajectories were saved for visualization and distance analysis to further investigate
the ML-FF behavior. Only the second half of the total trajectory was sampled to evaluate the
ML-FF due to its higher diversity, and 50 structures were extracted from the second half of
the MD simulation, with each 5™ trajectory extracted beginning with the 250 time step. On
these sampled LDH structures, DFT calculations were performed, and the comparison of DFT
calculated values and ML-FF predicted values can be used to evaluate the behavior of the
ML-FF. Finally, the initial dataset was updated by incorporating the sampled structures with
DFT calculated results to retrain the ML-FF model. The prediction accuracy of the model can
be increased using an active learning strategy by performing iterative updates to the dataset
and the associated ML-FF model which is discussed in detail in Section 5.3 and 5.4. The
retrained ML-FF was subsequently used to perform MD simulations of an expanded LDH
system created by replicating the large size LDH in the initial dataset 2 x 2 x 1 times. Using the
Berendsen thermostat [394] and the same time step (1 fs) for 5000 time steps, the canonical

ensemble (NVT) was used to reach the equilibrium state for the expanded LDH system.

5.2 Performance evaluation of the initial ML-FF model

From the learning curves obtained from the model training, displayed in Figure 5.5, it is
apparent that the energy and force mean absolute errors (MAEs) decrease for the training
dataset in the cross validations after 100 epochs. As the number of epochs increases, the
energy MAEs of the training and validation sets continue to decrease until they reach a plateau,
while the force MAEs remain at lower values. The model obtained at the end of training (at the
1000th epoch) in the 5t fold of the cross validations was saved as the SchNet-based ML-FF
model for the subsequent MD simulations.

The predicted values in the validation set are compared to the DFT calculated results for both
energies and forces in Figure 5.6 to assess the behavior of the saved model more directly.
Since energy is an extensive property, the scaled energy of the three considered LDH sizes
was determined and results in an MAE of 0.033 (Figure 5.6a). The comparison between the
predicted energy and DFT calculated energy for each size of LDHs is shown in Figure 5.7, and
the MAEs are 0.391 eV, 0.191 eV, and 0.058 eV for the large, medium, and small size of LDHs,
respectively. Naturally, the large LDH has a higher MAE value, as the total energy of a system
scales with the number of atoms. The force MAE of the LDH structures in the validation set is
0.100 eV/A, as shown in Figure 5.6b. This value is in the same order as the force MAE of some
organic molecules in the validation set from the work of Schiitt et al. [264]. The saved ML-FF
is thus able to accurately predict energies and forces for the structures in the validation set
and was subsequently tested for its applicability in MD simulations to estimate its robustness.
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Figure 5.5: LDH training curve with respect to epoch variation. The blue and orange lines
represent the energy and force MAEs for the training dataset. The green and red lines depict
the energy and force MAEs for the validation dataset. The corresponding standard deviation
interval of the 5-fold cross validations is marked in a slightly lighter color for each error. The
energy and force MAEs of the validation dataset obtained from the last epoch are displayed in
colors that correspond to the legend.
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Figure 5.6: Comparison of ML-FF model predicted values and actual values obtained from
DFT calculations for (a) scaled energy and (b) force of the LDH structures in the validation
date set. The color bar depicts the difference between the predicted and actual values. The
blue lines represent perfect correlation.
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5.2 Performance evaluation of the initial ML-FF model

The unit cell LDH was used as the starting geometry for the MD simulation, with the force
field being the saved ML-FF model. The potential energy obtained from the MD simulations
(referred to as ML-FF energy) shown in Figure 5.8a increases with the simulation time, with a
noticeable increase around 0.4 ps. This increase can be attributed to three observed factors:
the stretching of the carbon-carbon (referred to as C-C) atom distance within the oxalate
molecule (shown in orange dots in Figure 5.8a), and the stretching of the oxygen-hydrogen
(referred to as O-H) atom distances in water molecules and MOH layers (shown in green and
purple dots in Figure 5.8a, respectively). The O-H distances in water were averaged over all
water molecules in the system, and the corresponding standard deviation interval is denoted
by the green area in Figure 5.8a. The standard deviation interval of O-H distance in MOH
layers is shown in Figure A.4 in Appendix A.2 after performing the same averaged calculation.
The stretching of the averaged O-H distances in water molecules and MOH layers is not as
pronounced as the increase in C-C distance, but each averaged distance has a large standard
deviation as shown in Figure 5.8a and Figure A.4. The large standard deviation is due to the
fact that only a few hydroxide ions in water molecules and MOH layers exhibited remarkable
stretching, for example, as shown Figure 5.8b, the O-H distance of the prominent hydroxide
ions in the inset image stretched significantly at the end of the simulation. The stretching of
the C-C distance occurs prior to the sharp increase in ML-FF energy, whereas the stretching of
the O-H distances in both water molecules and MOH layers occurs almost simultaneously with
the sharp increase in ML-FF energy, as shown in Figure 5.8a. As a result, the sharp increase in
ML-FF energy is caused primarily by O-H stretching in both water molecules and MOH layers.
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Figure 5.8: (a) ML-FF energy (in blue), C-C atom distances in oxalate (in orange), and averaged
O-H atom distances in water molecules (in green) and MOH layers (in purple) varied with
simulation time for the unit cell LDH. (b) Two highlighted O-H distances marked in the inlet
image varied with simulation time.

Figure 5.9 depicts a comparison of the ML-FF model predicted and DFT calculated energies
and forces for the 50 extracted structures from the second half of the MD simulation. The ML-
FF model predicted much lower energies and forces than the DFT calculated values, resulting
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Figure 5.9: Comparison of (a) predicted energy from the initially saved ML-FF model and the
actual energy obtained from DFT calculation and (b) predicted force from the initially saved
ML-FF model and actual force obtained from DFT calculation for the unit cell LDH.

in high MAE values (739.741 eV for the energy and 143.608 eV/A for the force). The high MAE
values indicate that the ML-FF model used in the MD simulation underestimated the effect of
the three observed atom distance stretches on the energy and force of the simulated system.
This can be attributed to a lack of stretched compounds inside LDH structures in the initial
dataset, causing the model to incorrectly predict their impact on the prediction of energy and
force of the system. The active learning approach will be used in the following section to solve
this problem.

5.3 Active learning with unit cell LDH

Following the performance evaluation of the initially saved model, these 50 extracted struc-
tures were added to the initial dataset, along with their DFT calculated energies and forces,
and the ML-FF model was retrained. The first iteration is defined as validating the behavior
of the one time retrained ML-FF model in MD by comparing it to DFT results. After imple-
menting nine iterations of the described active learning procedure, the model accuracy is
significantly improved. Figure 5.10 depicts the behavior change of the retrained model used in
each iteration, including ML-FF energy, C-C distances and O-H distances. As illustrated in
Figure 5.10a, there is no significant increase in ML-FF energy over the nine iterations, which
indicates that the retrained models performed better. However, the behavior of the retrained
model in the first iteration is significantly different compared to the other eight iterations, with
lower ML-FF energies and shorter O-H atom distances in both water molecules and MOH
layers, while the C-C atom distances remain unexpectedly higher, as shown in Figure 5.10.
The lower ML-FF energy and shorter O-H atom distance indicate that the retrained model
learned from the added stretched compounds that O-H stretch can result in a high energy.
Thus, the model avoided O-H stretching as much as possible in the first iteration, resulting in
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a compressed O-H atom distance, and the model predicted that the compressed structure had
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Figure 5.10: (a) ML-FF energy, (b) C-C atom distances in oxalate, (c) averaged O-H atom
distance in water molecules and (d) averaged O-H atom distance in MOH layers varied with
simulation time from the 1% to the 9™ iteration for the unit cell LDH. From the 1°¢ to the 9
iteration, the results are shown in the following color order: blue, orange, green, red, purple,
brown, pink, gray and cyan.

The DFT validation of the first iteration, shown in blue in Figure 5.11a and b, reveals that the
retrained model underestimated the effect of the overly compressed structures on the energy
and force predictions. This limitation was overcome in the second iteration after retraining the
ML-FF with an updated training dataset containing compressed structures with high energies
and large forces. Furthermore, no C-C distance stretching was observed in the second iteration
(Figure 5.10b). From the third to the ninth iteration, the previously observed stretching or
compression of the O-H atom distance vanished, and the atom distances of C-C and O-H
remain around the values corresponding to their bond lengths of 1.6 A for a C-C bond in the
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oxalate compound [395] and 1A for an O-H bond in water [357] and the MOH layer [185] (as
seen in Figure 5.10b, ¢ and d). For the energy and force, the predictions improved significantly
through the first and the second iteration, where the MAE of the energy decreased about
15% (from 739.741 eV to 625.851 eV) and 99% (from over 600 eV to a value less than 1eV),
respectively. The MAE of the force decreased about 47% (from 143.608 eV/A to 76.281 eV/A)
and 99% (from around 76 eV/A to less than 0.5eV/A), respectively. From the third to the ninth
iteration, the retrained model improved slightly for the energy and force predictions at first
until the predicted values correlated well with the actual values obtained from DFT after the
fourth iteration (Figure 5.11c and d). Figure 5.12 shows a clear trend in the error minimization
concerning the energy and force MAEs as the number of iterations increased from two to four.
From the sixth to the ninth iteration, the force MAEs stabilized at a value below 0.09 eV/A,
whereas the energy MAEs fluctuated.

The energy and force MAEs obtained from the sixth to ninth iterations as well as their averaged
values are listed in Table 5.1 and compared to the corresponding MAE values of the initial
model. Counterintuitively, neither iteration resulted in a lower energy MAE value compared to
the initial model. This can be partially attributed to the fact that the starting geometry unit
cell LDH contains approximately three additional water molecules compared to the unit cell
LDH structures used in the initial dataset. Furthermore, it indicates that more iterations may
be required to further improve the energy prediction of the model. All of the force MAEs, on
the other hand, are lower than the force MAE value of the initial model. This suggests that the
retrained models used in these four iterations outperform the initial model in terms of force
predictions.
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Figure 5.11: Comparison of predicted energy from the retrained ML-FFs and actual energy
obtained from DFT calculations (a and ¢) and predicted force from the retrained ML-FFs and
actual force obtained from DFT calculations (b and d) for the unit cell LDH. (a) and (b) show
the results of the 1%t and the 2" iteration. (c) and (d) show the results of the 3" to the 9
iterations. From the 1% to the 9" iteration, the results are shown in the following color order:
blue, orange, green, red, purple, brown, pink, gray and cyan. The corresponding MAEs are
colored in the same way. The black dashed lines represent the perfect correlation, with no
difference between predicted and actual values.
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Figure 5.12: The energy and force MAE values varied with the number of iterations for the unit
cell LDH.

Table 5.1: Comparison of the energy and force MAEs between the retrained models with the
unit cell LDH and the initial model. The results from the 6 to the 9" iteration and the average
values are listed and compared to the values of the initial model.

Num. Iteration | Energy MAE [eV] | Force MAE [eV/A]
6 0.290 0.086
7 0.212 0.087
8 0.078 0.074
9 0.129 0.081
Averaged 0.177 0.082
Initial model 0.058 0.100
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5.4 Active learning with supercell LDHs

Medium and large size supercells were used in the active learning process to further improve
the behavior of the ML-FF extracted from the fifth iteration of Section 5.3. The interaction of
the oxalate molecules in supercells was taken into account in the active learning process when
compared to the retraining process using unit cell LDH with only one oxalate per structure.
Figure 5.13 shows the results of a comprehensive investigation into the variation of the C-C
atom distances over nine iterations for the medium size LDH. The C-C atom distances of the
two oxalate molecules (Figure 5.13a C1-C2 and Figure 5.13b C3-C4) are close to the bond
length mentioned in the previous paragraphs for the majority of the iteration process. In the
third iteration, a sharp increase in the C-C atom distance for C3-C4 distance appeared at the
early stage of the simulation and followed by a large variation in the remaining simulation time
as shown in Figure 5.13b. The sharp increase of the C1-C2 distance in Figure 5.13a occurred at
the end of the simulation time. Aside from the C-C atom distance within an oxalate molecule,
the distance between two neighboring carbon atoms (C2 and C3) from two distinct oxalates
was calculated and was found to strongly decrease as the C1-C2 and C3-C4 distances increase,
as shown in Figure 5.13c¢. This observation implies that the model used in the third iteration
did not recognize the two oxalate compounds as separated units. Instead, it tried to bring
these two carbon atoms closer together to form a new oxalate molecule.

In the third iteration, the ML-FF model underestimated the influence on both the energy and
force predictions of two neighboring carbon atoms belonging to two distinct oxalates moving
closer to each other. The energy predicted by this ML-FF model is significantly lower than the
actual value calculated using DFT, as shown in green in Figure 5.14a. The predicted forces
moreover do not correlate well with the forces calculated by DFT (Figure 5.14b). Furthermore,
Figure 5.14a and b show that for some of the structures, the ML-FF used in the fifth iteration
provides a lower energy prediction and a larger force prediction compared to their respective
DFT values, while the C1-C2 and C3-C4 distances are close to the expected bond length
(Figure 5.13a and b). The highest predicted force, denoted by a red circle in Figure 5.14b, is
caused by a hydrogen atom of a water molecule. Therefore, the higher MAE values in the fifth
iteration compared to the iterations in Figure 5.14c and d could be attributed to the changes
in the O-H distances in the water molecules. The averaged O-H distance in water molecules
was calculated and, as shown in Figure 5.15, only a small variation was observed towards the
end of the simulation with a large standard deviation interval. To eliminate the averaging
effect in LDH systems, the O-H distance associated with the largest predicted force value was
investigated. The distance of this O-H remains within the confidence interval of the averaged
O-H distance for the first 0.4 ps, followed by a sharp increase at the end of the simulation
time. It should be noted however that the sharp increase mentioned here is significantly
smaller than the O-H stretch observed for the initially saved ML-FF model (the green plot in
Figure 5.8b). The averaged O-H atom distances in the water molecules and MOH layers for the
remaining eight iterations are provided in Figure A.5 in Appendix A.2. From the sixth iteration
on, the energy and force MAEs stabilized at values less than 0.19 eV and 0.07 eV/A, respectively.
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Figure 5.13: Three C-C atom distances in the two oxalates varied with simulation time in
different iterations for the medium size LDH. As shown in the inserted image, the four carbon
atoms in the two oxalates are designated as C1, C2, C3 and C4. (a) C1-C2, (b) C3-C4 and (c)
C2-C3 distances varied with simulation time from the 1% to the 9" iteration. From the 1% to
the 9" iteration, the results are shown in the following color order: blue, orange, green, red,
purple, brown, pink, gray and cyan.
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Meanwhile, the C-C atom distances of the two oxalates and the averaged O-H atom distances
in the water molecules and MOH layers are close to their bond lengths.
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Figure 5.14: Comparison of predicted energy from the retrained ML-FFs and actual energy
obtained from DFT calculations (a and ¢) and predicted force from the retrained ML-FFs and
actual force obtained from DFT calculations (b and d) using the medium size LDH. (a) and
(b) show the results of the 3" and 5" iterations. (c) and (d) show the results of the remaining
iterations. From the 1% to the 9" iteration, the results are shown in the following color order:
blue, orange, green, red, purple, brown, pink, gray and cyan. The corresponding MAEs are
colored respectively. The purple point with the largest predicted force is highlighted by a red
circle. The black dashed lines represent perfect correlation between predicted and actual
values.

In addition to active learning with medium size LDH, the model was retrained with large size
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Figure 5.15: Averaged O-H atom distance in water molecules varied with simulation time for
the medium size LDH in the 5" iteration, marked in purple. The standard deviation interval
is in a slightly lighter purple. The O-H atom distance corresponding to the hydrogen atom
showing the largest predictive force is plotted in red to show its variation with time.

LDH to investigate potential further improvement of the model performance. No stretching of
the C-C atom distance within the same oxalate is present in the large size LDH, nor does the
approaching of two carbon atoms from separate oxalates appear. This can be attributed to the
fact that each LDH structure contains four oxalates, which can provide enough information
for the model to learn that breaking an oxalate molecule into two C,0, fragments and pulling
two carbon atoms from two different oxalates closer together is not energetically favorable.
Figure 5.16 shows the calculated average C-C atom distance in oxalates and O-H atom dis-
tances in water molecules and MOH layers. Over the nine iterations, the averaged distances
fluctuated around the expected chemical bond lengths.

Figure 5.17 shows that in the first iteration, there was already a decent correlation between the
predicted and DFT calculated energy and force values, and there was a slight improvement
from the first to the second iteration, after which the model behavior was maintained. This
indicates that if the initial geometry is of large size LDH, only two iterations are required to
improve the model behavior whereas at least six iterations are required to achieve a similar
model behavior using a medium size LDH. The energy and force MAEs of the retrained models
obtained from the sixth to the ninth iteration using medium and large supercells as initial
geometries are listed in Table 5.2. For all four iterations of both sizes LDHs, their energy and
force MAEs are lower than the values obtained from the initially saved model, indicating a
significant improvement in the ML-FF through active learning.
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Figure 5.16: Averaged C-C atom distance in oxalates, averaged O-H atom distance in water
molecules and averaged O-H atom distance in MOH layers varied with the number of iterations
ranging from 1 to 9 for the large size LDH.
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Table 5.2: The comparison of the energy and force MAEs between the retrained models based
on two supercells (the medium and large size LDHs) and the initial model. The results from
the 6 to the 9" iterations and the corresponding average values are listed and compared to
the values of the initial model.

Num. Iteration | Energy MAE [eV] | Force MAE [eV/A]

Medium Large | Medium Large

6 0.189 0.295 0.067 0.061

7 0.169 0.194 0.066 0.062

8 0.166 0.175 0.067 0.062

9 0.146 0.200 0.065 0.062

Averaged 0.168 0.216 0.066 0.062
Initial model 0.191 0.391 0.100

5.5 Testing the retrained model on an expanded LDH system

Finally, the retrained model obtained from the ninth iteration in the active learning process
with the large size supercell LDH was used to run a longer MD simulation to reach the equilib-
rium state, using an expanded LDH system (four times the large size supercell LDH) as the
starting geometry. The results of the energy and atom distances for the expanded LDH are
shown in Figure 5.18. The ML-FF energy decreased at the start of the simulation and then
fluctuated around the low energy, as shown in Figure 5.18a. There was no significant stretch
or compression of the C-C and O-H atom distances in the expanded LDH system, and the
distances fluctuated around their bond lengths, as shown in Figure 5.18b, ¢, d. This implies
that the model retrained with smaller size LDHs can be scaled up to simulate expanded LDH
systems.

Although no wave-like structure was observed in the MD simulation using the retrained ML-FF
for this expanded LDH, it cannot yet be concluded that the wave-like structure observed in
the classical MD simulation is physically incorrect due to the significant size and time scale
differences. In the future investigations, it is recommended to use the retrained ML-FF to run
MD simulations using the same size LDH as in the classical MD simulation, with a simulation
time of ns.

5.6 Conclusion

A graph neural network was used to create an ML-FF for an LDH system in this study. The
development of this ML-FF focused on the MggAl,-LDH-C,0/ system, with the goal of
validating the previously observed wave structure in the traditional MD simulations. The
ML-FF development process was divided into four stages: initial ML-FF generation, ML-FF
behavior evaluation, active learning to improve ML-FF behavior and final MD simulation
test on an expanded LDH system. The initial ML-FF was created using a dataset of 2370 LDH
structures and a 5-fold cross validation, but underestimated the energy and force predictions
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Figure 5.18: (a) ML-FF energy, (b) C-C atom distances in oxalate, (c) O-H atom distances
in water molecules and (d) O-H atom distances in MOH layers varied with simulation time.
The corresponding standard deviation interval is marked in a slightly lighter color for each
property. The applied ML-FF model was obtained from the 9" iteration in the active learning
process with the large size LDH. The used expanded LDH is displayed in the inlet in the top
left panel.

of stretched structures during its performance evaluation. This underestimation was most
likely caused by the absence of a stretched structure in the initial dataset used to train the
model. Active learning was introduced to improve model behavior by retraining the model
with updated datasets. For the active learning using the unit cell LDH, the model behavior
was significantly improved by first recognizing that stretched O-H distances in the water
molecules and MOH layers result in large energy and force values, and then recognizing
that compressed O-H and stretched C-C distances can also result in high energies and large
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forces. Medium (two times of unit cell) and large (four times of unit cell) supercell LDHs were
used to further improve the ML-FF prediction accuracy. During the active learning with the
medium supercell LDH, the ML-FF was able to learn that it is not energetically favorable to
pull two neighboring carbon atoms from two distinct oxalate compounds closer together by
breaking the central C-C bond in one of the compounds to form two C,0,. Compared to using
medium supercell LDH, using large supercell LDH requires fewer iterations to achieve the
same predictive behavior by active learning since there are more atoms in the large supercell
that can provide resourceful information for the model development. Furthermore, energy
and force prediction of the retrained model improved significantly through active learning,
indicating that the retrained ML-FF is a promising force field for accurately simulating LDHs
at significantly lower computational costs. Finally, in the MD simulation with an expanded
LDH structure as starting geometry, the retained model was able to keep the O-H and C-C
distances to values around their expected chemical bond lengths.

The ML-FF developed in this work serves as the foundation for investigating large scale LDH
systems with thousands of atoms and represents a DFT level accuracy tool for verifying the
wave-structure observed in the classical MD simulation mentioned in the previous chapter,
with comparable efficiency. Furthermore, this work provides a solid framework for training
a new and general applicable force field for different LDH systems intercalated with other
corrosion inhibitors.
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This chapter is extracted from the article 'Predicting corrosion inhibition efficiencies of small
organic molecules using data-driven techniques’ submitted to the journal npj Materials Degra-
dation by X. Li, B. Vaghefinazari, T. Wiirger, S.V. Lamaka, M.L. Zheludkevich, C. Feiler.

The selection of potent corrosion inhibitors is another critical step in facilitating a long-
term and environmentally friendly corrosion protection solution based on layered double
hydroxides (LDHs). Oxalate (C2042_) has been demonstrated to be an effective inhibitor for
several magnesium (Mg) alloys. [30] However, the simulation results in Section 4 indicate
that LDHs intercalated with C,0,2~ will be a highly stable system, and thus the intercalated
C,0/" may not be voluntarily released, limiting its corrosion protection capability for Mg alloys.
To achieve highly effective active corrosion protection, new promising organic inhibitors
for the design of novel LDHs are required. However, due to the large number of organic
compounds with potentially useful properties [295], identifying an effective organic corrosion
inhibitor to be intercalated into LDHs (see Figure 6.1) to protect a specific type of Mg alloy can
be very challenging. Furthermore, purely experimental studies on the intercalation of new
organic molecules into LDHs can be time-consuming due to the large number of candidate
molecules to choose from. [9] Fortunately, machine learning-based approaches promise
to generate a shortlist of candidate inhibitors prior to large-scale experimental testing and
computer simulations to model their properties.

As described in Section 1.3.3.2, a number of quantitative structure-property relationship
(QSPR) models have been successfully developed to predict the corrosion inhibiting effect
of small organic compounds for various types of metal alloys. In this section, support vector
regression (SVR) and kernel ridge regression (KRR)-based QSPR models were developed to
assist in the identification of effective organic corrosion inhibitors for AZ91.
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Figure 6.1: Schematic representation of a layered double hydroxide system with a large number
of organic inhibitor candidates.

6.1 Methodology

Following the process of the QSPR model generation, the corrosion inhibition responses of
58 small organic molecules on Mg alloy AZ91 from a previous study [30] were used as the
training dataset in this study. AZ91 was chosen as the substrate because previous experimental
work [396] demonstrated that LDHs can be synthesized directly on the surface of this alloy as a
conversion layer. The corrosion inhibition efficiencies (IEs) of the samples in the used dataset
are more variable than those used in other Mg alloy prediction models [293, 295, 296] so far,
necessitating the use of a machine learning algorithm with good generalization capabilities.
SVR is a generalization-capable algorithm that has been used to develop a predictive model to
investigate the effect of the outdoor environment on the corrosion rates of metallic materials
[316,317] and to identify effective corrosion inhibitors for Q235 steel using a limited dataset
[300]. Therefore, SVR was chosen for the QSPR model construction in this work to investigate
its applicability for Mg-based datasets and the quality of the predictions was evaluated using
experimental blind testing. Meanwhile, the KRR approach was chosen as a benchmark for
comparing the performance of the SVR model because it has been shown to be capble of
developing a reliable predictive model for the inhibition efficiency of small organic compounds
for CPMg220 [295].

Figure 6.2 depicts an overview of the workflow used in this study. Following the feature gen-
eration and feature selection steps, a model was generated based on the AZ91 experimental
dataset, and the model was validated using experimental blind tests. Prior to the model
construction, the molecular structures of the 58 organic compounds extracted from the ex-
perimental dataset were optimized using the quantum chemical software package Gaussian
16 [397] at the TPSSh/def2SVP level of theory. After combining the DFT calculated features
(highest occupied (HOMO) and lowest unoccupied molecular orbital (LUMO)) with the molec-
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Figure 6.2: Schematic representation of the ML workflow used in this study. A database of 58
small organic molecules and their corrosion responses to AZ91 are employed as a training
database. To encode their molecular structures, a pool of molecular descriptors is generated
first, and a two-step sparse feature selection approach is used. Following that, the most
relevant descriptors are subsequently used to train supervised machine learning models to
predict the behavior of untested chemicals. The small organic molecules used in the blind test
are selected based on a previously published ExChem [295] approach.

ular descriptors obtained from the chemoinformatics software package alvaDes [322], the
initial feature set in this work consisted of more than 800 features, which significantly ex-
ceeded the number of compounds in the initial dataset. Using too many features in a model
construction can lead to high model complexity, long training times, and overfitting. [398]
Hua et al. [399] demonstrated that the optimal number of features is always less than the
sample size, regardless of whether the features are uncorrelated, slightly correlated, or highly
correlated. Therefore, feature selection was required in this work to select relevant features.

Initially, random forests-based recursive feature elimination (RFE) was used to select a 25-
tuple of input features from the pool of available descriptors. This step can initially reduce
the feature space, resulting in a shorter computational time. The selection procedure was
repeated 50 times to account for the randomness introduced by random forest method. These
50 distinct groups of features obtained in step 1 were fed into the 5-fold cross validation of
the SVR model. The 25-tuple with the lowest averaged test root mean squared error (RMSE)
of the cross validation was then chosen as the foundation for searching for the most relevant
features in the SVR and KRR models, respectively, because 25 features is still a very large
number given the size of the data compared to the Refs [293,296, 318]. These 25 features
were thus reduced stepwise (one feature per step) in the following feature selection to remove
insignificant features in the model training. Instead of applying RFE, the SVR and KRR models
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were used directly to select features for each step, along with hyperparameter optimization
and cross validations.

Structure similarity was calculated using the distance metric, with the selected input features
being the coordinates of each compound in the corresponding high dimensional feature space.
To compute the similarity, the radial basis function (RBF) kernel used in the SVR and KRR
models was used, which is defined as:

k(x,y) = exp(=yllx - ylI*) 6.1)
where x and y are the vectors of the selected input features for two compounds, respectively.

Blind tests were performed using the same experimental setup and conditions as in the work
of Lamaka et al. [30], from which the initial dataset was extracted, to validate the two (SVR
and KRR) models developed in this work. For the blind tests, Trimesic acid and Pyromellitic
acid were suggested by experimentalists based on chemical intuition, while the remaining
candidates were chosen using the ExChem method described in a previous work [295] and a
database of 7094 commercially available compounds provided by Thermo Fisher Scientific.
The IE of compounds was calculated using a hydrogen evolution test, in which the amount
of hydrogen produced by magnesium corrosion was measured while immersed in a NaCl
solution. 0.5 g magnesium AZ91 chips with a surface area of 430 + 29 cm?/g were immersed
in 0.5 wt.% NaCl solution without (reference solution) and with the untested compounds.
The chemical composition of the AZ91 chip is identical to the work of Lamaka et al., which is
provided in Appendix A.3 Table A.1. The compound concentration was 0.05 M, and the pH of
the solution was adjusted to 7 £ 0.1 by NaOH/HCI. For each solution, the hydrogen evolution
measurements were repeated three times, and the average of the calculated IEs was used for
the corresponding blind test data point. The IE was defined by the following equation:

VO _ VIHh
100% (6.2)

where Vlg2 and VPIII;h are the volumes of H, evolved after 20 h of immersion in the reference NaCl
solution and the NaCl solution containing the investigated chemical compound, respectively.
More details on the hydrogen evolution tests are available in the original publication [30].

6.2 Selecting relevant features for each model

In this work, feature selection was investigated as a key factor in the development of ML
models for predicting corrosion IEs of small organic molecules on Mg alloy AZ91. At each step
in the stepwise feature selection, there are multiple ways to remove a feature from the previous
step, for example, there are twenty-five ways to remove one feature from the initially selected
25 features. The n-1 feature set with the lowest averaged test RMSE was selected at each step
(plotted in Figure 6.3) and the preserved features were used as the basis for the next step until
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only one input feature left to build the model. For the selected feature set, the removed feature
was defined as the least important feature in the previous step. The averaged RMSEs for the
corresponding train sets in Figure 6.3 were listed in Appendix A.3 Table A.2. Applying this
approach, the most relevant features with the lowest averaged test RMSE were selected for
the SVR and KRR models, respectively. The continued stepwise procedure yielded an order of
importance for the selected features based on their removed order after selecting the optimal
features for each model.

76
—s—SVR

724 ——KRR
68
64 1
60 -

56

RMSE of test set

52 -
48 -

44 H

40

26 24 22 20 18 16 14 12 10 8 6 4 2 O
Number of features

Figure 6.3: 25-tuple features selected after applying the random forest-based RFE in Step
1 were removed one-by-one and the minimum averaged RMSE of the test sets in the cross-
validations varied with the number of features in the SVR (black line) and KRR (red line)
models.

According to the trend of the black line in Figure 6.3, the optimal number of features for the
SVR model is equal to eight, as the resulting model has the lowest RMSE. The selected molecu-
lar descriptors are P_VSA_LogP_2, Mor28e, HOMO, MATS4v, Mor06s, GATS4p, MATS8m, and
Mor15v, in order of feature importance. Except for the HOMO obtained from DFT calculations,
the other seven features are from three descriptor categories obtained from the chemoinfor-
matics software package alvaDesc [322] (P_VSA-like descriptors, 3D-MoRSE descriptors [400]
and 2D autocorrelations). P_VSA-like descriptors [401] are based on the van der Waals surface
area of the compounds, which is calculated by adding up all atomic contributions. Informa-
tion about the entire molecule structure is incorporated into 3D-MoRSE descriptors [400]
by summarizing the atomic pairwise information related to the scattering parameter based
on electron diffraction and then weighted by either of the properties, e.g. mass, Sanderson
electronegativity, van der Waals volume and atomic polarizability. The 2D autocorrelations
descriptors [402] are calculated to provide interdependencies between atomic properties
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(analogous to the 3D-MoRSE descriptors) that are linked by a log function. [403] All three
descriptor categories calculate the spatial distribution of a generic molecular property rather
than focusing solely on atomic configurations.

The optimal number of features in the KRR model is eleven, as shown by the red line in Fig-
ure 6.3. The eleven features were identified as Morl15v, HOMO, MATS8m, Mor30e, nRNH2,
C-018, GATS4p, MATS2i, Mor11le, Mor06s, Mor28e, in order of their feature importance. It is
worth noting that six of the eleven features are identical to those selected for the SVR model.
Mor15v, HOMO, MATS8m, GATS4p, Mor06s, and Mor28e are the overlapping features. This
finding implies that DFT-derived HOMO energies, 3D-MoRSE descriptors and 2D autocorrela-
tions descriptors appear to encode critical structural information for predicting the corrosion
inhibition efficiency of small organic molecules for AZ91. Furthermore, this observation is
consistent with the findings of Schiessler et al. [293], in which DFT calculated features and
3D-MOoRSE descriptors were identified as important input features for an artificial neural
network using IEs of small organic molecules as a target property for the Mg-based alloy ZE41.

Aside from these three feature groups, a number of features encoding functional group counts
and atom-centered fragments were identified for the top eleven features in the KRR model,
such as nRNH2, which directly encodes the number of aliphatic primary amines. The five
compounds in the dataset with nRNH2 moieties are all amino acids with negative inhibition
efficiencies (Cysteine, Glutamic acid, Glycine, DL-norleucine and DL-phenylalanine). The
corrosion-accelerating behavior of amino acids can be attributed to the solubility of their
corresponding magnesium complex in water. [404,405] The atom-centered fragment feature
C-018 represents =CHX, where "=" represents a double bond and X can be any of the following
heteroatoms: O, N, S, B, Se, or any halogen. In the =CHX fragment, a spz-hybridized carbon
atom is directly connected to a hydrogen and one of the heteroatoms denoted as X. This
specific functional group is found in the training compounds Kojic acid, Maltol and Uracil (X
represents either O or N), and all three organic molecules have negative IE values, as shown in
Appendix A.3 Figure A.6. The complexes formed by these three compounds with magnesium
have been shown to be water soluble. [405-407] In comparison to the ability of organic in-
hibitors to form complexes with metal ions, the solubility of these complexes in water appears
to be a more important factor in determining their efficiency. This observation is consistent
with the findings of Lamaka et al. [30] and Anjum et al. [408] that organic compounds with low
water solubility in their complexes have a high inhibiting effect because they delay corrosion
by forming a protective barrier layer.
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Figure 6.4: Pearson correlation coefficients of the two models. (a) Pearson correlation between
the 8-tuple features selected for the SVR model and IEs. (b) Pearson correlation between the
11-tuple features selected for the KRR model and IEs.

Some molecular descriptors obtained from chemoinformatics tools are esoteric and difficult
to associate with physical properties because they are derived from extensive mathematical
manipulations of the chemical graph. Pearson tests provided a better understanding of
the correlation between the used input features and IEs, as well as a statistical significance
measure. The Pearson correlation coefficient, which ranges from -1 to 1, quantifies the
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linear relationship between two sets of data, with 0 indicating no correlation and -1 and 1
indicating exact negative and positive correlations, respectively. [282] The correlation between
the individual features and the IEs is not strong for either model because the values of the
determined correlation coefficients in Figure 6.4a and b are not higher/lower than +0.5, where
the most pronounced negative and positive correlations are —0.5 and 0.2, respectively. This
observation agrees well with the findings of Guyon et al. [409] that the selected features
are not always the most relevant in terms of the target property on their own. None of the
correlations between the selected features are considered strong (> 0.9), and the majority
of the correlations (over 90%) are interpreted as weak relationships (0.1 —0.39) or negligible
(< 0.1) as defined by Schober et al. [282]. Furthermore, p-values between the used input
features and IEs were calculated and are illustrated in Appendix A.3 Figure A.7, where the
p-value indicates whether the correlation is statistically significant. The weak correlations
between the majority of the selected features largely ensure that there is no redundant feature
selected as input for the models. Despite the fact that the majority of the selected features
are only weakly correlated with the target property, the results indicate that they can still be
used to build a predictive model as a group due to underlying synergistic effects, which is
consistent with previous works. [293,296]

6.3 Performance evaluation of each model

In conjunction with the feature importance investigation, hyperparameters for the SVR and
KRR models were optimized using a grid search with 5-fold cross validations. As a result, SVR
(random_state=10, C=17, y=0.1) and KRR (random_state=10, @=0.1, y=0.1) hyperparameter
sets were selected respectively. The random state parameter (random_state) was chosen to
be the same for both models, indicating the same split of the train and test sets during the cross-
validation. Following the selection of hyperparameters, the entire initial dataset was used to
fit the SVR and KRR models, which were then used to predict the behavior of blindly tested
compounds to assess their robustness. The experimental and predicted values for the ten
compounds in the blind test are listed in Table 6.1. For both models, the predicted values for
the piperazine derivatives 1 and 2 are highlighted in brown because they are significantly less
negative than the corresponding experimental values and fall outside the range of inhibition
efficiencies of the chemicals used as the initial dataset in this work. It is worth noting, however,
that both compounds were correctly predicted to accelerate AZ91 dissolution. These two
compounds were excluded from the subsequent analysis because they are far outside the
range of IEs known in the initial dataset.

For the entire initial data set, the SVR and KRR models performed similarly well, as shown by
the blue points in Figure 6.5a and b, where the predicted and experimental values correlated
well with an RMSE of around 10%. Both models provide accurate predictions for half of the
tested compounds in the blind test, but the appearance of underestimated or overestimated
values, depicted in Figure 6.5 by blue and red dashed circles or ellipses, results in relatively
high RMSE values for both employed models. As shown in Figure 6.5, both the SVR and KRR
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Table 6.1: Experimental and predicted values (IEs in %) for the blindly tested compounds. Red
values indicate overestimated, while blue values indicate underestimated predictions. The
brown values represent predictions that are qualitatively correct but where the actual value is
far outside of the range of the IEs used to train the model.

Index Compound IE (exp.) SVR (pred.) KRR (pred.)
N
1 [N] 1-Acetylpiperazine -563 -172 -108
O)\CHG
I
2 [Nj 1-Amino-4-methylpiperazine -517 -195 -109
N
L.
Oy OH
3 % 2-Hydroxycinnamic acid -24 51 2
HO
4 . o  2-Hydroxyphenylaceticacid  -14 -21 -53
5 HSC,QN 3-Methylpyrazole 16 9 -17
H
02N Z “NH . .
6 5-Nitrouracil 79 -68 -82
OIH\ ¢]
7 HOJOKHOLOH Tartronic acid 30 37 60
OH
Oy OH
8 Trimesic acid 67 -89 23
HO: OH
o (¢]
00, -OH
9 HOJ\@YOH Pyromellitic acid 52 34 23
HO 00

Trimethylolpropane 20 -42 -49

—
(e
I
0:5
o
I

models underestimate 5-Nitrouracil (6, [Epred svr = -68%, [Epred krr = -82%) and Trimethylol-
propane (10, IEpred svr = -42%, IEpreq krr = -49%) in a similar way. The SVR model contains
two more outliers (2-Hydroxycinnamic acid (3) and Trimesic acid (8)), as shown in Figure 6.5a.
Although there are two more outliers in the SVR model, it is important to note that the
predicted values of the other four compounds in the blind test set correlate well with the
corresponding experimental values, for acetic acid 4 (IEpreq,svr = -21%, [Eexp. = -14%), the
pyrazole 5 (IEpred,svk = 9%, IEexp. = 16%) as well as the aliphatic (7, IEpreq,svr = 37%, [Eexp. =
30%) and aromatic (9, IEpeq,svr = 34%, [Eexp. = 52%) carboxylic acids, with an RMSE of 11%
and an R? of 0.782 in the SVR model. For the same non-outlier compounds (4, 5, 7, 9), the
RMSE and R? calculated in the KRR model are 33% and 0.385, respectively. These findings
suggest that the SVR and KRR models are both able to provide good estimates for the four
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Figure 6.5: Performance evaluation of the (a) SVR and (b) KRR models. The correlation
between predicted and experimentally measured values (IEs in %) is shown in both plots. The
blue dots represent the initial dataset in its entirety (58 compounds, names and IEs are listed in
Appendix A.3 Table A.3). The blindly tested compounds are represented by orange dots. Please
note that the plots do not include 1-Acetylpiperazine (1) or 1-Amino-4-methylpiperazine
(2). Although their estimates are qualitatively correct (1: IEpreq svr = -172%, IEpred krR = -
108%, [Eexp = -563%; 2: IEpreq,svr = -195%, IEpred krRr = -109%, [Eexp = -517%), their measured
values are outside the models range. The corresponding structures of the plotted blind test
compounds are shown at the bottom of the figure for clarity. The over- and underestimated
compounds are denoted by red and blue dashed circles or ellipses, respectively.

blind test compounds (4, 5, 7, 9). For the compounds where the predictions yielded reliable
estimates based on the SVR (4, 5, 7, 9) and KRR (3, 4, 5, 7, 8, 9) models, the Pearson correlation
coefficient and p-value were calculated between their predicted and experimental values. The
predicted values of the SVR model (coefficient=0.93, p-value=0.071) have a higher correlation
with the experimental results than the KRR model (coefficient=0.60, p-value=0.214), while the
p-value of the SVR model indicates statistical relevance of the prediction. In terms of predic-
tion accuracy for non-outlier compounds for the given dataset, the SVR model outperforms
the KRR model, whereas the KRR model has fewer outliers.

Moreover, modulators containing an aliphatic primary amine (nRNH2), such as an amino acid,
or fragments with the general formula R=CHX cause elevated corrosion rates in experimental
studies. [30] The results suggest that small organic molecules with either of the above men-
tioned functional moiety can most likely be excluded from the screening for effective corrosion
inhibitors. However, they might be useful in other applications, such as battery electrolyte
additives, where controlled dissolution of the Mg-based anode material is required. [410] One
out of the ten compounds in the blind test set (5-Nitrouracil (6)) contains a =CHX fragment,
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indicating a negative IE value. Despite the predicted negative inhibition efficiency, the exper-
imental result demonstrated that 5-Nitrouracil provided adequate inhibition performance.
This could be attributed to the nitro compound of 5-Nitrouracil, which have been shown to
aid in the corrosion protection of a variety of alloys. [411-413] While Uracil has a negative IE
value (-151%), its substitution with a nitro moiety, 5-Nitrouracil, results in a highly potent
corrosion inhibitor (78%), indicating that the nitro moiety is important in corrosion protection.
Furthermore, in experimental tests, some organic compounds with nitro groups inhibited
commercially pure Mg and Mg alloy ZE41 with high efficiency. [30,295] Due to the scarcity
of information on the effect of the nitro function in the initial dataset, only two compounds
(5-Nitrobarbituric acid and 3-Methyl-2-nitrobenzoic acid) exhibited this functional group,
neither model used in the study could accurately predict the effect of this functional moiety.
This strongly suggests that future experimental datasets need to include more compounds
containing a nitro moiety to enable the model to recuperate the impact of this group on the
corrosion inhibiting effect.

To gain more insights of the compounds which are outliers, the pairwise distances based on
input features were calculated between the compounds in the blind test and those in the
initial dataset to evaluate the highly similar structures for each blind test compound. A value
of 1 in the similarity matrix suggests high similarity while a value of 0 indicates no similarity.
The similarity matrices of the SVR and KRR models for the eight blind test compounds and the
initial dataset are shown in Figure 6.6a and b, respectively. Furthermore, Figure 6.6 depicts the
top 5 similar structures (with names and inhibition efficiencies) of 5-Nitrouracil (6) for both
models as an example. An order of similarity from the highest to the lowest can be extracted
for these five structures in SVR (Uracil, Glycine, 5-Nitrobarbituric acid, DL-Phenylalanine,
Glutamic acid) and KRR (Uracil, Maltol, Kojic acid, Fumaric acid, Urea). Some of the top 5
similar structures have significant similarity differences, such as those shown in Figure 6.6 b
between Uracil and Urea. This indicates the limitation of the dataset used in this work because
there are only 58 data points in total. As a result, there are insufficient structures in the dataset
that have similarities higher than or comparable to the similarity between Uracil and the blind
test compound 5-Nitrouracil (6).

For each outlier compound, the IEs of its top 5 similar structures are ordered by similarity,
as shown in Table 6.2. The average of the IEs of these 5 similar structures is listed in the last
column of Table 6.2. The average IE values are in fairly good agreement with the predicted
values. This demonstrates that the models can recognize the similarity linkage in the dataset
and make predictions accordingly. However, due to the small size of the dataset, the similarity
linkage is limited, resulting in the appearance of these outliers. The learning curves for the SVR
and KRR models (as illustrated in Appendix A.3 Figure A.8) show that in the cross validation,
the averaged RMSEs of the test sets decrease as the size of the training set increases, despite
the fact that the RMSEs of the test sets for both models are higher than the RMSEs of the train
sets. One possible solution is to increase the dataset size so that the averaged RMSEs of the
test sets can be consistently reduced by adding more training data.
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Figure 6.6: Similarity matrix of the 8 blind tested compounds and the 58 compounds in the
dataset for the (a) SVR model and (b) KRR model. As an example, the top 5 similar structures
containing names and inhibition efficiencies are plotted in the figure for 5-Nitrouracil (6). The
similarity values are shown below the names. The color scale corresponds to the matrix values,
with dark blue indicating low / no similarity, green moderate and yellow high similarity values.

Table 6.2: The IEs in % of the extracted top 5 similar structures from Ref. [30] are listed in
order of similarity from high to low (from 1% to 5%, please note that 1%t, 2nd, 3rd, 4th 5th
do no indicate the same structures but refer to those that are most similar to the outlier
compounds.) and the average of these 5 IEs for the SVR and KRR outliers. The red value
indicates overestimated, while blue values indicate underestimated predictions.

IEexp I[Eprea 150 200 3@ 4 5t Average

SVR 3 -24 51 26 56 18 45 24 34
6 79 -68 -151 -82 71 -149 -84 -79
8 67 -89 38 11 -90 -125 52 -23
10 20 -42 27 27 24 34 -106  -20

KRR 6 79 -82 -151 -168 -90 83 -19 -69
10 20 -49 27 91 54 -27 -129 -44
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6.4 Conclusion

In this study, QSPR models based on SVR and KRR were developed to select an efficient
organic corrosion inhibitor from a large number of compounds. These two models were
developed using experimental inhibition efficiencies of 58 organic compounds for an AZ91
alloy that were retrieved from literature. A two-step feature selection method was proposed
in this work to select relevant features while improving the prediction accuracy of the model.
After first reduction of the pool of available features to a 25-tuple using RFE, this feature
set is subsequently systemically screened for the best n-tuple to train the predictive model,
rather than relying on human intuition to choose the number and composition of input
features. To assess the performance of the two models, ten untested chemicals were subjected
to experimental blind tests. Both models correctly predicted 2-Hydroxyphenylacetic acid,
3-Methylpyrazole, Tartronic acid, and Pyromellitic acid, with the SVR model predicted values
being closer to the actual values than the KRR model. 1-Acetylpiperazine and 1-Amino-4-
methylpiperazine were correctly predicted as strong accelerators, but the predicted values
were not quantitatively correct. This could be because their experimental values are outside
of the IE range in the initial dataset. Outliers were identified by both models as 5-Nitrouracil
and Trimethylolpropane, with the SVR model identifying two more (2-Hydroxycinnamic acid
and Trimesic acid). To gain a better understanding of the appearance of these outliers, the
top 5 highly similar structures for each outlier were extracted from the initial experimental
dataset. The similarity values of a portion of the extracted top similar structures are relatively
low and vary significantly for each outlier, indicating that there are insufficient structures with
high similarities to each outlier in the initial dataset. More training samples could be fed into
the model training to overcome this initial dataset limitation and improve the accuracy of
predictions for untested structures.
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7.1 Conclusion

Atomistic methods based on density functional theory (DFT) and molecular dynamics (MD)
simulations, data-driven inhibitor selection workflows and the development of machine-
learned force fields depict three key elements of the simulation-assisted design of layered
double hydroxides (LDHs) that provided the motivation for this work. The goal of this thesis is
to gain a better understanding of how anion exchange process and hydration state influence
on the structure and stability of LDHs intercalated with inhibitors through an atomistic
investigation combined with machine learning techniques to support the design of LDH-
based corrosion protection strategies.

Studies on the anion exchange process in combination with the influence of hydration states
on LDHs intercalated with NO5 and CI” were carried out towards a more complete understand-
ing of anion exchange mechanisms by combining the output of DFT and MD simulations. It
was shown that, at the start of the anion exchange, the intercalated NO5 was released first,
followed by the new intercalation of the CI". Following the new CI” intercalation, more water
molecules were released from the LDH system, resulting in a decrease of the interlayer distance
from 0.89 nm of pure LDH-NOj; system. Furthermore, it was found that the hydration state
has an influence the stability of an LDH system by changing the configuration of the interlayer
region. However, this influence was found to be limited for highly stable systems such as
LDH-COj3". The stable hydration state of each LDH system was identified and the stability
order was in good agreement with the affinity order described in literature. The hydration
state should thus be considered in the design of novel LDH, and the designed LDH should
avoid the formation of highly stable systems.

A machine-learned force field (ML-FF) was developed for the MggAl,-LDH-C,0 2~ system to
verify the observed wave structure in classical force field MD simulations and to provide a solid
framework for training a new and general applicable force field. It was demonstrated that the
obtained ML-FF predicts the force and energy of the investigated system with DFT accuracy
while avoiding the formation of unrealistically long or short bond lengths. Furthermore, it
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has been demonstrated that this force field can be scaled up to study large LDH systems,
indicating that the developed ML-FF is a promising approach for simulating LDHs on a large
scale with considerably lower computational cost. Efficient strategies for identifying effective
corrosion inhibitors for intercalation were developed after the establishment of a framework
for simulating the properties of the LDH system. Following a two-step input feature selection
workflow, quantitative structure-property relationship (QSPR) models based on support vector
regression (SVR) and kernel ridge regression (KRR) were developed to generate short lists of
promising small organic molecule corrosion inhibitors. The performance of the two models
was assessed by experimental blind testing of a ten-membered set of untested chemicals. The
SVR model had 6/10 qualitatively correct predictions (4/8 quantitatively correct) and the KRR
model had 8/10 qualitatively correct predictions (6/8 quantitatively correct) although the
inhibition efficiencies of two compounds were well-beyond the range of the training dataset.
However, more training data describing a wider area of chemical space is required to make
the developed models more robust as well as to improve the accuracy of the predicted values.
Furthermore, the results suggested that more compounds containing a nitro moiety should be
included in future experimental datasets to allow the model to capture the potential positive
impact of this group on corrosion inhibiting effect.

In summary, the results presented in this work lay the foundation for a comprehensive investi-
gation of LDH-based systems using multi-scale computer simulations ranging from ML-FF
development to the selection of potent corrosion inhibitors prior to testing to atomistic sim-
ulations that can be employed to gain a deeper understanding of key properties of LDH for
corrosion control.

7.2 Outlook

This thesis included a comprehensive study of the atomistic simulation, data-driven inhibitor
selection and machine-learned force field development, which is a good starting point for
connecting them into a feedback loop, as shown in Figure 7.1. In this loop, the effective
inhibitors selected from the QSPR-based models can be intercalated into the LDH to train the
corresponding machine-learned force field, which can be employed in atomistic simulations
to study the anion exchange process and estimate the structure and stability of the resulting
LDH.

Further adaption of the ML-FF is needed to facilitate simulations of LDHs intercalated with
other inhibitors, e.g. 5-Nitrouracil, which has been identified as an effective inhibiting agent.
In the long term, ML-FF development can become more generic by combining all of the
different LDH datasets. In this case, a new ML-FF does not need to be retrained for each novel
proposed LDH system. This generic and transferable ML-FF could be used to investigate vari-
ous LDH systems in corrosion protection or another application field such as photocatalytic
applications to investigate their chemical reactions. Further improvement of the QSPR based
models can be done by including more experimentally tested compounds, or changing the tar-
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Atomistic Inhibitor

Simulations Selection

Machine-Learned
Force Field

Figure 7.1: Schematic representation of a feedback loop between atomistic simulations, in-
hibitor selection and machine-learned force field development.

get metric format (e.g. from inhibition efficiency to inhibition power). Compounds containing
nitro moieties should be further tested to verify their potential positive inhibition efficiency
and to ensure that their chemical composition is well represented in the training dataset. The
increased chemical versatility will expand the domain of applicability of QSPR-based models.

Figure 7.2 depicts a possible workflow for using the multi-scale simulation techniques devel-
oped in this thesis to guide the experimental design of such corrosion protection systems. An
inhibitor with a predicted IE higher than 90% can be selected from a large pool of candidates
and will be intercalated into the LDH. The corresponding ML-FF will be trained and used to
investigate the anion exchange process and the stability of this type of LDH to estimate if the
intercalated inhibitor will be voluntarily released from the LDH system via anion exchange.
On the experimental side, LDH with a higher stability than LDH-NOj5, the most commonly
used precursor for novel LDH design, but a lower stability than LDH-CO-2", which is known
to be a highly stable system, will be suggested for synthesis. This requirement ensures that
the novel LDH can be synthesized via anion exchange with NO5 while avoiding the formation
of a highly stable LDH system. The combination of inhibitor pre-selection and LDH stability
research can significantly guide experimental work while saving money and time and reducing
negative environmental impacts, resulting in the most efficient design of novel LDH used in
corrosion protection.
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Figure 7.2: Schematic workflow depicting the use of multi-scale simulation techniques to aid
in the experimental design of layered double hydroxides. The SVR/KRR-based QSPR model is
used to pre-select organic inhibitor candidates. Only candidates with an IE value higher than
90% will be transferred to the development of the corresponding LDH ML-FF. The stability
of this novel LDH will be investigated using atomistic simulations, and only the LDH with a
stability between LDH-NO; and LDH-COZ~ will be suggested for experimental synthesis.
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A.1 Theimpact of intercalated water on LDH properties

A.1.1 The definition of the planes for the intercalated anions

(a) (b) ()

® O ©
O

© © ©

Figure A.1: The definition of the planes for the intercalated anions. The anion plane (a) for
NOj was defined by one nitrogen and two oxygens forming a triangle as marked in red, (b) for
COZ£~ by one carbon and two oxygens forming a triangle as marked in red and (c) for C,0/" by
two carbons and one oxygen atom marked as a triangle in red.
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A.1.2 MSD at different hydration states for the intercalated anions
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Figure A.2: MSD at different hydration states for (a) NO5, (b) CI", (c) CO#~ and (d) C,0,".

A.1.3 Angle distribution of the intercalated CO;™ at different hydration states
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Figure A.3: Angle distribution between CO2~ plane and the MOH layer at different hydration
states.

90



A.2 Machine-learned force field

A.2 Machine-learned force field

A.2.1 Averaged O-H atom distance in the MOH layers

Atom Distances from MD Simulations

4.0

Averaged O-H distance (MOH)
3.5 4

3.0 1
2.5
2.0 1
1.5 1

7 W

0.5

Atom distances [A]

0.0

0.0 01 0.2 0.3 0.4 0.5
Time [ps]

Figure A.4: The O-H atom distance in the MOH layer of LDH (in purple) changes over sim-
ulation time for the unit cell LDH. The O-H distance represents the averaged value of all
hydroxides ions in the MOH layers, and the standard deviation interval is indicated in light
purple.

A.2.2 Averaged O-H atom distances in water molecules and MOH layers
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Figure A.5: (a) averaged O-H atom distance in water molecules, (b) averaged O-H atom
distance in MOH layers varied with simulation time from the 1% to the 9™ iteration excluding
the 5" iteration for the medium size LDH. From the 1% to the 9™ iteration, the results are
shown in the following color order: blue, orange, green, red, purple, brown, pink, grey and
cyan.
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A.3 Screening for benign corrosion inhibitors
A.3.1 The chemical composition of AZ91

Table A.1: The chemical composition of AZ91 alloy as analysed by spark (optical) emission
spectroscopy. The values are in ppm or in at.% when indicated.

Element
Ag <1
Al 7.95+0.29%
Ca 10+2.2
Ce <9
Cu 48+8.6
Fe 22+6.7

La <2
Mn 0.23+0.01
Ni <2

Si 561 +87.1

Sn 24+7.8

7Zn 0.54 +£0.04%
7r <6

Mg 91.20+£0.32%
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A.3.2 Averaged RMSEs and number of features

Table A.2: At each step, the averaged RMSEs of the test and train sets corresponding to the
probability with the lowest RMSE of the test set in the 5-fold cross validations are listed. The
red values represent the averaged RMSEs of the optimized SVR and KRR models.

Num. features SVR test SVR_train KRR _test KRR_train

25 60.61 7.75 60.61 7.72
24 58.79 7.73 58.76 7.71
23 57.56 7.61 57.13 7.72
22 56.57 7.60 56.11 7.98
21 55.64 7.62 55.00 7.96
20 54.66 7.63 53.94 8.01
19 52.49 7.74 52.75 8.38
18 51.58 7.77 51.61 8.42
17 50.81 7.68 50.63 8.58
16 49.98 7.71 49.54 9.01
15 49.57 7.74 48.15 9.71
14 49.08 7.74 47.08 9.86
13 47.54 7.84 46.62 10.57
12 46.76 7.88 46.19 10.75
11 46.56 7.84 45.36 10.89
10 46.74 7.89 46.21 12.54
9 45.90 8.47 47.61 14.22
8 45.20 9.35 46.80 18.55
7 45.98 10.02 46.40 22.15
6 48.97 21.01 49.44 30.72
5 50.45 23.31 56.61 23.34
4 49.94 26.53 57.98 30.23
3 47.08 29.59 64.62 38.09
2 56.50 50.11 66.24 44.06
1 63.94 63.12 72.83 70.32
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A.3.3 Compounds containing =CHX fragment

0] OH
HO O X\\CH; f\NH
OH
Kojic acid:-90 Maltol:-168 Uracil:-151

Figure A.6: Compounds in the used dataset containing the atom-centred fragment =CHX
(highlighted in red) and corresponding IE efficiencies: Kojic acid, Maltol and Uracil from left
to right.

94



A.3 Screening for benign corrosion inhibitors

A.3.4 p-value between features and target
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Figure A.7: p-value calculation for the two models. (a) p-value among the selected 8-tuple
features for the SVR model and IEs. (b) p-value among the selected 11-tuple features for the

KRR model and IEs.
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A.3.5 Experimental database

Table A.3: Names and IEs of the 58 chemicals in the dataset extracted from Ref. [30]

Name IE(%)
5-Amino-salicylic acid 80
5-Methyl-salicylic acid 56
5-Nitrobarbiturc acid 71
5-Sulfosalicylic acid -125
2,2’Bipyridyl 47
1,2,4-Triazole -43
Acetic acid 60
Adipic acid -48
Ascorbic acid 38
Benzoic acid 40
Bicine -227
Citric acid -78
L-Cysteine -206
Diglycolic acid 54
Dodecylbenzene sulfonic acid 67
Formic acid 19
Fumaric acid 83
Glucose 29
L-Glutamic acid -84
Glyceric acid 57
Glycerol 24
Glycine -82
Glycolic acid 49
Kojic acid -90
Maleic acid 26
Maltol -168
Mandelic acid 11
Nicotinic acid 24
DL-Norleucine -127
Oxalic acid 63
D-Panthenol -27
DL-Phenylalanine -149
Phthalic acid 33
Picolinic acid 45
Piperazine -106
Propionic acid 34
Para-Toluic acid -39
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Pyrazole
2,3-Dipicolinic acid
2,5-Dipicolinic acid
Quinaldic acid

Quinic acid
Salicylaldehide
Salicylhydroxamic acid
Salicylic acid

Tartaric acid

Thiourea

Uracil

Urea
3,5-Dimethylpyrazole
3,5-Dinitrosalicylic acid
3-Amino-1,2,4-triazole
3-Methyl-2-nitrobenzoic acid
3-Methylcatechol
3-Methylsalicylic acid
4-Amino-salicylic acid
4-Methylsalicylic acid
4-Tert-butylbenzoic acid

31
47
68
74
37
18
-177
26
52
57
-151
-19
-27
15
19
25
-129
52
52

9
-91
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A.3.6 Learning curves
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Figure A.8: Learning curves for the two models displaying the averaged RMSEs of the train
and test sets as the training set size varies. (a) SVR model. (b) KRR model. Blue depicts the
averaged RMSE:s of the train sets and orange for the averaged RMSEs of the test sets in both

figures.
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