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A Computational Approach to Magnesium Corrosion Engineering

ABSTRACT

Magnesium is the lightest metallic construction material and bears high potential for
automotive components, medical implants and energy storage systems. However, the
practical use of untreated magnesium alloys is restricted as they are prone to corrosion. An
essential prerequisite for the inhibition or control of the degradation process is a deeper
understanding of the underlying corrosion mechanisms. For instance, identifying the reaction
pathways most relevant for the release of gaseous hydrogen—one of the main products during
magnesium corrosion—builds the foundation for adapting the hydrogen evolution rate in
general. A possible approach to modulate the hydrogen evolution and magnesium dissolution
rate is the introduction of small organic molecules that either stabilize the corroding surface
or capture corrosive species. Such molecules constitute benign and useful materials to modify
the service environment of magnesium for applications that require tailored degradation
properties. This thesis illuminates different aspects of magnesium degradation, ranging
from atomistic insights into the corrosion process itself to further developing strategies
for effective corrosion control. By combining atomistic simulations and machine learning
techniques, a holistic framework is developed to improve understanding and enable more
efficient magnesium corrosion engineering in the future.
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PREFACE

Throughout my studies in mechanical engineering, I developed a passion for medical
engineering, which finally lead to a respective Master’s degree in 2018. However, this
thesis—conducted under the supervision of Prof. Dr.-Ing. Robert Meiiner at Hamburg
University of Technology between February 2018 and January 2022—is embedded more
in the context of computational materials science. To better understand this not directly
apparent transition, it might be worthy to know that I worked part-time as a student research
assistant in the latter field, where I discovered my fascination for the atomistic world under
supervision of Dr. Gregor Vonbun-Feldbauer and Dr. Wolfgang Heckel. After my studies,
Dr. Gregor Vonbun-Feldbauer introduced me to Prof. Dr.-Ing. Robert MeiB3ner, who then
offered me a PhD position conflating my interests.

Anybody I talked to about my PhD topic probably assumes I am deeply involved in
the development of biodegradable magnesium implants or lightweight structures to fight
climate change. Although this is not entirely untrue, these assumptions rather reflect my
huge fascination with these particular subjects and the amazing versatile material magnesium
actually is, and not my everyday work life. A little closer to the truth is that I worked
for four years on a topic which could put my affection for atomistic simulations to use in
fundamental research; to pave the way for the implementation of a material, which has the
potential to revolutionize light metal engineering. Density functional theory and molecular
dynamics became indispensable tools in the course of my doctorate. A major part and a
personal pinnacle of this work, however, originates from my encounter with machine learning
techniques.

Naturally, the studies present in this dissertation are not the product of me alone, but
derive from collaborations with various amazing scientists from Helmholtz-Zentrum Hereon
and Hamburg University of Technology. The result can be seen here, on the following pages,
which hopefully convey some of my enthusiasm for magnesium. I, for my part, will never
look at this material the same way again; and I will probably never stop telling people about
the concept of self-dissolving magnesium implants—simply because I think they are brilliant.
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Chapter 1

ADVANCED MATERIALS FOR A BRIGHTER FUTURE

THE BEGINNING OF KNOWLEDGE IS THE DISCOVERY OF

SOMETHING WE DO NOT UNDERSTAND.
— Frank Herbert

Humanity today faces unprecedented challenges that threaten our planet and thus our
species itself. Increasing temperatures and changing climate due to greenhouse gas emissions
(such as CO,) implicate fatal changes to our environment, leading to drastically shrinking
habitats, limited food sources and water shortage. As the polar ice caps are melting, rising
sea levels result in flooding and erosion of coastal areas. Heavy storms, shifting rainfall
and other extreme weather phenomena will keep on occurring more often. The manifold
of consequences include impaired water quality, but also decreasing availability of water
resources in many areas on the planet. Additionally, more frequent heat waves propagate
droughts and wildfires and many plant and animal species will be brought to the brink of
extinction, if global average temperatures continue to increase uncontrolled. In particular
developing countries are affected as people living there often heavily depend on their natural
environment, however, also for countries of the global north the effects of climate change are
severe. Impacts on human health as well as damage to infrastructure and property impose
heavy costs on society and the economy. '

The Paris Agreement from 2015 defines clear targets to combat the negative effects of man-
made climate change: limiting the global temperature rise to below 2°C and pursuing efforts
to minimize warming to no more than 1.5°C above pre-industrial levels. Without rigorous
measures to reduce CO, emissions, humanity approaches a tipping point, beyond which
irreparable damage is inflicted to the natural environment. Close to 50% of all greenhouse
gases originate from the transport and energy sector, rendering sustainable solutions in these
fields indispensable.' By continuing to increase efficiency and shifting from fossil fuels to

electric-drive vehicles, road transport could contribute a major mitigation share.” Promising
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approaches to reduce emissions can be found in the interdisciplinary field of materials
science, which involves research in light-weight materials and novel anode materials for
energy storage systems.>* Modern engineering materials, however, are required to not only
excel in a single discipline but are rather expected to stand out in a multitude of properties in
order to meet the high standards of pioneering industrial applications. Possible examples are
light-weight materials that also show high mechanical performance and corrosion resistance
or materials with multiple hierarchical levels that combine both hardness and ductility.’
Of course, these materials should also meet the increasing requirements of a sustainable

industry.

1.1 Materials Solutions: The Case of Magnesium

Magnesium (Mg) is among the most abundant elements on our planet and exhibits high
potential to revolutionize light metal engineering in a large number of application fields.
Treated magnesium-based alloys, for example, are promising candidates to satisfy a variety
of current demands in the aeronautic and automotive industry©, either as structural elements
or in battery applications. ™ Furthermore, its biocompatibility enables Mg as dissolvable
biomedical implant material. As corrosion plays a key role in these areas, the comparably high
electrochemical activity of magnesium renders measures to control degradation processes
in the employed material vital for its implementation. Each application field imposes
unique challenges that need to be addressed to unravel the full potential of Mg-based
materials. In transport applications, such as aeronautics and automotive, corrosion needs to
be completely prevented to ensure the integrity of the material and avoid material failure.
For energy applications, batteries with a Mg anode need a steady dissolution rate to keep
the output voltage constant. Medical applications, where Mg is used in stents or temporary
biodegradable bone implants, require a degradation rate tailored to a patient-specific injury
to support recovery.

There are several approaches to protect magnesium from corrosion, including alloying
and surface coatings. '*~!> Furthermore, the introduction of magnesium dissolution modula-

tors 13-17

, small organic molecules that inhibit or promote magnesium corrosion, facilitates
tuning of the corrosion rate to meet application-specific demands (Figure 1.1). The latter
approach particularly allows for tailored degradation rates of resolvable medical implants
(e.g., stents) or adjustment of the anode material properties in magnesium-air batteries to
boost the battery performance. Implementation of these schemes in magnesium engineering
could be greatly enhanced by profound knowledge of the underlying corrosion mechanisms,

which are still not fully understood to date. This includes the evolution of hydrogen but also
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Figure 1.1: Domain-specific magnesium corrosion rates and their timescales. In magnesium corrosion
engineering, degradation rates should be constant and, ideally, adaptable to the target application. The cor-
rosion rate can be influenced following various strategies, such as employing small organic molecules as
magnesium dissolution modulators.

the quantification of potential inhibition mechanisms by magnesium dissolution modulators.
Lastly, efficient high-throughput and screening strategies are crucial to search for potential

magnesium dissolution modulators in the vast chemical space.

1.2 Open Questions and Loose Ends in Magnesium Corrosion Re-

search

This thesis sets out to address a number of open questions and loose ends in the realm of
magnesium corrosion research. Employing several computational techniques, three regions
of interest are deeply focused (see Figure 1.2). At first, potential reaction pathways for
hydrogen evolution and magnesium dissolution at the magnesium-water interface are further

investigated. In aqueous environments, the overall corrosion reaction is given as
Mg+ 2H,0 —= Mg(OH)2+H2 (1.1

A peculiarity of magnesium is that for anodic overpotentials, both the anodic and the cathodic
reaction rate are increasing, against the common conception of electrochemistry. Several
theories exist that try to explain this phenomenon also called anomalous hydrogen evolution.
In Chapter 3, the major reaction pathways during Mg corrosion are further investigated and
discussed with respect to some of these theories. By stabilizing the corroding surface, or
trapping corrosive species in complexes, magnesium dissolution modulators can strongly
influence the corrosion rate. In Chapter 4, various dissolution modulating mechanisms are

highlighted and discussed. Using atomistic simulations, the interaction between these small
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Chapter 3
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Water Interface

Figure 1.2: Overview of chapters. Different sites of the corroding magnesium surface (schematic representa-
tion) are highlighted and addressed in the according chapters.

organic molecules and the magnesium surface is quantified to learn more about what defines
a good modulator. Finally, suitable compounds for corrosion control are a key factor to fully
unravel the potential of Mg with respect to degradation-dependent applications. Chapter 5
deals with the question how potential magnesium dissolution modulators can be identified in
the vast chemical space.

To get a feeling for the occurring errors and assumptions, a deep understanding of the
underlying methods is vital to interpret, understand and transfer the obtained results. Hence,
before diving into the results, the following Chapter 2 deals with the theory behind the
employed methods.



Chapter 2

MODELING THE REAL WORLD: FUNDAMENTALS

THOSE WHO ARE NOT SHOCKED WHEN THEY FIRST COME
ACROSS QUANTUM THEORY CANNOT POSSIBLY HAVE

UNDERSTOOD IT.
— Niels Bohr

Various computational methods have been applied within the scope of this thesis to
approach current challenges in magnesium corrosion engineering, giving rise to a number
of open questions: How can computer simulations derive materials properties from first
principles? How can corrosion events be modeled and characterized? How can an additive’s
effect on the corrosion rate be predicted? To be able to answer these questions, the theoretical
background behind these methods is briefly explained.

Throughout this thesis, the following notations apply when describing governing equations,
unless otherwise indicated. Within quantum theory, a hat above a symbol ([]) denotes a
quantum mechanical operator and quantum states are described within the bra-ket notation
(O13))- Capital symbols in bold font ([J) denote matrices and vectors, while a bar above
a symbol ([]]) generally denotes an averaged quantity.

This chapter begins with an introduction to electronic structure calculations and particularly
density functional theory (DFT), including its origin, approximations, and implementation.
A basic understanding of the underlying theoretical framework is crucial to select a suitable
ab initio method, correctly apply it and finally estimate the simulation accuracy. Within
the DFT framework, methods to simulate surface interactions and reactions are briefly
described. However, surface events (e.g., dissolution or adsorption) are often affected by
thermal motion. By incorporating factors such as temperature and time, molecular dynamics
(MD) simulations allow a more accurate description of such dynamic events. Hence, the
chapter proceeds with the fundamentals of classical and ab initio MD. Finally, the chapter

concludes with how atomic structures derived from ab initio calculations can be encoded to
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identify quantitative structure-activity relationships (QSAR).

Generally, fundamental knowledge of chemistry, physics, and materials science is assumed,
since a comprehensive guide to these fields would be beyond the scope of this work. The
interested reader may find great joy in the works of Kittel and Parr and Yang for deeper
insights into solid state physics and quantum chemical calculations, respectively. '®!? To fully
grasp the potential of atomic structure encoding and molecular machine learning techniques,

respective works by Ceriotti et al. are highly recommended. "%

2.1 Materials Properties from First Principles

Any material on the planet, whether it is in the shape of crystals, amorphous solids, molecules,
or the person currently reading this thesis, is nothing other than a collection of atoms bound
together by electromagnetic forces. Information about the electronic structure of an atom
thus provides a direct link to many associated materials properties. To predict the electronic
structure and find the ground state energy E( of a system, an approximate solution for the

time-independent, non-relativistic Schrodinger equation has to be found:

Hly) = E|y), 2.1)

where A is the Hamilton operator or Hamiltonian for a molecular system. Note that the
time-independent Schrodinger equation only applies when the Hamiltonian does not depend
on time explicitly. The operator A corresponds to the total energy of a quantum mechanical
system:

H =T, +Tn+ Vee + Van + Vies (2.2)

where T, and Ty are the operators corresponding to the kinetic energy of the electrons
and nuclei, respectively. Vee,Van and Ve describe the potential part of the Hamiltonian,
representing the potential due to the electron-electron and nucleus-nucleus interactions and
the attractive electrostatic interaction between the electrons and nuclei, respectively. Despite
its simple form, Equation (2.1) is notoriously challenging to solve. Fortunately, using a
set of reasonable physical approximations, the many-particle Schrodinger equation can be
simplified so it can be solved numerically.

The first approximation arises from the immense weight difference between electrons and
nuclei. For example, the nucleus of a Mg atom weighs roughly 40,000 times more than an
electron and therefore moves much slower. Hence, to a good approximation, the electrons
can be considered to move in the field of fixed nuclei, also known as the Born-Oppenheimer

approximation. As a result, the Hamiltonian A can be separated into a nuclear, Hy, and
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electronic, He, part. After solving the electronic part of a problem for a fixed configuration
of atoms, the atomic positions can be adjusted according to the calculated forces acting on

them. The electronic Schrodinger equation is given by

Helw) = (To + Vee + Vne) [0) = Eelth). (2.3)

However, the electronic wave function becomes an informational challenge. Each electron
adds three degrees of freedom (x, y and z) to the wave function. Even for a rather crude
sampling of the wave function at 10 points in each dimension, a total of 10°® points would
have to be sampled for a Mg atom with 12 electrons, well exceeding the number of stars in
the observable universe. Fortunately—at least from a materials scientist’s point of view—a
popular solution to this problem called density functional theory (DFT) saw the light of day
in 1964.!

1 2.1.1 Density Functional Theory

A landmark paper by Hohenberg and Kohn stated two theorems representing the major

theoretical cornerstones of modern day DFT.??

Hohenberg-Kohn Theorem 1: The potential, and hence also the total energy, is a

unique functional of the electron density p.

In other words, in a system of interacting electrons in the presence of an external potential
Vext, the ground state electron density pg uniquely specifies Vi and thus the Hamiltonian

and can be used to determine all properties of the system:
po — H — yy — Eo. (2.4)

As part of the Born-Oppenheimer approximation, the attractive electrostatic interaction
between the electrons and nuclei, Ve, defines the external potential V. As the total ground

state energy Ej is a functional of the ground state density pg, so are its individual components:

Ey [pO] =T [pO] + Eee [pO] + ENe [pO] . (2.5)

From the variational principle it follows that a universal functional Fyk [p] exists for any

given external potential Vi, leading to the ground state energy Ej.

iFor his contributions to density functional theory, Walter Kohn won the Nobel Prize in Chemistry in 1998.
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Hohenberg-Kohn Theorem 2: The functional that delivers the ground state energy of
the system, delivers the lowest energy if and only if the input density is the true ground

state density po.

Consequently, any electron density p associated with some external potential Vey; implies an

energy E[p], working as an upper bond to the true ground state energy Eg[po]:

E[p] = Eo[po]- (2.6)

While Ene = / 00(r)VNe d’r depends on the system, the form of the remaining terms in
Equation (2.5) is universal and independent of the number of particles, although unknown.
The system-independent parts are collected into a new quantity, the Hohenberg-Kohn

functional Fyk:

Eolpo] = Te[po] + Ecelpo] + /po<r>vNe &r

universally valid system dependent

~ Fux[po] + /po<r>vNe & 27

If Fuk[p] = Te[p] + Ece[p] was known exactly, the Schrodinger equation could also be
solved—not merely approximately—but exactly. Unfortunately, the explicit form of the
functionals for the kinetic energy 7T [p] and the electron-electron interaction E.[po] remain
unknown. However, at least the known classical Hartree repulsion part Ey can be extracted

from Ee[p]
Eee [p] = FEy [p] + Encl [,0], (2.3)

leaving Ey as the non-classical contribution to the electron-electron interaction, containing
all effects of self-interaction correction, exchange and Coulomb correlation.

In 1965, Kohn and Sham proposed a strategy to approach the yet unknown functional
Fyk.* Introducing the concept of a non-interacting reference system built from a set of
one-electron wave functions ¢,, (Kohn-Sham orbitals), the major part of the kinetic energy,

T, can be computed to good accuracy:

1 N
Bi=3 2 onlVlen). 29)

Hence, as much information as possible is calculated exactly and only a part of the total
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energy is determined by an approximate functional Exc:

Flp(n)] =T[p(r)] + Eu[p(r)] + Exc[p(r)]. (2.10)

The exchange-correlation functional Exc contains the residual part of the kinetic energy,
Tc, and the non-classical contribution to the electron-electron interaction, E;¢|, making it

effectively the functional of everything that is unknown:

Exclpl = (T[p] = Ts[p]) + (Eee[p] — Enulpl) = Tclp] + Enalp]. (2.11)

Altogether, the total Kohn-Sham energy Exg reads as

Exslpl = Ts[p] + Eulp] + Exclp] + Enelp]. (2.12)

Applying the variational principle, minimization of this expression results in the Kohn-Sham

equations

0Exc
dp(r)

1 .
—EVZ + VH(T) + WNe (1) + ch(l‘)) ©n = EnPn with Vxc(r) =
1
= (—EVZ + Vs(l‘)) ©n = EnPn, (2.13)

which yield the Kohn-Sham orbitals ¢,, that reproduce the density p(r) of the original

many-body system

N
p() = ) len(r)P (2.14)
i=1

Once the various contributions of the potential V5 are known, Vs can be inserted into the
Kohn-Sham equations to obtain the orbitals, which determine the ground state density and
thus the ground state energy. As V; already depends on the electron density, the Kohn-Sham
strategy requires a self-consistent approach where the starting electron density pjni; is guessed.
It is noteworthy that if Exc (and Vxc) were exactly known, this procedure would lead to the
exact energy. Hence, a central goal of DFT is to find better approximations of these two

quantities.

1 2.1.2 Approximations of the Density Functional

The simplest approach to approximate Exc is the local density approximation (LDA). For a

given electron density, the exchange-correlation energy density exc is approximated by that
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of the well-studied homogeneous electron gas evaluated locally:

ERp1 = [ poexco) . @.15)

Since the LDA is based on the assumption that the density p(r) is constant throughout space,
it works well in the case of solids with a rather steady density distribution. However, a
more sophisticated approach is required to accurately describe atoms and molecules, usually
yielding high density gradients.

The generalized gradient approximation (GGA) accounts for the non-homogeneity of the
true electron density by including not only the local density p(r) but also information about

the gradient of the charge density Vp at this position:

Exct ol = / p(r)exc(p, Vp) d’r. (2.16)

Within the GGA, various functionals were developed that brought a general improvement
to describing ground state properties of solids and molecular systems. A widely adopted
example is the PBE functional® but also other non-local correlation functionals exist
that approximately account for dispersion interactions.”®?’ The Jacob’s ladder by Perdew
shows more advanced formulations of the exchange-correlation functional ranked by their
chemical accuracy, however, more accurate functionals often come with a significantly
higher computational effort.”® An example is the recently proposed Strongly Constrained
and Appropriately Normed (SCAN) functional, which is the first meta-GGA functional
constructed such that it satisfies all known constraints a semi-local functional can satisfy,
while the remaining free parameters are fitted to reproduce exact or accurate reference values,

or norms, of exchange and correlation energies. >’

1 2.1.3 Plane-Wave Implementation

In realistic systems, a cubic millimeter contains around 10?° atoms. Clearly, solving the

Kohn-Sham equations numerically for all of these atoms is not feasible. Moreover, the

one-electron functions only play a secondary role within the Kohn-Sham scheme and are
N

primarily used to construct the electron density p = Y |¢;(r)|?>. Therefore, a popular

l
approach is to linearly expand the Kohn-Sham orbitals in a set of L predefined basis functions

1. multiplied with the expansion coefficients c;:

L

en(r) = > iy @2.17)

pu=l1

10
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For L. — oo, the basis set would be complete and ¢,,(r) could be expressed exactly. In real
applications, however, L is finite and has to be chosen such that the Kohn-Sham orbitals are
approximated as accurately as possible.

Suitable basis sets can be generally divided into two types: atom-centered and non-
atom-centered. The periodicity in large-scale systems (crystals) can be naturally addressed

exploiting Bloch’s theorem.

Bloch’s Theorem: For a periodic potential, solutions to the Schrédinger equation can

be expressed by a plane wave modulated by a periodic function.

In contrast to atom-centered basis functions, plane waves are not centered at the nucleus
but extend through the entire space and implicitly involve the concept of periodic boundary
conditions. Multiplied with a periodic function u, they approximate the Kohn-Sham orbitals
¢n to

@nk(r) = k(1) ', (2.18)

where u, k(r) is of the same periodicity as the lattice and k is a reciprocal vector of real
numbers within the first Brillouin zone, the primitive unit cell in reciprocal space. Here, n
corresponds to the band index defining the number of independent eigenvalues for each value
of k.

According to Bloch’s theorem, the wave vector k and its associated eigenvalues &,, are
periodic functions in the reciprocal space, implying &, k+G = €n k for a translation by the
reciprocal lattice vector G. Thus, the summation over an infinite number of translations R in
real space can be replaced by an integral over the (finite) first Brillouin zone (BZ). As the
one-electron wave functions vary slowly with respect to the wave vector k, the integral is
replaced by a weighted sum over discrete points, called k-points. Choosing the number of
k-points usually implies a trade-off between accuracy and computational effort. Following

this scheme, quantities such as the electron density p can be calculated:

i i/dkz Dowk = pm Y wi ) lenk(®P (2.19)
k n

R yelstBZ k

where the plane-wave expansion of the Kohn-Sham orbitals in reciprocal space for the

simulation cell volume Q is given by
1 .
Pnk(r) = N Z cnx(G) el kror, (2.20)
G

Including an infinite number of plane waves would exceed any practical limits. Hence, as

11
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plane waves at the lower end of the kinetic energy range are most relevant, the basis set is

truncated to a finite number of plane waves according to

2

|k + G| < Ecur, (2.21)
2me

where Ey is the kinetic cutoff energy. As a result, increasing E¢; or the simulation cell

volume € also increases the basis set size, thus systematically improving the accuracy.

1 2.1.4 Pseudopotentials

A substantial disadvantage of plane waves is their inefficiency in describing wave functions
with large curvatures and high kinetic energies, as is the case in the core region of atoms.
Properly treating core electrons may become increasingly important for calculating spectral
properties of the core or GW calculations.***! An accurate description of such regions with
plane waves would require an unreasonably large basis set, thus dominating the convergence
of E., and skyrocketing the computational effort. Fortunately, the plane-wave functions
of the core electrons barely overlap, leading to similar behavior in different chemical
environments. Furthermore, the core electrons take almost no part in chemical bonding,
giving the foundation for the frozen core approximation. Consequently, the complex effects
of the core can be substituted with a precalculated potential, the pseudopotential, and only
the valence electrons are treated explicitly (Figure 2.1). The idea of the pseudopotential
approximation is to eliminate the electronic degrees of freedom of the core electrons and to
describe the valence electrons with plane nodeless wave functions without core oscillation
using a non-singular pseudopotential. The corresponding set of pseudo wave functions
become the all-electron wave functions outside a chosen cutoff radius rcyof. Due to the
nodeless shape of the pseudo wave functions, the basis set to approximate the one-electron
wave function can be reduced to a reasonable size, thus reducing the cost of the calculation.

One practical realization of the pseudopotential approximation is the projector augmented
wave method. Here, the rapidly oscillating wave functions in the core region are first
replaced by smooth pseudo wave functions. These smooth pseudo wave functions are then
projected onto the real, precalculated all-electron wave functions, thus reproducing the

correct eigenvalue spectrum.

1 2.1.5 Atomic Structure Optimization

When determining the electronic structure of a given atomic configuration with DFT, the

considered configuration might be far from the optimum. As a result, the properties as

12
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Figure 2.1: Pseudopotential. The pseudopotential represents the effective core charge. Outside the cutoff
radius rqyoff, the pseudo wave function and pseudopotential match the all-electron wave function and potential,
respectively.

derived from the DFT calculations also would become less relevant. Hence, it is crucial to
not only optimize the electronic structure but also the atomic positions (geometric relaxation)
to obtain the true ground state of the considered system. Therefore, the atomic positions R;
are optimized until the lowest-energy equilibrium configuration is achieved and the forces F;

on the atoms vanish. Hence, the equilibrium state for M atoms can be expressed as

0E(R)
F; =- =0 for/=1,2,...M, 222
I IR, or (2.22)
where aglg) is a gradient. To solve this minimization problem, the Hellmann-Feynman

theorem is applied, which allows to derive the atomic forces from the full Hamiltonian A

with respect to the atomic positions.

Hellmann-Feynman Theorem: The derivative of the total energy with respect to a
parameter directly relates to the expectation value of the derivative of the Hamiltonian

with respect to that same parameter.

As only the repulsive nucleus-nucleus and the attractive nucleus-electron interactions depend

on the atomic positions, the force F; can be calculated as

_IER)

Ve 3. IENN(R)
0R; '

F, =
! oR; IR,

oH
=—W|l=y)=- r 2.23
Wig ) == [om 2.23)
Aside from geometric relaxations of atomic configurations, the calculated forces are also
essential for calculating vibrational frequencies and for molecular dynamics simulations.
Various optimization algorithms, such as Newton-Raphson or Steepest Descent, are

suitable to implement a minimization scheme for Equation (2.22), consisting of an inner

13
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self-consistent loop for electronic structure optimization and an outer loop for atomic structure
optimization. The minimization scheme continues until the calculated forces fall below a
predefined threshold. Finally, the found equilibrium geometry defines a stationary point

on the potential energy surface (PES). Depending on the second-order derivative of the

2
energy, this stationary point represents a local minimum for g fR(ZR ) > 0 or a saddle point for
1
PER) _
o 0.

1 2.1.6 Molecular Dynamics

Extending the concept of atomic structure optimizations, molecular dynamics (MD) sim-
ulations are a powerful tool for studying the motion of atoms in molecules, liquids, and
solids. In a typical sense, the term molecular dynamics refers to the propagation of point
particles—atomic nuclei or effective particles, combining multiple nuclei—according to the
laws of Newtonian mechanics. > The forces acting on the particles are calculated during the
simulation at discrete points along the trajectory. A trajectory describes the time-dependent
evolution of a system, given as an ensemble of frames that share the same macroscopic
(thermodynamic) state but differ in the microscopic states. Such ensembles are called
microcanonical (NVE), canonical (NVT) or isothermal-isobaric ensemble (NPT), depending
on whether the number of atoms N, the volume V, the energy E, the pressure P or the
temperature T are conserved throughout the MD simulation. In the NVT ensemble, for
example, a system has the absolute temperature 7" but may exchange energy with an external
heat bath.

Depending on how the acting forces are calculated—using electronic structure methods
such as DFT or empirical interaction potentials—one can distinguish between ab initio and
semi-empirical MD. Ab initio molecular dynamics (AIMD) simulations treat the electronic
degrees of freedom explicitly in quantum mechanical calculations and thus usually involve a
significantly higher computational effort, limiting respective system sizes to a few hundred
atoms and time scales to the order of picoseconds. Particularly for amorphous structures
such as liquids, the finite size effects can introduce anisotropic behavior and hamper the
simulation through implied interactions between periodic images due to the periodic boundary
conditions. Another challenge is imposed by the rather short time scales and one of the
most fundamental axioms of statistical mechanics. While time averages can be calculated
by MD simulations, experimental observables are assumed to be ensemble averages. The
ergodic hypothesis resolves this dilemma by stating that the time average equals the ensemble
average. Hence, AIMD simulations have to be designed in a way—or run long enough—to

sample a sufficient amount of phase space to ensure this equality is satisfied. Aside from the
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implied challenges using AIMD simulations, however, they generate the most versatile and
accurate modeling of interatomic interactions as the electronic structure is explicitly taken
into account. This is of particular importance for modeling chemical reactions.

Within the Born-Oppenheimer approximation, the atomic forces can be directly derived
from the Hellmann-Feyman theorem according to Equation (2.23). The nuclei are then

propagated by integrating Newton’s equations of motion, given as

JE(R) _
oR;

MR, = - F;. (2.24)

Most integrators, such as Verlet, Leapfrog and Velocity Verlet, assume that the acceleration R
and velocity R can be approximated using a Taylor series.>”

In the past, AIMD has mainly relied on two different approaches.** In Born-Oppenheimer
molecular dynamics (BOMD), the total energy of a system is fully minimized at every MD
step using an electronic structure method, rendering this scheme computationally rather
demanding. Instead of a relatively time-consuming iterative energy minimization, original
Car-Parrinello molecular dynamics (CPMD) treats the electronic degrees of freedom as
classical time-dependent fields with a fictitious mass u that are propagated using Newtonian
dynamics. To keep the electronic and nuclear subsystems adiabatically separated, resulting in
electrons following the nuclei very close to their immediate electronic ground state, ;£ must be
chosen sufficiently small. Since the acceptable integration time step scales with approximately
/M, the step size becomes significantly smaller than for BOMD, thus limiting the achievable
simulation timescales. A Car—Parrinello-like approach to BOMD, called second-generation
CPMD, attempts to unify the best of both schemes, realizing the large integration time steps
of BOMD while preserving the efficiency of CPMD.*-*® For that purpose, the fictitious
Newtonian dynamics for the electronic degrees of freedom is replaced with an enhanced
electron-ion dynamics that allows to refrain from an additional fictitious mass parameter.
The increased efficiency of this scheme stems from the fact that the instantaneous electronic
ground state is very closely approached within just one electronic gradient calculation. For
the short-term integration of the electronic degrees of freedom, a highly accurate, yet efficient,
propagation scheme based on the predictor—corrector integrator of Kolafa?’ is employed.
Since only one electronic force calculation is required, the self-consistent field (SCF) cycle
and any expensive diagonalization steps can be completely avoided while keeping very
close to the potential energy surface and, at the same time, choosing At to be as large as in
BOMD. However, due to the nature of the predictor-corrector scheme, the introduced nuclear
dynamics is slightly dissipative. In order to account for the dissipation, the acting forces in

second-order CPMD are finally corrected using a friction term, described by the friction
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coeflicient yp. The canonical sampling of the Boltzmann distribution is then accomplished
by means of a modified Langevin-type equation that includes an additive white noise term
that obeys the fluctuation-dissipation theorem.>* Hence, if yp was known, an exact canonical
sampling of the Boltzmann distribution could be ensured despite the dissipation. Fortunately,
the inherent value of yp can be bootstrapped so as to yield the correct average temperature

as defined by the equipartition theorem. **

2.2 Computational Surface Science

Modern surface science addresses physical and chemical processes occurring at the interface
of two phases (e.g., solid-solid, solid-liquid, solid—gas, solid—vacuum, and liquid—gas).
Popular topics in this field are heterogeneous catalysis>®, semiconductor technology >’ and
electrochemistry**~*3. The study of surfaces can be approached either experimentally or
computationally. While experimental surface science explicitly reflects reality, a deep
understanding of the underlying processes on an atomistic level can often not be obtained.
Hence, the ability to extract understanding purely from the basic rules of physics is an
attractive and significant benefit of computational surface science. Moreover, the exponential
expansion of accessible computational power and methodological innovations continuously
increases the potential of simulations, as models can become more complex, thus more
accurately resembling reality.

DFT is a valuable tool to better understand chemical occurrences at the surface. Particularly
in corrosion engineering, a deep insight into occurring surface interactions is crucial, since the
governing corrosion reactions happen at the solid-liquid or solid-(humid) air interface. Here,
DFT calculations can help, for example, to predict the impact of small organic molecules on
the surface stability or to determine the energy barrier of a surface reaction.

However, many recurring concerns in computational science with DFT are also relevant in
computational surface science. How accurate is a selected exchange-correlation functional?
How can the computational efficiency of the chosen method be increased? How can the
obtained results be verified (is an experimental reference available)? How to find a trade-off
between model complexity and computational effort? All of these concerns address the very
fundamental question: how reliable are the conducted simulations? To fully address such
questions, a deeper understanding of the model building process and the employed methods
is essential. The following sections provide insights into the preparation of surface models

for DFT calculations and relevant methods for the simulation of corrosion events.
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Figure 2.2: Periodic surface slab of Mg(0001). The Mg unit cell is repeated in all room directions according
to the desired slab size, creating a 3 x 3 supercell with 5 layers. Adding a vacuum in z-direction results in the
final surface model. The lower part of the surface slab is fixed to represent the bulk phase. (left) Side view,
perpendicular to surface normal. (right) Top view, parallel to surface normal.

1 2.2.1 Periodic Slabs

In crystalline solids such as magnesium, the atoms are arranged in a periodic lattice. The
smallest repeating unit of such a lattice is the unit cell, which completely represents the
symmetry and structure of the entire crystal. Stringing an infinite number of unit cells
together would fill up the space completely, with an invariance for translations by a multiple
of the lattice parameters. Introducing periodic boundary conditions according to Bloch’s
theorem (Section 2.1.3), the infinite crystal can be modeled by a finite cell. Naturally, an
infinite crystal is unrealistic due to surface or lattice defects, which interrupt the periodicity
in all room directions—and plainly because every solid has boundaries. However, these
defects can be simulated with supercells that include a sufficiently large volume of the lattice
(Figure 2.2). A supercell consists of multiple primitive unit cells that are treated explicitly in
the simulation. Moreover, the infinitely repeated atomistic system approximates quite well
the real state of a bulk material.

Supercells become particularly important when dealing with intermetallic impurities,
as they are quite common in manufactured magnesium. For example, commercial purity
magnesium contains around 220 ppm iron (Fe) and 5 ppm copper (Cu). As the hexagonal
primitive unit cell of magnesium contains only two atoms, considering more than two
elemental species is already impossible. Even when taking into account only iron impurities,
replacing one Mg atom with Fe would already lead to an impurity concentration of nearly
700,000 mass ppm, far too large for any realistic magnesium alloy. Assuming a bulk supercell
built from 3 x 3 x 3 unit cells with 2 - 3> = 54 atoms, substituting one Mg with an Fe atom
would still lead to an impurity concentration of over 40,000 mass ppm. In fact, replicating an
iron content of 220 ppm would demand explicit modeling of over 10,000 atoms, implying

an immense computational effort. Therefore, building a (surface) model always implies a
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trade-off between model accuracy and computational resources.

Cleaving the bulk supercell and adding vacuum space in the desired surface direction
creates a surface slab, breaking the translational symmetry accordingly (Figure 2.2). As there
is no periodicity perpendicular to a surface, only one k-point is required for sampling in this
direction. Nevertheless, the plane-wave approach still implies periodic boundary conditions
in all room directions, so the vacuum region has to be chosen sufficiently large to prevent
surfaces of consecutive slabs from affecting each other. Furthermore, the surface slab has
to be thick enough, meaning that enough surface layers are included in the slab model to
rule out any significant impact on the energetics. Both parameters, the size of the vacuum
region and the number of surface layers, should be carefully optimized in convergence tests.
As a rule of thumb, 20 + 5 A is usually sufficiently large for the vacuum region, however,
the number of surface layers strongly depends on the surface configuration. Typically, more
layers are added until the center of the slab reflects bulk properties. Since an increasing
number of surface layers also raises the computational effort, strategies to keep them to a
minimum are preferable. An effective approach is to create an asymmetric slab by freezing
the position of the bottom layers, thus imposing bulk boundary conditions on the adjacent

layers free to relax.

1 2.2.2 Adsorption Energies

In many cases, the adsorption energy of a molecular compound upon a surface is an insightful
property. In magnesium corrosion, for example, it can describe the impact on the surface
stability, thus indicating if a specific compound inhibits or accelerates the corrosion rate. An
adsorption reaction involves three components that all have to be treated independently in
DFT calculations: the isolated molecule in vacuum, the clean substrate and the combined
system, including both the adsorbed molecule and the substrate. Accordingly, the adsorption
energy E,q per adsorbed molecule released in or required for the adsorption reaction can be

calculated using the system energies Enol, Esub and Emol sub, respectively:

1
Ea = N (Emol,sub - Egwpw—-N- Emol), (2-25)

where N denotes the number of adsorbed molecules. Schematic simulation cells for all three
components are illustrated in Figure 2.3, using the example of a water molecule adsorbed
upon a Mg surface.

In a DFT calculation, the energies for the combined system (a) and the clean magnesium
surface (b) have to be determined using the same k-point mesh and cell size. For the isolated

water molecule (c), the simulation cell is chosen large enough to eliminate any interaction

18



Chapter 2. Modeling the Real World: Fundamentals

Emol,sub Esub Emol

(@) (b) )

Figure 2.3: Components for calculating the adsorption energy. (a) The combined molecule-substrate
system. (b) The clean surface. (c) The isolated molecule. For the sake of visualization, only one surface layer
is shown in the schematics. However, the entire surface slab is included in the DFT calculation.

between periodic images. Since periodicity plays no active role in this case, typically one
k-point is considered enough for sampling the Kohn-Sham equations. Finally, all individual
energies can be inserted in Equation (2.25) to obtain the final adsorption energy Eqq.
According to the laws of thermodynamics, a system tends to strive for the state with the
lowest energy. This has a direct influence on the sign of E,q and thus its interpretation.
Assuming the adsorption of a water molecule upon the Mg(0001) surface is energetically

more favorable than for it to remain in the gas phase, then
Emol,sub < Esub + Emol- (226)

As a result, the adsorption energy is negative (E,q < 0) for favorable adsorption and vice
versa. It is noteworthy, however, that this condition of favorable adsorption first of all applies

for 0K and can be influenced by entropic as well as finite temperature effects.

1 2.2.3 Surface Reaction Pathways

In a general sense, corrosion is the electrochemical oxidation of a metal in reaction with an
oxidant. Depending on the type of oxidant, the metal is converted into a chemically more
stable form, such as an oxide or hydroxide. As corrosion is a diffusion-controlled process,
it occurs on exposed surfaces and is thus defined by (electro)chemical surface reactions.
Reactions that are diffusion-controlled have a reaction rate equal to the rate of transport of
the reactants through the reaction medium, usually a solution.** In other words, the reactants
diffuse through the reaction medium until they collide in the right stoichiometry and form an
activated complex which can form the product species. In diffusion-controlled reactions, the
formation of products from the activated complex is significantly faster than the diffusion of
reactants. In case a reaction consists of multiple steps, the step with the lowest reaction rate
is considered as rate-determining.

Whether a reaction takes place or not, strongly depends on the thermodynamic driving
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force and the associated energy barrier. In general, a reaction will be energetically favorable,
if the Gibbs free energy AG for the process, given as

AG = AH — TAS (2.27)

is negative, where H, T and S denote the enthalpy, temperature and entropy of the reaction,
respectively. Often, the process is dominated by either the enthalpic or the entropic
contribution. For example, the reaction is likely to occur when stronger bonds are formed
than are broken, provided the energy barrier is not too high (primarily a AH effect). However,
when large molecules with a higher energy (chemical potential) react to a greater number
of smaller molecules, primarily the entropic change AS defines the thermodynamic driving
force. According to whether the final energy H of the products is lower or higher than the
initial energy, the chemical reaction is defined as exothermic or endothermic, respectively.
When transitioning from reactants to products along a certain reaction coordinate, the
configuration corresponding to the highest potential energy is called transition state, which
is a first-order saddle point on the PES. The transition state is essential to determine the
energy barriers in a chemical reaction, and thus the activation energy and reaction kinetics.
Both, transition state and reaction rate, can be derived from the minimum energy path
(MEP). Common strategies to finding the MEP of a chemical reaction are chain-of-states

methods. 4%

A chain of images of the system is generated between the final product state
and the initial reactants. Then, all of these images are optimized in a concerted manner,
approaching the MEP.

A widely adopted chain-of-state method is the nudged elastic band (NEB) method
(Figure 2.4).47=* First, a number i of intermediate images between experimentally known or
realistic reactants and products are generated along the reaction path. It is crucial that the
start and endpoint of this path are well relaxed with respect to the atomic forces. Typically,
a linearly interpolated path is adequate as an initial pathway to start the NEB calculation.
During relaxation, each image moves to the lowest energy state possible while keeping
equal spacing between adjacent images. This constrained optimization is accomplished by a
force projection scheme, where the total force F?EB acting on an image i is the sum of two
independent components:

S ) O (2.28)

The spring force FlS I and the true force F; actalong and perpendicular to the band, respectively.
To make the projections, the local reaction path tangent 7; is determined as the unit vector to

the adjacent, higher energy image.*’ With respect to +;, the component of the force due to
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Figure 2.4: Nudged elastic band method. A number of images are generated by linear interpolation (gray) to
sample the reaction path between known reactants and its products (red). During optimization to the minimum
energy path (turquoise), the images are kept equidistant by spring forces along the reaction coordinate and
move according to the force due to the potential perpendicular to the band. The energy difference between
saddle point and starting point defines the activation energy E,¢t. (2) The optimization can be imagined as
balls in mountain terrain. The direct is the shortest way to the destination but is paved with high mountains. A
slightly longer way, however, poses a less exhausting alternative. (b) During the optimization, the initial band of
images relaxes to the minimum energy path on the potential energy surface. Figure (b) was adapted from [47].

the potential perpendicular to the band, F;-, can be calculated as
FLJ_ = —VE(R,) + VE(RL) ‘lci ‘?i, (229)

where E is the energy of the system and R; is the position of the ith image. The spring force

F?” parallel to the band results from
Fl = k (IRt = Ry = IRy = Ry ) 7 (2.30)

with k as the spring constant. Due to the equidistant spacing of the NEB images, the true
transition state is most likely not defined by, but lies close to, the point with the highest energy.
On the search for the transition state, the highest energy image can be used as basis for an
ensuing refinement in a local search. One approach, which avoids having to run multiple
optimizations, is the climbing-image NEB (CI-NEB)>" method. It allows to simultaneously
gain information about the MEP and achieve convergence to a saddle point (transition state)
of the highest energy image, without adding significant computational effort. At first, the
highest energy image i,y is identified in a few iterations with the regular NEB. Then, the
force on this image is replaced by

F{! =-VE(R;,,)+2VER;,) Fipy Fine (2.31)

imax
which is the full force due to the potential, with the component along the elastic band reverted.
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Hence, the spring force does not affect ip,ax at all. In other words, the climbing image moves
up the PES (maximizing it’s energy) along the elastic band, and down the PES (minimizing
it’s energy) perpendicular to the band. The other images define the one degree of freedom
for maximizing the energy. Once the band of images converged to the MEP, it gives a good
approximation to the reaction coordinate around the saddle point, which is exactly defined by
the climbing image. However, a final vibrational analysis is mandatory to confirm whether the
climbing image is a first-order saddle point on the PES, with exactly one negative frequency.

Once confirmed, the converged climbing image ipax plays a central role within harmonic
transition state theory (TST)>'=>3 to determine the reaction rate k, which can be calculated

as

k

MY (B, - By
J J X ( ( Imax lll’ll))‘ (232)

T N1 imar knT
;" v; B

For a number of atoms N, vj.‘“i and vj.‘“‘“ are the stable normal mode frequencies at the initial
and £

Boltzmann constant and 7 is the temperature. The form of Equation (2.32) is analogous to

and transition state, respectively. E are the corresponding energies, kg is the

Lini Imax

the Arrhenius equation

_E(
k =vexp ( - “‘Tt) , (2.33)
B

where the activation energy E, is calculated as the difference between the energy of the
and that of the initial state, E

climbing image, E The entire exponential term resembles

Tmax * in *
the Boltzmann probability of a reactant system along the reaction coordinate overcoming
the energy barrier and transitioning into the product state. The pre-exponential factor v
corresponds to the ratio of the product of the vibrational modes at the initial state over the
product of the real-value vibrational modes at the converged climbing image (transition state).
Hence, the pre-exponential factor v can be understood as "attempt frequency*, meaning the
number of times per second the system vibrates along the reaction coordinate. In other words,
the reaction rate k can be interpreted as the product between how often it is tried to overcome
the energy barrier with how likely the success is for overcoming the energy barrier.
Efficiently employing the (CI-)NEB method is afflicted with some challenges. First of all,
the stability of a NEB calculation strongly depends on the number of images to sample the
reaction coordinate. For too few images, the resolution is too low whereas too many imply
unstable convergence and high computational effort. Aside from that, the initial NEB band
built from interpolation between the reactant and product states might be a bad guess, thus
slowing down convergence or biasing the final solution. This is particular true when dealing
with amorphous structures, such as liquid water. Therefore, the convergence behavior often

has to be carefully tested with respect to the input parameters. Finally, it may be noted again
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Figure 2.5: Schematic illustration of a metadynamics simulation. The current system state is marked by

a red circle within an unknown free energy surface along a predefined collective variable (CV). (a) At first, the
simulation reaches a local minimum (basin B). (b) History-dependent Gaussian-type bias potentials are added
to that part of the potential energy surface. The summed up bias potentials are marked by a gray dashed line.
(c) Once the biased potential is large enough to overcome the energy barrier, the system falls into the global
minimum in basin A. Again, Gaussian-like bias potentials are added to that part of the potential energy surface.
(d) Finally, the biased potential is larger than the free energy barrier, the free energy landscape is flattened and
the system can easily move from one minimum to the other. Summation of the deposited Gaussian-like bias
potentials gives an estimate of the negative free energy landscape.

how important the careful equilibration of the considered initial and final configuration is.
When the reactants and products are unrealistic or not well-relaxed with respect to the atomic

forces, the NEB simulation is bound to yield inaccurate or even wrong results.

1 2.2.4 Metadynamics

In contrast to obtaining adsorption energies or reaction barriers from static DFT calculations,
MD simulations allow a more comprehensive coverage of the phase space and and the
consideration of temperature effects. However, high energy barriers, often separating
reactant and product states in such processes, are unlikely to be overcome in conventional
MD timescales. According to transition state theory, there is an exponential relationship
between the height of an energy barrier and the time scale of state transition, as is shown
by Equation (2.33). Hence, rare dynamic events of interest often happen on rather large
timescales, which are currently unfeasible for AIMD simulations assuming reasonable
computational effort. Additionally, local energy minima have to be passed multiple times
to obtain statistical meaningful reaction free energies for reasons of ergodicity and entropy,
giving further emphasis to long simulation times.

A number of enhanced sampling methods have been developed to address these challenges,
one of them being metadynamics.>*>* Metadynamics sampling reconstructs the probability
distribution P(s) along one or a few predefined collective variables (CVs), sy ... §,, using
Gaussian bias potentials to bypass high energy barriers in the free energy surface. The
process is schematically illustrated in Figure 2.5.

It is noteworthy that a constant Gaussian height leads to the free energy not converging to

a definite value but rather oscillating around the correct result, giving rise to an average error
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which is proportional to the square root of the bias potential deposition rate.> Reducing this
rate implies an increase of computational time required to sample the free energy surface.
Moreover, continuing a run increases the risk that the system is irreversibly pushed into
regions of the configurational space which are physically irrelevant. Therefore, the original
metadynamics algorithm from Laio and Parrinello’* has been modified multiple times to
address these concerns.** In well-tempered metadynamics >, for example, which is further
described in the following, the parameters of the simulation can be tuned such that the
computational effort focuses only on the physically relevant regions of the parameter space. >
In this context, the Gaussian height is continuously adapted, eventually becoming so small
after finite time that the free energy completely converges.

For an unbiased probability distribution P, given by

e BURD

PR,f)= —
(R.1) [ dRePURD

(2.34)

where U(R, 1) is the potential of a microscopic state for all atomic coordinates R and 8 = kBLT,

the free energy surface can be obtained from
1
F(s) = 3 log P(s) (2.35)

along (a set of) predefined CV(s) s(R). The sampling process can be accelerated to
better capture rare dynamic events and to estimate the associated free energy by adding

history-dependent bias potentials V (s, ¢) that disfavor frequently-visited space:
N(s,t
V(s,f) = AT In (1 + %) (2.36)

Here, N(s,1) = /Ol Os,s(¢) dt’ is the histogram of the CV s(R), w is an energy scaling term
with the dimension of an energy rate and AT is a constant bias temperature. The rate with

which V (s, f) changes is given by

. WATS Vs, t
Vis,t) = ——20_ e (——(s’)

AT + wN(s,1) AT ) Os.s(1)- (2.37)

By replacing 6, s(;) with 7gc—the Gaussian height deposit time step—standard metady-
namics (where the height of deposited Gaussian-type bias potentials is constant) can be
modulated to include a history-dependent bias potential, which height is determined by

w = wexp (—%) 76. For large times, V (s, t) approaches zero, allowing to assume a
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thermodynamic equilibrium. As a result, the probability distribution eventually converges

—F(s)—V(s,z))
T

to P(s,t)ds o« exp ( ds, leading to the following relationship between V (s, t)

and F(s):
—F(s)-V (s,t)
. V(s,t V(s,t eXp (—T )
V(s,t) = wexp (_ (AST )) P(s,t) = wexp (_ (AST )) SRS (2.38)
fds exp (%)
For t — oo, the bias potential is given by
V(s)=- F(s), (2.39)

T+ AT

showing that the bias does not fully compensate F(s). In practice, however, Equations (2.36)

and (2.39) can be used to estimate the free energy surface as

F(s,t) = —T+ATV(s,t) =—(T+AT)In (1 +

(2.40)

AT

wN(s,1)
)

Modulating the constant AT allows to define different behavior of the Gaussian deposition.

While the added bias potential is zero for AT = 0, AT — oo results in —TX%T

thus giving F(s,1) = —=V(s,1) (as is the case for standard metadynamics). However, when

- -1,

AT — oo, then the convergence of V(s,t — oo0) cannot be demonstrated by means of
Equation (2.38). This directly reflects the above-mentioned drawback of metadynamics: in a
single simulation, the bias does not converge but oscillates around the correct free energy
F(s). For finite values of AT, the calculated free energy surface corresponds to the target
temperature 7', while the probability distribution along the CV is altered and corresponds to
an enhance temperature T + AT. The estimated free energy surface F(s, ) can be recovered

from the biased probability distribution s(R) by calculating V (s, ¢) according to

2

-s(R Rg (1

V(s,t):wZexp( s( )+2S5(2 (")) with ¢’ = 16,276,376, ... (2.41)
1t S

By tuning AT, the exploration in the CV space is facilitated and automatically limited to

physically interesting regions, with energies ranging in the order of 7'+ AT. In open-source

T+AT
T

between the (fictional) temperature of the CVs and the temperature of the system. Other

software, such as PLUMED ®, AT is set up using a bias factor y = , defined as the ratio

input parameters are the Gaussian deposition stride 7g, the initial Gaussian height z+ and the

Gaussian width og.
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2.3 Molecular Machine Learning

Over the past decade, machine learning-based techniques witnessed a tremendous upsurge in
numerous industries, including transportation, healthcare and energy, to name a few. Similar
to what computers have been in the 1980s and 1990s, machine learning is largely conceived as
one of the major disruptive technologies of our time.>” Machine learning aims at recognizing
patterns in data, thus informing ways of treating yet unseen problems. A popular example
are self-driving cars. Here, the vast amount of incoming sensor data has to be turned into a
decision of how to control the car, made by a computer that “learned" to identify the pattern
of a dangerous situation.”’

After encoding the molecular structures obtained in atomistic simulations into a machine-
readable form, they can serve as direct input to train a machine learning model, i.e, to
recognize patterns in the data with respect to a target property of interest, the response
variable. This property can be of a more theoretical nature, such as the chemical potential
or dipole moment, however, also quantities indicating the chemical activity of a compound
in the experiment can be predicted, provided a connection to the molecular structure exists.
After summarizing a supposed relationship between molecular structure and a response
variable in a given dataset of compounds, the machine learning model can predict the
properties or activity of yet untested chemicals. Depending on the chosen response variable,
the model is then termed quantitative structure-property relationship (QSPR) or quantitative
structure-activity relationship (QSAR) model, respectively. Both terms are closely related
and describe the quantitative relationship between the structure of a molecule and its, e.g.,
chemical or biological effect (QSAR) or chemical and physical properties (QSPR).%?
Particularly QSAR models exhibit great potential in the field of magnesium corrosion
engineering. Instead of identifying potential magnesium dissolution modulators based on
merely educated guesses and exhaustive experiments, a given set of tested compounds can
be utilized to, for instance, find a corrosion inhibitor with significantly less time investment
or generally elucidate relationships between molecular structure and chemical activity.

This can be approached following different strategies. On the one hand, molecular
similarities can serve as basis for the qualitative prediction of a target property. Assuming a
molecule A yields a chemical activity f(A), then a molecule B is expected to bear a similar
chemical activity f(B), when B is structurally similar to A. As a result, it can be effective
to search for molecules similar to an already investigated compound with desired behavior
in the experiment. This may be desired in order to find a cheaper or more environmentally
friendly alternative with the same performance. On the other hand, the response variable can

also be quantitatively predicted using regression models.
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The following sections further discuss how the molecular structure can be encoded to be
used as predictor in a machine learning model. Additionally, qualitative and quantitative
methods are described, which allow to reveal and exploit structure-activity relationships to

accelerate the search for dissolution modulators in magnesium corrosion engineering.

1 2.3.1 Encoding the Atomic Structure

In order to apply QSAR (and QSPR) techniques to establish a relationship between molecular
structure and a response variables of interest, it is necessary to define what a molecular
structure is. The molecular structure can be understood as a set of properties that may be
used as numerical representation to quantitatively characterize a molecule.® Unfortunately,
this collection of parameters is not unique, as various mathematical representations exist. A
molecule can be described by means of experimental or theoretical descriptors. While the
former are—as the name suggests—obtained in experiments, the latter are calculated using
well-specified chemoinformatic algorithms or electronic structure calculations. Thousands
of theoretical descriptors have been proposed in literature, which are potentially useful to
find a connection to a considered experimental property. ®

Depending on the rules and criteria used, chemical compounds can be represented in a
variety of ways. The molecular representation strongly influences which kind of information,
encoded in molecular descriptors, can be collected. By mathematical manipulation of
the structure representation, molecular descriptors can be directly derived using a set of
mathematical operators. Theoretical descriptors can be subdivided into five classes*°': 0D
descriptors do not provide any information about the molecular structure or connectivity
of atoms; 1D descriptors regroup structural fragments such as functional groups; 2D
descriptors provide information on molecular topology based on the graph representation of
the molecule(s); 3D descriptors provide information about the spatial coordinates of atoms
in a molecule.; 4D descriptors characterize the interactions between the molecule(s) and
the active site(s) of a receptor or the multiple conformational states of the molecule(s). All
five classes of molecular representations are listed in Table 2.1 along with examples for
associated molecular descriptors.

In contrast to molecular descriptors, molecular fingerprints try to capture different local
features of a molecular structure, thus identifying structural fragments participating in the
molecule composition. Depending on the set of rules applied to explore a molecule in all
possible substructure patterns, different molecular fingerprints can be defined.”® A highly
robust approach is to calculate the smooth overlap of atomic positions (SOAP). %570 SOAP is

a fingerprint that encodes local atomic environments by representing the local atomic density
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Table 2.1: Classes of molecular representations and associated examples.

Class Examples of molecular descriptors

0D Atom types, molecular weight, bond types

1D Counts of atom and bond types, counts of hydrogen bond donors or
acceptors, cyclomatic number, number of functional groups by type

2D Molecular graphs, calculated values such as lipophilicity or topological
polar surface area

3D Geometrical descriptors, such as WHIM °>%° and GETAWAY 49

4D Descriptors considering a molecule’s electronic distribution or interactive

regions, such as or Volsurf®® or COMFA °’ methods

p, within the environment y as a sum of Gaussian functions with width &, centered on each
atom of species «a:
(r—rp)?

prD = ) exp | =

kexy®

] Je(Irigl]). (2.42)

The local atomic density is calculated for all atoms in a molecule, with positions r;j relative
to the central ith atom and the cutoff function f, to smoothly select the particles within a
cutoff radius r from the central atom (Figure 2.6). The structural information surrounding
an atom directly correlates with the size of .. In order to compare two molecules A and B,
the SOAP kernel can then be defined as the rotationally-averaged squared overlap of all local

atomic neighbor densities:

2
dR. (2.43)

Ktod) = [

SO(3)

) o pywar

A notable property of the SOAP kernel is its rotational and translational invariance. The
integration over all rotations can be carried out analytically, based on a spherical harmonics
decomposition of the two densities p,.°*%” For more details, please check the original
publication by Barték et al..®” Normalizing the SOAP kernel results in the environmental
covariance matrix C that contains all possible pairings of environments, and thus all the
information on the pair-wise similarities between the molecules A and B:
kO xj)
Cij(A,B) = . (2.44)
NN

Based on this matrix, a global kernel K (A, B) can be introduced, which allows to directly

compare two compounds.
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Figure 2.6: The SOAP kernel. For comparing two molecules A and B, the rotationally-averaged squared over-
lap between all local atomic environments, XIA and X?: within a cutoff radius r. is calculated and summarized
in a global similarity measure K (A, B). The SOAP kernel is rotationally and translationally invariant. For more
details, please check the original publication by Bartck et al..%°

In order to extract a single similarity measure from C, several strategies can be pursued,
of which two are further described in the following. An inexpensive approach is to simply
store the average SOAP fingerprint between all environments of two structures, resulting in

the average structural kernel

K(A,B) = % Z Cij(A,B). (2.45)

ij
However, two significantly different structures can consist of environments that yield the same
fingerprint upon averaging, thus making these structures seem to be the same and rendering
this approach potentially insensitive. An alternative approach is to build the regularized
entropy match (REMatch) kernel. Here, the pairs of local environments that exhibit the
highest degree of structural similarity are used to build the global similarity metric. For this

reason, the similarity between the compounds A and B is given by the weighted sum over the
elements of C(A, B):

R:(A,B) = [TrP,C(A,B)]*

P, = argmin > P;;(1-Ci;(A,B)+ylnP;). (2.46)
PE(L((N,M) ij

The optimal pairing is found by exploring the space of doubly stochastic matrices U (N, M),

where the discrepancy between matching pairs of environments is minimized and then

regularized with the information entropy of the weight matrix E(P) = —= 3} P;;InP; j.(’8
ij

While the sensitivity of the kernel is controlled by the parameter £, switching between a

strict or broad selection of best-matching pairs of local environments is achieved by adapting

the parameter . Since both kernels, K and I'\(f;, are positive-definite, it is possible to define
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a kernel-induced distance, which can be used for dimensionality reduction and clustering:
D(A,B)? = K(A,A) + K(B,B) - 2K(A,B). (2.47)

1 2.3.2 Molecular Similarity Maps

The calculated similarities and distances respectively contained in the SOAP kernel K and
the distance matrix D describe relations between different molecular structures. In order to
visualize and better understand these relations, they have to be transformed to something
that is tangible by the human mind. Various dimensionality reduction algorithms exist
that allow to map information from a higher-dimensional space to two or three dimensions.
Particularly two-dimensional mappings of the computed SOAP kernel allow a highly intuitive
interpretation of molecular similarities between the considered compounds.

A popular strategy to reduce dimensions is to find the low-dimensional Cartesian projection
that best reproduces the pairwise distances in the high-dimensional space. This approach,
called multi-dimensional scaling, forms the foundation of the non-linear multi-dimensional
scaling algorithm sketch-map?*>"""! that is based on optimizing a non-linear objective
function®

2= > (F (D(Xi, X)) - f (d(xi,%))) ) (2.48)

ij
and describes the mismatch § between molecular (dis)similarities D(X;,X;) in high-
dimensional and d(x;, X;) in low-dimensional space. While D is a kernel-induced distance
metric between the abstract molecular input structures X;, as shown in Equation (2.47), d is
typically the Euclidean distance between the corresponding projections x in low dimension.

The transformations F and f are non-linear sigmoid functions of the form
fr)y=1-(1+QY —1)(r/o)*)ble (2.49)

that focus the optimization problem in Equation 2.48 on the most significant distances. By
tuning the involved switching distance o and the exponents a and b (which are denoted as
A and B for the high-dimensional function F'), close/distant (similar/dissimilar) structures
in high-dimensional space R" are projected to lower dimensions R™ (m < n), keeping
their relation. Due to the form of the sigmoid function, mapped molecular similarities or
dissimilarities appear arbitrarily close together or far apart, respectively, thus preventing a
clear physical interpretation of the resulting two-dimensional distances. However, although
the accuracy in reproducing the distances is low, the quality of reproducing the connectivity

information is high. While a and b (or A and B in high dimension) only have a small effect
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on the projection, the resulting sketch-map is highly sensitive to the switching distance 0. A
typical approach for tuning o is to first compute the histogram of distances in the similarity
matrix D, detecting the peak value D, and then setting o ~ 0.8D pax.

Another dimensionality reduction technique involving significantly less hyperparameters is
kernel principal component analysis (KPCA). KPCA is an extension of principal component
analysis (PCA), which is capable of building non-linear mappings that maximize the variance
in the data. Structural points are projected to the eigenvectors corresponding to the highest
eigenvalues, the principal components, of the covariance matrix constructed from the input
data. In KPCA, the originally linear operations of PCA are performed in a reproducing
kernel Hilbert space.i

Apart from sketch-map and KPCA, various other dimensionality reduction techniques exist
that differ in the implemented projection scheme.’”> Applying a dimensionality reduction
algorithm to a calculated SOAP kernel K or distance matrix D of size n X n, where n
denotes the number of compounds in a given dataset, the high-dimensional similarity data
can be effectively reduced to two dimensions, resulting in a similarity map of size n x 2
(Figure 2.7). Each point in this map corresponds to a molecular compound in the original
dataset. Compounds lying close together show high structural similarity, whereas structures
lying far apart can be considered as rather dissimilar. Coloring the map according to a
property of interest, such as some quantity representing the chemical activity, adds again a
dimension that allows to reveal structure-activity (structure-property) relationships, indicated
by formed clusters. When a cluster predominantly contains structures with mutual properties,
a yet unknown compound mapped to this cluster usually behaves accordingly. Here, the strong
capacity of KPCA and sketch-map may be emphasized, which allows for an out-of-sample
embedding of new datapoints in an existing similarity map.

Depending on the input data, clusters might not always be obvious to detect in the resulting
structure-property landscape. Although visual inspection often gives a first idea, more
sophisticated methods promise more reliable results. A number of algorithms for cluster
detection exist that can generally be divided into four categories: centroid-based clustering,
density-based clustering, distribution-based clustering and hierarchical clustering. One
of the most well-known clustering algorithms stems from the first category and is called
k-means clustering.”® The algorithm aims to partition the data into k clusters, where each
of the samples n belongs to the cluster with the nearest mean (cluster center). At first, k

initial means are randomly generated within the data domain. Accordingly, k clusters are

iiHilbert spaces allow to generalize linear algebra and calculus methods from two- and three-dimensional
Euclidean spaces to spaces with infinite dimension. In reproducing kernel Hilbert spaces, point evaluation is a
continuous linear functional.
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dimensionality reduction property of interest
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Figure 2.7: From SOAP to structure-property landscapes. Using dimensionality reduction techniques, the
high-dimensional SOAP kernel can be reduced to a two-dimensional representation of the molecular simi-
larities, where points that are close/distant correspond to molecular compounds that are similar/dissimilar.
Coloring the resulting similarity map according to a property of interest results in a structure-property land-
scape, highlighting structure-property relationships.

created by assigning each sample to the nearest mean (Voronoi diagram), then the centroid
of each of the k clusters becomes the new mean. The procedure is repeated until the sum of
squared distances between samples and means converges. To enhance the cluster detection
performance, the number of clusters has to be fine-tuned with respect to the sum of squared

errors or the silhouette coefficient. ’*

1 2.3.3 Experimental Target Prediction

Obtaining experimental data is often time- and resource-consuming, or even potentially
perilous when dealing with toxic chemicals. Hence, building machine learning models
that predict an experimental property of interest can constitute an effective way of strongly
limiting the number of required experiments. Some examples for potential target properties
are the biological or chemical activity of the considered chemicals, their toxicity or their
reactivity. In the realm of magnesium corrosion engineering, a well adopted parameter
to describe the impact of a dissolution modulator on the corrosion rate is the inhibition
efficiency (IE):
VO _ Vmod

H, Hy

0
Hy

IE = - 100%, (2.50)
where Vglz and VE;’d denote the volume of hydrogen released when exposed to sodium
chloride solution, in the absence or presence of the investigated dissolution modulator,
respectively. Naturally, for QSAR/QSPR models the chosen target property has to correlate
with the molecular structure at least to a certain extent to achieve good predictive performance.

When linked to an experimental dataset, molecular descriptors or SOAP fingerprints

can be used as direct input (features) of a regression model to quantitatively predict the
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experimental target property (e.g., [E) of yet untested compounds. Depending on the type of
regression model, it can happen that the fitted parameters lead to highly accurate descriptions
of the given data but fail to describe additional data or predict future experiments dependably.
An approach to address this phenomenon called overfitting and to reduce the variance of the
regression model is to introduce a regularization term that prevents the regression weights
from becoming too large. For ridge regression, which includes an £ regularization term,

the loss function to be minimized is defined as
£ =Y - XPxy||* + A|[Pxy I, 2.51)

where Y, X and Pxy are the response variable(s), predictors (features) and the weights for the
regression model, respectively. The optimal regularization parameter A has to be determined
in a hyperparameter tuning.

Although linear regression methods are appealing for their simplicity and interpretability,
they do not generate robust and predictive models when the underlying structure-activity
relationship is significantly non-linear. Kernel methods, as in the case of the SOAP kernel,
introduce a non-linear relationship between samples in the form of a positive-definite kernel
function k (X, X’) and are thus suitable for modeling non-linear relationships. Generally,
they lead to a more efficient determination of low-dimensional latent space and increased
regression performance.”> Kernel ridge regression (KRR) is the kernel equivalent to ridge
regression, using the kernel (feature) matrix as input variable.

The synergistic combination of KPCA and KRR represents a powerful approach for
efficient in silico design or discovery of novel magnesium dissolution modulators. However,
methods that unify the pattern recognition capabilities of unsupervised learning'!' and the
predictive power of supervised learning may have increased accuracy and efficiency and may
be better at identifying the most important chemical features in structure-activity relations.
Kernel Principal Covariates Regression (KPCovR) achieves that by a combination of a
KPCA-like and a KRR-like loss function, attempting to find a low-dimensional projection of
the feature vectors that simultaneously minimizes information loss and error in predicting the
target properties. > Applications of KPCovR to other datasets of molecules and materials

clearly demonstrate its utility in deciphering structure-activity relationships.

iiiType of algorithm that learns patterns from unlabeled data. In contrast, supervised learning describes a type
of algorithm that learns from labeled data.
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Chapter 3

A DEEPER LOOK AT THE MAGNESIUM-WATER INTERFACE

ALL THINGS ARE DIFFICULT BEFORE THEY ARE EASY.

— Thomas Fuller

Magnesium corrosion is an electrochemical process in which the metal’s oxidation state
changes as a result of interaction with the environment. As this process is diffusion-
controlled’, it occurs on exposed surfaces and is thus mainly defined by the interface between
the solid and its surroundings. Particularly in aqueous environments, Mg and its alloys
possess comparatively poor corrosion resistance as compared to other metals, which can
be mainly attributed to two key factors.’®’” Firstly, the highly electronegative potential of
Mg allows corrosion to proceed even in the absence of molecular oxygen.’®’” The cathodic
water reduction reaction predominates at such negative potentials, thus promoting hydrogen
evolution and implicitly magnesium dissolution. Secondly, any surface film formed upon Mg

yields poorly protective properties %7’

as oxide or hydroxide layers forming upon Mg are
soluble in most aqueous environments or in the presence of humidity. Moreover, Mg surface
layers merely incompletely cover the underlying Mg metal surface, are highly defective and
are easily dismantled by interaction with chloride.’®

A sustainable implementation of magnesium-based materials in aqueous environments
demands effective measures for corrosion protection or control, specific to the given target
application. This, however, requires profound knowledge of the underlying corrosion
mechanisms. As experimental approaches often require complementary information to
explain the occurring corrosion mechanisms on an atomistic level in detail, quantum
mechanical computations constitute a highly promising strategy to gain deeper insight into

the fundamental electrochemical reactions of Mg corrosion in an aqueous environment. /-5

IThe reactants diffuse through the reaction medium until they collide in the right stoichiometry and form an
activated complex which can form the product species. The rate of transport of the reactants through the reaction
medium, usually a solution, defines the reaction rate. 44
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However, the physical concept behind magnesium corrosion is not determined by a single
mechanism, but rather resembles a complex interplay of different aspects, such as corrosion

81-83 "anodic regions®* and noble impurities®>. Also the formation of

product formation
a Mg* species which promotes water reduction in the context of anomalous hydrogen
evolution is a constant topic of discussion.’*3%-% Consequently, establishing an accurate
computational model that incorporates all, or at least most, of the inherent factors that
influence the corrosion of Mg is highly complex. In particular, the atomistic simulation of
electrified solid/liquid interfaces is still highly challenging and lacks simple and intuitive
approaches. Although recently developed techniques to combine electrochemistry and
thermodynamics in atomistic simulations allow to actively relate quantum mechanical results
with electrochemical parameters, such as voltage and pH, this still remains a challenging
task. *>:89-%3 Moreover, sophisticated quantum mechanical calculations are typically limited
to rather small system sizes of a few hundred atoms and a few picoseconds of time due to
high computational cost. Finally, such calculations must be validated by experimental results,
since the computer will eventually produce some kind of output, whether it makes physical
sense or not.

Several methods exist in the DFT framework that allow to calculate reaction kinetics,
observe the charge evolution or generally identify favorable reaction mechanisms. These
methods require some prior knowledge, or at least intuition, of potential corrosion mechanisms
that has to be incorporated in the model building process to ensure chemical soundness. A
peculiarity of Mg is that the hydrogen evolution rate increases with increasing applied anodic
potential or current for anodic polarization, which is opposite of the expected behavior based
on standard electrochemical kinetics.”* This so-called anomalous hydrogen evolution is a
controversial topic in magnesium corrosion research.’®’’ An overview of the governing Mg
corrosion reactions and popular theories for anomalous hydrogen evolution is given in the
beginning of this chapter. Subsequently, further investigations of the energetics, kinetics and
charge states are performed to obtain deeper insights into the reaction pathways responsible
for hydrogen evolution and magnesium dissolution. Parts of the work and figures presented

hereafter have been published in

[95] T. Wiirger, C. Feiler, G. B. Vonbun-Feldbauer, M. L. Zheludkevich, and R.
H. MeiBner. A first-principles analysis of the charge transfer in magnesium
corrosion. Scientific Reports, 10(1):15006, 12 (2020).
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[96] B. Zeller-Plumhoff, M. Gile, M. Priebe, H. Slominska, B. Boll, B. Wiese,
T. Wiirger, R. Willumeit-Romer, & R. H. Meifiner. Exploring key ionic
interactions for magnesium degradation in simulated body fluid — a data-driven
approach. Corrosion Science, 109272 (2021).

3.1 Magnesium Corrosion Mechanisms

In aqueous environments, the two main Mg corrosion products are magnesium hydroxide

and hydrogen. The overall corrosion reaction’® is a redox reaction given as
Mg +2H;0 —= Mg(OH), + H; (3.1)

and is reversible, although strongly favoring the formation of products. This process occurs
by electron transfer at the magnesium-water interface and involves the oxidation of Mg atoms
to form ionic species, accompanied by the release of electrons. Electrochemistry classifies
corrosion reactions as either anodic or cathodic processes. The oxidation of Mg, the reducing

agent, is an anodic half reaction and defined as
Mg — Mg?* +2e~ (anodic). (3.2)

The liberated electrons must be consumed by other species to maintain electroneutrality.
Hence, the anodic process must be accompanied by a cathodic half reaction in which an
oxidizing agent (a molecule, atom, or ion) receives electrons, thus decreasing its oxidation
state (reduction). Dependent on the environment, several different oxidizing species can act
as electron acceptors. However, the primary cathodic reactions in corrosion are the hydrogen
evolution reaction (HER) and the oxygen reduction reaction (ORR). For the HER, water

reduction leads to the evolution of hydrogen and the formation of hydroxide ions:
2H,O0+2e™ —= Hy +20H" (cathodic). (3.3)

In contrast to the HER, in ORR oxygen is reduced instead of water, without the release of

molecular hydrogen:
02 +2H;0+4e”™ — 40H" (cathodic). (34

Although ORR also occurs as a cathodic process and contributes to the overall corrosion

reaction in Equation (3.1), its contribution is comparably small for high Mg corrosion rates
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and is thus neglectable. Dissolved magnesium ions from the anodic half reaction recombine
with hydroxide ions formed in the cathodic reactions, yielding magnesium hydroxide in the
process:

Mg?** +20H- — Mg(OH),» (3.5)

When both half reactions are in equilibrium, the associated equilibrium potential, also

called open circuit potential, is given by the Nernst equation:

E=Ey+ XL 1n(“ox), (3.6)
neF \ aged
where Ej is the standard potential, R the universal gas constant, 7' the temperature, n, the
number of transferred electrons, F' the Faraday constant and a the activity of the according
redox species.”’ The Nernst equation describes the dependency of the electrode potential
on the concentration of the considered oxidized and reduced species. By considering
different occurring surface reactions and coverages of involved species in a DFT simulation,
Equation (3.6) can be also used to calculate phase and Pourbaix diagrams employing ab

initio methods. ?1-%%

As both half reactions are in equilibrium, the net current i is zero, since
the system contains a cathodic current i, that is balanced by an equal and opposite anodic
current i,:

o =iy = I, 3.7

where i is the exchange current density.

Under physiological conditions—as is the case for magnesium implants—various additional
species contribute to the degradation of magnesium, leading to increasingly complex corrosion
mechanisms. Studying the degradation of pure magnesium wire in simulated body fluid,
Zeller-Plumhoff et al. investigated the interaction of individual ionic components (HCOy,
HPOi‘ and Ca”*) with respect to the degradation of Mg and the formation of precipitates as
a protective layer.”® Although the formation of Ca-containing precipitates was kinetically
difficult, the presence of Ca®* obstructs the interaction between Mg?* and HCO; or HPOi‘
to such an extent that a formation of Mg precipitates was impossible and therefore little to no
protective layer was formed. Correlating precipitation and degradation rates suggests that
a Mg implant in the human body would require a degradation rate at levels below 2 mm
per year to enable the formation of a stable degradation layer to which cells may adhere.
No apparent quantitative relationship between the interaction of ionic components and
other experimental parameters could be identified that would allow for accurate estimations
of the Mg degradation rate. Atomistic modeling techniques could serve as valuable tool

in an attempt to better understand the occurring degradation process under physiological
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Figure 3.1: Theories for anomalous hydrogen evolution. (a) Monovalent magnesium ion. Assuming Mg
dissolves as intermediate monovalent Mg*, a reaction between the released Mg* species and water would
lead to additional hydrogen gas formation. Hence, the more magnesium dissolves, the more hydrogen evolves,
thus explaining the increased cathodic reaction rates for anodic overpotentials. (b) Particle undermining. Noble
impurities induce local galvanic cells that promote local corrosion, continuously undermining the enclosed
particles. Once these particles lose their cathodic protection due to dissolution of the surrounding Mg matrix,
they dissolve and can redeposit upon the Mg surface, increasing the cathodic area and thus the cathodic
reaction rate.

conditions, however, finding a trade-off between model complexity and feasibility remains a

yet unsolved and challenging task.

1 3.1.1 Anomalous Hydrogen Evolution

A peculiarity of magnesium is an electrochemical phenomenon known as anomalous hydrogen
evolution.”®”” Usually, the anodic reaction rate increases and the cathodic reaction rate
decreases with an increase of the current density or applied potential. As a result, for most
metals, anodic overpotentials evoke an increase of the anodic dissolution rate, whereas
the cathodic hydrogen evolution rate decreases simultaneously. In case of Mg, however,
the hydrogen evolution behavior seems to contradict the very basics of electrochemical
fundamentals. When increasing the applied anodic potential, the cathodic reaction rate does
not decrease, but rather increases further. Moreover, the anodic dissolution current increases
faster than expected. For pure magnesium and magnesium alloys, different mechanisms
have been proposed to explain this phenomenon. ’®”” It is striking that nearly 20 years lie
between two comprehensive review articles published by Song and Atrens and Esmaily et al.,
summarizing these theories, and there is still no consensus on the main driving force behind
anomalous hydrogen evolution.

Two popular explanations are the monovalent magnesium ion theory 2-889%100 and the
particle undermining model®>'°! (Figure 3.1). The former theory proposes that Mg could
also be dissolved as intermediate monovalent Mg*. In a secondary reaction between the
released Mg* species and water, additional hydrogen gas would be formed. Hence, the more
magnesium dissolves, the more hydrogen evolves, thus explaining the increased cathodic
reaction rates for anodic overpotentials. Although many observations can be explained by

assuming the production of Mg*, there is no persuasive experimental evidence. Furthermore,
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Figure 3.2: Hydrogen evolution reaction (HER) pathways. Initially, water is reduced in the Volmer step and
a dissociated H atom adsorbs on the surface. Subsequently, one out of two possible mechanisms leads to
hydrogen evolution: either two adsorbed H atoms recombine in the homolytic Tafel step, or an adsorbed H
atom reacts directly with a water molecule in the heterolytic Heyrovsky step.

if Mg* indeed could exist in solution, it would be extremely reactive and would thus be
inflicted with an extremely short lifetime. 86 According to Petty et al., however, it must be
stable for a considerable amount of time without being oxidized by water.

During Mg corrosion, a dark corrosion film forms at open circuit potential. Although
it could be observed that this film promotes the evolution of hydrogen at a faster rate than

uncorroded regions on the Mg surface '

,it can not be held solely responsible for the increased
catalytic activity towards the HER. The hydrogen evolution rate increases with respect to the
applied anodic current density, not the amount of corroded area.’® The particle undermining
model explains anomalous hydrogen evolution in terms of noble impurities, such as iron, that
accumulate in or under the corrosion product film.'%® Due to the low electronegativity of
magnesium, essentially all transition metals potentially enclosed in the Mg matrix are more
noble, inducing local galvanic cells and thus accelerated local corrosion. '** Corrosion of
the adjoining magnesium matrix continuously undermines the enclosed particles until they
eventually leave the Mg matrix by non-Faradaic release. According to a scheme proposed
by Hoche et al., the released particles can redeposit on the Mg surface after dissolution,
thus extending the cathodic area and further increasing the hydrogen evolution rate.®> For
anodic polarization, the increased Mg dissolution rate would then entail an enhanced release
of enclosed impurities, which would further increase the hydrogen evolution rate through

redeposition on the magnesium surface.

1 3.1.2 Reaction Pathways

The hydrogen evolution process in Equation (3.3) can be divided into two separate stages

(Figure 3.2). Initially, water is reduced in the Volmer step, followed by adsorption of the

iy ocal galvanic cells are electrochemical cells in which a Faradaic current is generated in spontaneous redox
reactions due to physical or chemical differences between adjacent areas on a metal surface in an electrolyte.?”
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dissociated hydrogen atom upon the magnesium surface:

H,O+e” — OH™ +H,q (Volmer). (3.8)

In the second stage, hydrogen evolves following one out of two possible mechanisms. 8%-20:105,106

The adsorbed hydrogen atom either recombines with another adsorbed hydrogen atom in the
homolytic Tafel step, or reacts directly with the partially positive hydrogen atom of a close

water molecule in the heterolytic Heyrovsky step:

Hy, + Hyy — H, (Tafel) (3.9
H,O+e™ +Hyg — OH™ + Hy, (Heyrovsky). (3.10)

The energetics and kinetics of the proposed hydrogen evolution reactions occurring on a
magnesium surface during corrosion were already discussed in the literature. 40-78.7%,107.108
In a theoretical study by Yuwono et al., the Volmer-Heyrovsky pathway was found to be
energetically more favorable than the Volmer-Tafel pathway, and thus, to largely contribute
to the hydrogen evolution at cathodic and anodic overpotentials.’® However, the reaction in
Equation 3.10 requires excess electrons. In a study by Surendralal et al., the authors found

)109

that the adsorbed hydrogen atom is a hydride (H™ and not in a charge neutral state as has

been previously assumed.** Thus, they proposed a “Heyrovsky-like” reaction
H,O +H,; — OH™ +Ho, (3.11)

where the excess electron required for Equation (3.10) is provided by the adsorbed hy-
dride. This is in good agreement with studies on Mg-based alloys and hydrogen storage

systems 110-112

that also observed adsorption of hydrides on the used substrate. In the course
of this chapter, the magnesium corrosion mechanisms are further investigated with respect
to the potential HER pathways, also taking into account the above-mentioned theories for

anomalous hydrogen evolution.

3.2 Hydrogen Evolution at the Magnesium Surface

Quantum mechanical methods have high potential for modeling parts of the Mg corrosion
process, as they provide insights into the underlying electrochemical mechanisms, particularly
addressing reaction kinetics as well as energy states and the electronic structure. Although
many aspects of the HER mechanism upon magnesium surfaces have been addressed before

in the literature, an explicit investigation of the charge transfer during hydrogen evolution

40



Chapter 3. A Deeper Look at the Magnesium-Water Interface

has not been conducted yet. Detailed studies on an atomistic level will facilitate to fully
unravel the reaction mechanisms accompanying Mg corrosion and may help to identify key
factors of anomalous hydrogen evolution. In the following, more information on the surface
model and the employed methods is given that form the basis of the subsequent calculations.
The calculated reaction kinetics are compared to experimental results to identify favorable

mechanisms.

1 3.2.1 Surface Model System

All results presented in this section were obtained from DFT calculations using the plane-wave
code Vienna Ab Initio Simulation Package (VASP) ' '3~!1¢ with the projector augmented-wave
method ''7-!18 (cf. Section 2.1). Since van der Waals (vdW) interactions are a key factor in

119 " the exchange-correlation functional optB88-vdW 27-120-124

hydrogen evolution reactions
was employed for all DFT computations. This functional accounts for dispersion interactions
in an approximate fashion by including a non-local correlation part in the exchange-correlation
energy and is expected to capture well the subtle energetic contributions of hydrogen bonded
systems in solid-liquid interfaces. ''%12>-126

All simulations were performed using a 6 x 6 X 1 gamma-centered grid of k-points. %’
The plane-wave expansion was limited by a cutoff energy of 520 eV. During the relaxation
process, the atom positions were allowed to adjust until the atomic forces were less than
5meV A~!. Subsequently, the structure was investigated statically to obtain more accurate
total energies via the tetrahedron method with Blochl corrections.'”® Convergence tests
and chosen parameters for the DFT calculations described in the following are presented in
Appendix A.1.

In order to find a good trade-off between simplicity and accuracy in the model building
process, profound knowledge of the magnesium-water interface is crucial. At room tempera-
ture and in the absence of water, Mg instantaneously forms a Mg oxide layer in an exothermic
reaction with air. In aqueous immersion, this MgO film is hydroxylated, thus forming
a predominant Mg(OH), (brucite) layer.’® Since both MgO and Mg(OH), are soluble in
water, acidic and neutral pH conditions tend to dissolve the passivating MgO/Mg(OH), film,
exposing the metal to the solution. Furthermore, deviations in the crystal structures between
the MgO/Mg(OH), film and the substrate may induce internal stresses leading to cracks
in the passivation layer. In addition to that, noble impurities enclosed in the Mg matrix
might not be covered by the MgO/Mg(OH), passivation film from the start, such that local
corrosion is readily triggered. Accordingly, the corrosion reactions, i.e., hydrogen evolution

and Mg dissolution, take place at the exposed magnesium surface, where the passivation
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Figure 3.3: Surface model for simulating hydrogen evolution upon Mg(0001). The exposed corroding
magnesium surface is represented by a 3 x 3 Mg(0001) slab consisting of five atomic layers. The two lowermost
layers are fixed, the remaining are allowed to relax. The solid-liquid interface is modeled by explicit water
molecules. A vacuum region of around 20 A above the water layer is added to avoid interaction between the
periodic images in z-direction.

layer is dissolved, damaged or non-existent.

The exposed magnesium surface was modeled using a Mg(0001) slab of five Mg layers
in a 3 x 3 supercell (cf. Section 2.2.1). Here, the Mg(0001) surface was considered as it is
energetically most favorable when compared to other magnesium surfaces. >’ Atoms in the
two lowermost layers were kept fixed in their bulk-like positions, whereas the remaining
layers were free to relax, thus being able to respond to occurring forces due to surface
effects or adsorption. Relaxations of the bulk resulted in lattice constants a = 3.19 A and
¢ =5.15 A, which are in good agreement with theoretical and experimental values stated
in the literature.**!97:130 The solid-liquid interface was modeled by adding (at least) one
bilayer of water consisting of six explicit water molecules (see Figure 3.3). A vacuum
region of around 20 A was added above the water bilayer to avoid interaction between the

periodic images. Additionally, a dipole correction 3!

was applied to compensate for the slab
asymmetry.

Several structural aspects have to be elucidated prior to developing a representative system
for the hydrogen evolution reactions during aqueous Mg corrosion. Firstly, water plays a major
role in the primary reaction mechanisms, i.e., water dissociation (Volmer pathway), hydrogen
evolution (via the Tafel or Heyrovsky pathway) and magnesium dissolution. The aqueous

environment can be modeled in different ways, including implicit solvent models '°® as well as

78,132,133’ ice-like

the addition of explicit water molecules’®. In accordance with the literature
hexagonal water bilayers were found to be the most stable configuration at the magnesium-
water interface in DFT calculations, for a surface saturated with H,O. Here, every second

water molecule binds with its oxygen molecule to the top site of the magnesium surface at a
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Figure 3.4: Adsorption energy per HoO molecule with respect to the amount of stacked water bilayers.
The ice-like hexagonal water bilayer structure at the solid—liquid interface is indicated by dashed lines. The
results indicate that a single water bilayer describes the adsorption energy sufficiently as additional bilayers
exhibit an insignificant impact on the calculated energies. Adapted from Figure 1 in [95].

distance of 2.16 A. The other water molecules may adopt two possible orientations, referred to
as H-down or H-up structures, with one hydrogen atom either pointing towards or away from
the surface, respectively. 132 With a calculated energy difference AEyp_gown = 0.05 €V, the
H-down configuration is energetically slightly more favorable for a single bilayer (consisting
of six explicit water molecules). For multiple water bilayers, the system relaxed to an
unstructured mixture of both configurations due to interlayer hydrogen bonds. Despite
a growing hydrogen bond network for additional water bilayers, which also influences
molecular orientations at the magnesium-water interface, the adsorption energies per H,O
molecule remain mostly constant (Eag m,0 = 0.60 = 0.01 eV) after full saturation of the
Mg(0001) surface (Figure 3.4). As shifts in the water structure can evoke dominating changes
in the energetic landscapes of the analyzed reaction pathways, the following calculations
include only a single bilayer to avoid such effects, assure comparability and focus the
reaction mechanism. However, DFT calculations and NEB simulations of the Volmer-Tafel
and Volmer-Heyrovsky pathways revealed that a varying number of water bilayers has an
influence on the energy of formation AEy as well as the reaction barriers (Table 3.2). Hence,
calculations for the entire HER cascade have also been conducted for three water bilayers to
confirm any observed trends. For models concerning the magnesium dissolution reaction
pathway, four bilayers were used to ensure sufficient amount of water for a full solvation shell

around the magnesium ion.

1 3.2.2 Charge Evolution Sampling

Identifying energy barriers in potential corrosion mechanisms increases the understanding of
reaction kinetics and enables finding more favorable reaction pathways for corrosion models.

Furthermore, electron transfers play a significant role and thus also contributes to the reaction
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Table 3.2: Reaction energies and barriers with respect to included water bilayers. Values are shown
for the Volmer, Tafel and Heyrovsky step in the hydrogen evolution process upon the Mg(0001) surface with
respect to the number of explicitly modeled water bilayers. For the in vacuo case, no energy barriers were
determined.

Volmer Tafel Heyrovsky
# Water bilayers 0 1 3 0 1 3 0 1 3
Reaction energy E; [-1.68 -1.45 -1.82]0.20 0.23 0.76|-1.36 -1.17 -1.05
Energy barrier E, | — 0.66 0.55| — 1.27 1.63] — 0.28 0.41

energetics, as can be seen in the contemplable reaction pathways in Mg corrosion, e.g.,
Equation (3.2) and (3.3). Coupling chain-of-states methods with charge analysis algorithms
allows to simulate the minimum energy pathways (MEPs) and associated charge transfers in
potential hydrogen evolution pathways as well as Mg dissolution reactions.

The CI-NEB method (cf. Section 2.2.3), in the following referred to as NEB, allows finding
saddle points and MEPs between known reactants and products. Interpolation between
the initial and final states of the expected reaction gives a number of intermediate images
along the reaction coordinate which are then being optimized by minimizing the acting
forces. Each image is relaxed to the lowest energy possible while keeping equal spacing to
adjacent images. Convergence of the band was assumed when the computed forces fell below
0.05eV A~!. Based on the complexity of the reaction path, also the chosen number of images
within the NEB method plays an important role. Too few images may miss local reaction
barriers whereas too many images will significantly increase the computational effort and can
slow down the convergence. In order to obtain detailed information on the charge transfer
within the HERs, here a rather high number of images was chosen to accurately illustrate the
relationship between the reaction energetics and the corresponding electronic state.

The Bader charge analysis '3+-!%8

allows dividing a molecule into non-overlapping atomic
domains with well-defined boundaries (Bader volumes) by analyzing the electronic charge
density. Henkelman et al. developed an efficient way to partition a charge density grid
derived from plane-wave DFT calculations into Bader volumes. '*” Their implementation
uses steepest ascent paths along the charge density gradient from grid point to grid point until
a charge density minimum is reached. The charges encased in the resulting Bader volumes
are a good approximation for the actual charge state of an atom.

As part of this thesis, the tool baderVis was developed. By combining the two
aforementioned methods, it is possible to simulate and visualize the charge evolution along a
reaction pathway, thus indicating potential relationships between occurring charge transfers

and reaction energetics (Figure 3.5). On the basis of a converged NEB calculation with a
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Figure 3.5: Charge evolution sampling with baderVis. For each image of a nudged elastic band (NEB)
calculation, the individual charges of the atoms are determined in a Bader charge analysis. The atomic coordi-
nates and charges of all images are then converted to PQR files, before they are finally processed using Open
Babel for visualization via VMD.
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number of images n, for each image a Bader charge analysis is performed. The output is
converted via the PQR file format to the mo12 file format using Open Babel '*°, combining
the atomic coordinates and obtained charges. For visualization with VMD '“?, the mo12 files
serve as input for a Tc1 script, which colors the visualized atoms according to their associated
atomic charge. Stringing all adapted NEB images together provides a comprehensible insight

into the charge evolution during the investigated reaction pathway.

1 3.2.3 Identifying Favorable Adsorption Sites

A prerequisite for modeling an electrochemical reaction using the NEB method are that
products and reactants are known and an intuition for the potential reaction pathway is given.
Hence, energetically favorable adsorption sites for the reactants during the HER have to be
identified. Although the adsorption energetics of the considered reactants (H,O, OH™ and

H™*) have already been investigated in detail '’

, the computations were replicated using the
optB88-vdW functional as the impact of dispersion effects was neglected in the study of
Williams et al. and other binding sites might become more favorable taking dispersion into
account. As magnesium has a hexagonal close-packed (hcp) crystal structure, four potential
adsorption sites have to be taken into account: the fop, bridge, hollow-fcc and hollow-hcp
position (Figure 3.6a). Accordingly, for each reactant, four different adsorption energies
were calculated according to Equation (2.25). The results are summarized in Table 3.3.

It is noteworthy that an energetically favorable adsorption of H,O is only given at top
positions, whereas OH and H only stably adsorbed at hollow-fcc and hollow-hcp positions,
respectively. As atomic relaxation of the reactants always ended up in either the top or hollow
position, no adsorption energies are given for the bridge configuration. Adsorption of OH and
H is energetically slightly more favorable at hollow-hcp and hollow-fcc positions, respectively.

Comparing results for the exchange-correlation functionals PBE and optB88-vdW shows
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Table 3.3: Adsorption energies of HO, OH and H at potential adsorption sites upon Mg(0001) with
respect to the employed exchange-correlation functional. Starred values are derived from computations
involving one water bilayer.

Functional | Adatom top hollow-fcc hollow-hcp
H;044 -0.42 eV — _
PBE OHyq — -5.32¢eV -5.35eV
Hag — -0.05eV -0.04 eV
H;O0y -0.50/-0.59* eV — —
optB88-vdW | OHyg — -5.50/-5.44* eV -5.53/-5.45% eV
Hag — -0.10/-0.15"eV -0.09/-0.12* eV

QO bridge
[ top

/\ hollow-fcc
Y hollow-hcp

Figure 3.6: Magnesium surface adsorption. (a) Potential adsorption sites upon the Mg(0001) surface. (b)
Water bilayer adsorption.

that the inclusion of dispersion effects can have a significant influence on the calculated
adsorption energy. For H,O, the calculated adsorption energy is 16% higher, for H even 50%
higher, when including dispersion effects. For OH, the change in adsorption energies of 3%
is negligibly small. It may me noted that favorable adsorption sites do not change when
including dispersion effects in the calculation.

When including explicit water molecules in the surface model (Figure 3.6b), the resulting
change in the electronic structure of the surface implies a general reduction of adsorption
energies for OH, and an increase for H,O and H. This energetic change has a direct impact
on the hydrogen evolution reaction energies. In Table 3.4, the reaction energies for the
Volmer and Tafel step are presented with respect to different adsorption site combinations
and the inclusion of explicit water molecules. The reaction energy of the Heyrovsky step is
not further considered in this context, since it merely depends on the adsorption site of the
hydrogen atom, which was already analyzed in Table 3.3. For both the Volmer and Tafel
step, the adsorption of OH and H after water dissociation is energetically most favorable at
hollow-hcp sites when including explicit water. As a reference, the Bader charges of the

adsorbed species is given in Figure B.1. It is noteworthy that adsorption at equal adsorption

46



Chapter 3. A Deeper Look at the Magnesium-Water Interface

Table 3.4: Hydrogen evolution reaction energies for different OH and H adsorption sites upon Mg(0001).
Results were obtained in vacuo and with respect to the inclusion of solvent (one water bilayer) in the simula-
tion.

‘Reaction fcc+fcc  fce+hep  hep+fce hep+hep

Vacuum H,O — OHg+H,q -1.67eV -1.60eV -1.49eV -1.68eV
H.q+H.q — H» 0.25eV  0.18eV 0.18eV 0.20eV

Water bilaver H,O — OHg+H,q —1.43eV —-1.22eV —1.40eV —1.45eV
Y Hpg+Hag — Ha 028eV  0.25eV  025eV  0.23eV

sites seems to be energetically more favorable (fcc+fcc and hep+hep). However, since only
configurations with minimal distance between the reactants (Tafel) and products (Volmer)
were considered, repulsion effects for fcc+hep or hep+fee can play a role due to the smaller

distance between these sites.

1 3.2.4 Minimum Energy Pathways

In the beginning of the hydrogen evolution process, water dissociates in the Volmer step
according to Equation (3.8), forming a hydroxide ion and a hydrogen atom which both
adsorb on the magnesium surface at hollow-hcp sites (Table 3.3). Starting with a partially
positive charge in the water molecule, the adsorption process leads to a polarity inversion
of the hydrogen atom resulting in a hydride (H™) on the surface. A water molecule in the
H-down configuration is considered to dissociate in the NEB simulation as it is expected to
preferentially take part in the reaction due to its small distance to the surface. In total, 24
intermediate images derived from a geometric interpolation between the assumed initial and
final states sample the reaction pathway. During the NEB run, this band of images is slowly
converged until it resembles the MEP, as illustrated in Figure 3.7.

At first, the downwards-pointing water molecule is distanced around 2.3 A from the surface
with an approximate bond angle of ¢y_o-pg = 103° (step a). The deviation from the reference
bond angle for ice I, (109.5°) 141 indicates interactions between the Mg(0001) surface and
hydrogen atoms within the adsorbed water bilayer. In contrast, the bond angle of adjacent
water molecules is around ¢y_o-g = 109.1°, which is in good agreement with the literature
value.

The interactions at the magnesium-water interface can also be observed in the electronic
structure, as vividly illustrated in Bader charge analyses for the intermediate images of the
NEB simulation (Figure 3.7, bottom). Water molecules bound to top sites act here as electron

acceptors, whereas those in H-down orientations act as electron donors.'*> This results
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Figure 3.7: Minimum energy path (MEP) of the Volmer reaction as derived from density functional the-
ory (DFT) calculations using the climbing image nudged elastic band (CI-NEB) method on Mg(0001).
(top) The NEB computation consists of 24 images; the MEP is presented by a force-based cubic spline. Char-
acteristic states are illustrated along with the energy barrier AE. defined by the transition state c. (bottom) Top
view of the images (a—f). Atoms are colored according to their respective Bader charge in elementary charges
e. Adapted from Figure 2 in [95].

in alternating negative and positive surface charges of the Mg(0001) surface, displayed as
blue and red spheres, respectively. The centers of the hexagonal rings forming the water
bilayer are only slightly negatively polarized. Discrete values of the charge evolution in the
Volmer (as well as Tafel and Heyrovsky) step are presented in Figures B.2 — B.4. Following
the MEP, the water molecule slightly rotates, positioning its downwards-pointing hydrogen
atom above a hollow-hcp site in preparation of the dissociation (step b). In the process,
the interaction between its oxygen atom and the magnesium surface significantly increases,
indicated by considerable charge fluctuations that are apparent in the surface Mg atom
as well as the water molecule in its vicinity. The point of dissociation (step ¢) defines
the energy barrier of the reaction with AE. = 0.66 eV, which agrees well with previously
published computational studies 108 " The water bond angle increases to ¢y_o-g = 110.9°
and electron densities from the surrounding Mg atoms shift to the adsorbing hydrogen atom,
giving it a partially negative charge of —0.56 e that quickly shifts to roughly —0.95 e after
completion of the water dissociation. This further increase in negative charge is caused by
the remaining hydroxide ion that binds to a top site, causing an additional charge transfer
from the interacting Mg surface atom to the adsorbed hydride in the process. As hydrogen
bonds form between the previously adsorbed hydroxide ion and adjacent water molecules, it

is integrated into the water bilayer and a local energy minimum in the reaction is reached at
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AE4 = —1.37eV (step d). After overcoming a local energy barrier with E. — Eq = 0.4 eV
(step e), the hydroxide ion adsorbs at a neighboring hollow-hcp site and the global energy
minimum AEy = —1.45eV of the Volmer step is attained (step f). The final charge of the
adsorbed hydride was determined as —0.96 e.

After the Volmer step the hydrogen evolution process can continue in two ways, either
following the Tafel or Heyrovsky pathway according to Equation (3.9) or Equation (3.10),
respectively. During the Tafel step, two adsorbed hydrogen atoms recombine which
subsequently causes gas evolution after desorption of the formed H;,. The adsorption of two
hydrogen atoms in neighboring fcc sites (fcc-fce configuration) yields almost isoenergetic
(AE,q = 0.05eV) adsorption energies compared to the hcp-hep configuration (see Table 3.4).
As the hydrogen atom in the Volmer step is preferentially adsorbed at hep sites, the hcp-hep
configuration is considered as the starting point for finding the MEP. However, as will be
later shown, the adsorbed H atoms reorganize into an hcp-fcc configuration before forming
molecular hydrogen, so the chosen starting point only plays a minor role. To put emphasis
on the determination of the energy barrier of the hydrogen recombination on the Mg(0001)
surface, influences of adsorbed hydroxide as well as the formerly reacted water molecule in
the Volmer step have been neglected for the NEB simulation of the Tafel reaction pathway.
An MEP including co-adsorbed hydroxide species and additional water bilayers is illustrated
in Figure 3.10.

The potential reaction pathway is again sampled using 24 intermediate images between
the initial and final states, whereas the latter is designated as released Hy bound to the water
bilayer. While the first 17 images illustrate the reaction pathway, subsequent images merely
show reorientations of the H, molecule and were consequently neglected in the presented
MEP (Figure 3.8).

Initially the two hydrogens are adsorbed at adjacent hollow-hcp sites, both exhibiting a
charge of —0.95 to —0.96 e (step a). Concomitantly, three out of five adjacent Mg atoms
located in the top layer are positively polarized. To initiate the Tafel reaction, one hydrogen
atom diffuses from its hollow-hcp site across a Mg-Mg bridging site to the hollow-fcc site
(AE. = 0.01eV) by overcoming a local energy barrier of AE, = 0.09¢eV. The distance
between the investigated hydrogen atoms is reduced from around 2.98 A to 2.36 A (step b
and ¢) by the diffusion process. Additionally, positive polarizations of adjacent Mg atoms are
shifted according to the diffusion path. The hydrogen atom at the hollow-hcp site is pushed
to the tetrahedral site, which results in an increase of its negative charge to —1.02 e due to
the Mg atom below.

Along the MEP, the atomic distance of the neighboring hydrides further decreases to

0.95 A at the bridging site between both atoms, causing a distinct rise in energy until the
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Figure 3.8: Minimum energy path (MEP) of the Tafel reaction as derived from density functional theory
(DFT) calculations using the climbing image nudged elastic band (CI-NEB) method on Mg(0001). (top)
The NEB computation consists of 24 images of which 16 are shown; the MEP is presented by a force-based
cubic spline. Characteristic states are illustrated along with the energy barrier AE4 defined by the transition
state d. (bottom) Top view of the images (a—f). Atoms are colored according to their respective Bader charge in
elementary charges e. Adapted from Figure 3 in [95].

reaction barrier AEg = 1.26 eV is reached (step d) and H; is formed. This is accompanied
by a simultaneous charge transfer between the dissociating hydrogen and the surface Mg
atoms. The computed energy barrier for the Tafel reaction is in good agreement with the
literature. '

As the Hy molecule diffuses to the water bilayer (step e and f), the energy of the MEP
decreases until a charge neutral H, molecule with a final atomic distance of 0.75 A is attained.
The final image of the MEP exhibits a relative energy of AE = 0.23 eV in comparison to the
starting point (step a). The negative charge density of the hydrogen atoms is transferred to
Mg surface atoms that act as binding sites of water molecules.

Characteristic of the Heyrovsky step is that a water molecule directly reacts with an
adsorbed hydrogen atom, according to Equation (3.10). Subsequently, H, is released and
the remaining hydroxide ion forms a bond with the Mg(0001) surface. Here, an adsorption
at a hollow-hcp site is energetically most favorable. The initially relaxed water bilayer is
considered as a starting point for finding the MEP of this reaction. Similar to the investigation
of the Tafel step, it is assumed that the hydride is adsorbed at a hollow-hcp site at the start
of the Heyrovsky reaction. Moreover, the corresponding hydroxide ion is neglected here to
put emphasis on the isolated reaction between H,O and H,g. A NEB simulation using 24

intermediate images results in the final MEP of the Heyrovsky reaction (Figure 3.9).
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Figure 3.9: Minimum energy path (MEP) of the Heyrovsky reaction as derived from density functional
theory (DFT) calculations using the climbing image nudged elastic band (CI-NEB) method on Mg(0001).
(top) The NEB computation consists of 24 images of which 16 are shown; the MEP is presented by a force-
based cubic spline. Characteristic states are illustrated along with the energy barrier AE, defined by the
transition state d. (bottom) Top view of the images (a—f). Atoms are colored according to their respective Bader
charge in elementary charges e. Adapted from Figure 3 in [95].

The initial distance between H,q and Hgown Of the reacting water molecule is comparably
low with roughly 1.6 A (step a). However, before the hydrogen atom dissociates, the water
molecule rotates, overcoming a small energy barrier of 0.08 eV. The reorientation results in a
stronger interaction with the Mg surface and subsequently in an energetically more favorable
restructuring of the water bilayer (step b). As the distance between H,q and Hgown further
decreases to 1.3 A, H,q migrates over a bridging site to a near top site (step ¢). The intensified
surface polarization facilitates the deprotonation of the water molecule and a proton transfer
occurs at an energy barrier of AE, = 0.28 eV. The considerably lower energy barrier for the
Heyrovsky step as compared to the Tafel step is a direct consequence of the observed atomic
charges. Naturally, recombination of two H™ species implies a large energy barrier due to
repulsive forces, whereas attractive forces between the adsorbed hydride and the partially
positive H atom of the water molecule entail a significantly smaller energy barrier. As a
consequence, applied anodic overpotentials promise to lower the energy barrier of the Tafel
step, thus increasing the associated HER rate. ’®

Subsequently, the images of the MEP distinctively decrease in energy to AEq = —1.07eV
under formation of Hy. Simultaneously, the hydroxide ion is incorporated in the hydrogen
bond network of the water bilayer (step d). In the last steps of the MEP, the hydroxide
ion adopts an energetically slightly more favorable adsorption geometry (AEf = —1.17 eV)
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through migration to a nearby hollow-hcp site (step e and f) by overcoming a small energy
barrier of E, — E4 = 0.27 eV.

1 3.2.5 Reaction Kinetics

All energy maxima of the MEP scans for the Volmer, Tafel, and Heyrovsky reactions
were confirmed as transition states by vibrational analyses, showing exactly one imaginary
frequency, respectively. The corresponding normal modes reflect the change in geometry
in going from reactants to products. Hence, the reaction rates k of the HER steps can
be determined by inserting the corresponding activation energies E, into the Arrhenius
equation, defined in Equation (2.33). In the case of the Volmer step, a temperature of
T = 300K, a calculated prefactor’! of v = 14.9 THz (with a reference value of 10.0 THz)**,

1

and the Boltzmann factor kg lead to a reaction rate k = 110s™". The exchange current

density io can be estimated”” by using the following relationship:
iv=keN /A, (3.12)

where A / N is the surface area per Mg atom. Using the experimental value iy ggr =
4-107% A cm2, Equation (2.33) and (3.12) can be employed for validation of the computed
energy barriers by calculating an estimated energy barrier E;‘(‘;‘t”‘.%"“ According to the

previously calculated energy barriers, E;** as well as the reaction kinetics for all reaction

steps were determined and summarized in Table 3.5.

Table 3.5: Activation energies E,.; and estimated activation energies E;‘;?X for the Volmer, Tafel, and

Heyrovsky step on the Mg(0001) surface. Values for E['2* are based on the experimental exchange current

density ig HER = 4 - 107% Acm™2, the calculated prefactor v and the reaction rate k. Adapted from Table 1 in
[95].

E,i/eV v/ITHz  k/s ! Emx/ev

act

Volmer 0.66 149 1.1-10? 0.90
Tafel 126 86.7 4.8-1078 0.94
Heyrovsky 0.28 0.9 1.4-107 0.82

e 1s to be understood as an upper limit for E,¢. In other

The estimated energy barrier E
words, a reaction step is unlikely to be (mainly) responsible for the considered iy, when its
calculated energy barrier lies above E2*. Since a clean Mg(0001) has been assumed in the
present model but in aqueous solution most of the Mg surface is covered with MgO and
Mg(OH), "°—thus providing fewer active surface sites directly associated with the HER—the

estimated barrier is likely to be smaller than anticipated due to a reduced number of reactive
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Figure 3.10: Energy barriers for the Volmer-Tafel and Volmer—Heyrovsky pathways. Results were de-
rived from a Mg—water interface model with three water bilayers adsorbed upon the clean Mg(0001) surface.
Adapted from Figure 4 in [95].

sites.”” In this respect, the obtained energy barrier for the Volmer reaction appears to match
best the estimated value derived from experiments (AE = EJ}* — E, = —0.24eV). The
energy barrier for the Tafel step is significantly larger than the upper limit £, (AE = 0.32¢eV)
and results in a relatively low reaction rate k in the order of 1078 s~!. For the Heyrovsky
step, the calculated energy barrier is significantly lower (AE = —0.54 eV), resulting in an
accordingly high reaction rate k in the order of 107 s~!. Based on these results, it becomes
evident that the Volmer step is the rate-limiting step for the HER at the Mg(0001) surface,
rather than the Tafel step as has been previously assumed.'’> In fact, the Tafel step only
plays a minor role at open circuit potential and does not contribute significantly to the
hydrogen evolution. > Adsorbed hydrogen due to the Volmer step would react in high rates
with interacting water molecules (Heyrovsky step) leading to hydrogen evolution, whereas
the contribution of recombining hydrogen atoms (Tafel step) is rather small.

After the isolated investigation of the dominant reaction mechanisms in the hydrogen
evolution process, further extensions to the model are supposed to quantify the impact of
the simplifications made beforehand. Hence, two additional explicit water bilayers as well
as intermediate reaction products (consisting of adsorbed hydroxide ions) are included in
order to obtain a comprehensive understanding of the energy barriers in the Volmer-Tafel
and Volmer-Heyrovsky pathways. The results are illustrated in Figure 3.10.

Although additional water bilayers as well as the inclusion of intermediate reaction products
have an impact on the occurring energy barriers, the outcome of the Volmer-Heyrovsky
pathway being the energetically most favorable reaction pathway for the HER on Mg remains
unaltered. While this confirms results by previous studies ***>’%7? the model applied here

provides valuable insights into the charge migration of the occurring reaction mechanisms.
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The shown results indicate how important a thorough investigation of the occurring charge
transfers during surface reaction is. The baderVis algorithm, developed as part of this thesis,
constitutes a valuable tool in these investigations to better understand potential reaction
barriers. For instance, the difference in energy barriers between the Tafel and Heyrovsky step
becomes only obvious when considering the associated charge transfers. By analyzing the
inherent transition states, further insights into the reaction kinetics are gained that allow for a
direct comparison to experimental results. In this way, theoretical results can be validated

and occurring reaction pathways identified.

3.3 Magnesium Dissolution

Analogously to the cathodic HER, the anodic reaction in aqueous Mg corrosion is defined by
magnesium dissolution as described in Equation (3.2). In that process, Mg dissociates from
the surface, undergoing oxidation to Mg?*. A study by Petty in 1954°° proposed Mg could
also be dissolved as monovalent Mg*, giving rise to a popular theory that hydrogen evolution
on dissolving Mg surfaces arises from a secondary reaction between Mg* and water, where
additional hydrogen gas is formed. Although there is no persuasive experimental evidence,
this theory is largely promoted in particular as an explanation for the increased hydrogen
evolution rates during anodic dissolution (anomalous hydrogen evolution). 7:86-8%:190 Agide

from other popular theories trying to explain this phenomenon /6:77-87.88

, recent experimental
findings suggest an enhanced catalytic activity of magnesium primarily associated with
regions dominated by the anodic dissolution reaction. *!43-14> These findings are supported
by a theoretical study, where hydrogen evolution rates increase with simultaneous dissolution
of Mg for increasing potentials.”” Taylor gives a possible explanation for this behavior by
suggesting that parts of the hydroxide (passivation) layers are removed anodically through
the dissolution of the Mg atom to which the hydroxide ion is adsorbed. In this way, more
clean surface area would be revealed, thus further promoting water dissociation and hydrogen
evolution. '4¢

Based on the reported experimental and theoretical findings, two potential reaction
pathways are revealed, where the dissolving magnesium ion is either exclusively assisted by
water or co-adsorbed hydroxide further facilitates the dissolution.”® Modeling co-adsorbed
hydroxide species for a dissolving Mg ion with the NEB method, however, turns out to be
more complicated, since the initial reaction pathway has to be sampled between all atomic
positions individually. In other words, for a Mg atom dissolving together with co-adsorbed
OH, the hydroxide ions in the final image could, e.g., correspond to the hydroxide ions in the

initial image. It can happen though that the atoms involved in the coordination of the Mg ion
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Figure 3.11: Characteristic steps in the reaction pathway of a dissolving magnesium ion. Only the first
solvation shell of the Mg ion is illustrated. Values for the relative energies AE and Bader charges ey are
depicted in the upper left corner of each image. The atoms are colored according to their respective Bader
charges. Adapted from Figure 5 in [95].

change due to proton jumping along the reaction path (Grotthuss mechanism).'*’ Due to
limitations of the underlying NEB model, the focus here shall lie on the computationally
simpler water-assisted reaction pathway.

A NEB calculation has been set up to gain a deeper understanding of the reaction kinetics
as well as the charge evolution of a single dissolving Mg ion. The computational model used
so far in this work has been further extended to include an additional Mg atom adsorbed upon
the Mg(0001) surface, thus representing a more realistic, rougher Mg surface. Additionally,
a total number of four water bilayers have been included to ensure sufficient water molecules
for full solvation of the dissolving Mg ion. The described extended model acts as initial state
of the NEB calculation. For the final state, the adsorbed Mg atom is moved away from the
surface into solution before it is relaxed, resulting in a solvation shell of six water molecules
in an octahedral arrangement, agreeing well with the literature.'*® The surface model is
illustrated in Figure B.7. As the water structure shifts during dissolution, the NEB path is
dominated by relatively large energy fluctuations, hampering its convergence. Hence, for a
higher resolution of the reaction pathway the number of intermediate images was further
increased to 48. In order to gain a deeper understanding of the dissolution pathway and
the involved charge evolution, the relaxed MEP and corresponding Bader charges of the
dissolving Mg ion are presented in Figure B.6. Characteristic images are visualized in
Figure 3.11 in more detail.

During dissolution, the Mg ion passes a number of favorable coordination states which
entail changes in the energetic state and electronic structure. While adsorbed upon the
Mg(0001) surface, the Mg atom is coordinated by three water molecules with a Bader charge
of 0.58 ¢ (step a). After overcoming an initial energy barrier of AE}, = 0.44 eV, the Mg
atom is ionized (step b). More water molecules are bound to the Mg ion, increasing its
coordination number to five, its Bader charge to 1.67 e, and its distance from the surface
by around 1.55 A to 3.99 A. During the remaining observed dissolution process (steps ¢-g),
the coordination number of the Mg ion varies between three and six water molecules. For a
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coordination with three water molecules (step ¢ and e), the Mg ion shows interaction with
the surface and actually exhibits a Bader charge of around 1 e indicating an existing Mg™*
species. However, investigating the MEP reveals that Mg-3H,O complexes can only be found
within high energy barriers (0.97 eV) and are thus highly unstable. Hence, they can not serve
as explanation for an anomalous hydrogen evolution mechanism that depends on a stable
monovalent Mg species. For higher coordination number (four to six water molecules) the
Bader charge of the Mg ion becomes stable at a value of around 1.7 ¢, confirming Mg”* as
the energetically most favorable charge state during Mg dissolution. After formation of the
Mg?*- 6H,0 complex, the relative energy reaches a minimum at AE = —1.44 eV.

Again, an estimate for the energy barrier of Mg dissolution can be derived from experimental
results according to Equation (2.33) and (3.12). Assuming a prefactor v = 1 - 10'* Hz and
an anodic exchange current density iovg = 1.6 - 1073 A cm™2, the reaction barrier can be
estimated to 0.85 eV.**!%? Comparison with the calculated value of 0.97 eV indicates that the
dissolution reaction is not solely water-assisted but rather facilitated by co-adsorbed species,
for instance hydroxide ions, as already proposed in the literature.’®7%!4¢ DFT calculations
for the solvated Mg?* ion and Mg(OH), molecule provide further evidence for this indication
(Figure B.5). The obtained results vividly illustrate the energy barriers and charge evolution
of a Mg ion undergoing dissolution and strongly contradict the claim of a energetically stable
Mg* species which promotes water reduction.

As the employed methods and model system naturally imply errors, studies employing
dynamic simulation methods are necessary to gain further insights. Although the combination
of the NEB method and Bader charge analysis results in a deep insight into the minimum
energy path of a dissolving Mg ion, the continuous movements and entropic effects in the
water structure require a high resolution of the reaction pathway, resulting in an immense
computational cost. Other methods, such as metadynamics-based ab initio molecular
dynamics simulations, are expected to be more appropriate for modeling aqueous Mg
corrosion and will be used below to address free energy barriers and transition dynamics
more comprehensively, as well as to adequately account for entropic effects of water at a
finite temperature.

In an attempt to more accurately describe the degrading Mg surface, the previous model
was adapted to include edge defects and iron impurities. The adapted model contained
six complete layers plus a seventh defective layer of Mg. A total of 220 water molecules
were included in the simulation of which 16 were assumed to be dissociated and adsorbed
upon the incomplete layer, corresponding to a surface coverage of § = 1/3.*> While the
resulting 16 hydroxide ions were adsorbed directly upon the surface, the remaining hydrogen

atoms were assumed to adsorb sub-surface. One Mg atom in the first layer of the exposed
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Figure 3.12: Collective variables for sampling Mg dissolution. The dissolution pathway of an edge-site Mg
atom is simulated using metadynamics. The collective variables (CVs) are defined as the surface distance and
the coordination number with the topmost complete substrate layer. For sake of clarity, the surface model is
illustrated without showing explicit water molecules (indicated as blue background).

surface was replaced by an Fe atom. Employing the PBE exchange—correlation functional

as implemented in the CP2K/Quickstep package '*"

, the system was first equilibrated for
1.4 ps using BOMD, then for 38 ps using second-generation CPMD. All related parameters
are presented in Appendix A.2. The equilibrated model mimics the degrading, hydroxylated
Mg surface where dissolved Mg atoms exposed unhydroxylated regions (Figure 3.12, right).

For sampling the Mg dissolution process, two collective variables (CVs) were defined
(Figure 3.12, left): the height of the dissolving Mg atom above (CV1) and its coordination
number (CN) with the Mg atoms within the topmost complete layer of the substrate (CV2).
Based on a study by Liu et al. !, this combination of CVs is expected to discriminate
between preferential dissolution of individual Mg atoms without making assumptions about
the reaction mechanism. Calculation of the CN is implemented in PLUMED as the number of

contacts between two groups of atoms, given as

> s (3.13)

i€eA jeB

where s;; is 1 if there is contact between atoms i and j, and zero otherwise. For practical
reasons, s; j is replaced by a switching function to ensure that the calculated CV has continuous
derivatives. The default switching function is given as
1= (rij/ro)®
Sij = T 12 (3.14)
1= (rij/ro)
where r is the interatomic distance between the ith and jth atoms. For the Mg-Mg bonds
between the dissolving Mg atom and the topmost surface layer, ro was taken as 3.4 A.
Starting from the equilibrated system, well-tempered metadynamics was performed biasing

the defined variables, thus aiming at determining the lowest free energy pathway for the
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Figure 3.13: Free energy surface and barrier for Mg dissolution. (left) The calculated minimum energy
pathway (MEP) is mapped onto the free energy surface, defined by both collective variables (CVs). (right)
Characteristic images of the MEP are illustrated. Only water molecules taking part in the solvation of the
departing Mg ion are shown. (a) Mg ion is part of edge site. (b) Surrounding water molecules lift the Mg ion
out of the Mg matrix. (c) Transition state; water molecules adsorb below the dissolving Mg ion. Co-adsorbed
hydroxide forms a bridge between surface and dissolving Mg. (d) Coordination number of the dissolving Mg ion
increases to five. (e) Completed dissolution of the Mg ion. Final coordination number of six.

dissolution of Mg. The initial Gaussian height was taken as 3.0 kJ/mol, along with a bias
factor of 10. The Gaussian widths were set to 0.05 nm and 0.1 for CV1 and CV2, respectively.
A Gaussian bias potential was deposited every 100 MD steps.

All Gaussian bias potentials deposited during the metadynamics simulation were summed
up, yielding the free energy surface with respect to the defined CVs (Figure 3.13a). Within
the free energy surface, the MEP for Mg dissolution can be obtained using the NEB method
as implemented in the metadynminer package'>>. The reaction barrier and pathway are
illustrated, along with characteristic configurations, in Figure 3.13. Similar to the previous
NEB approach, the MEP as derived from metadynamics shows that the dissolving Mg atom
passes multiple coordination states. Moreover, it becomes clear that co-adsorbed hydroxide
actively contributes to the dissolution mechanism. The calculated energy barrier for the
Mg dissolution process is 41.57 kJ/mol, which corresponds to around 0.43 €V, and is thus
considerably smaller than the reaction barrier as determined by the NEB method (0.97 eV),
and well below the estimated upper limit of 0.85 eV. However, the lower energy barrier can
also be attributed, at least in part, to the inclusion of an Fe impurity in the metadynamics
simulation, which has not been included in the NEB calculations. For future work, the
influence of noble impurities should be further investigated, with respect to different types,
amounts and locations.

Successful Mg corrosion engineering should aim at controlling the parameters responsible
for the reaction rates of the anodic and cathodic processes, i.e., Mg dissolution and hydrogen

evolution. For example, by decreasing the active sites at the exposed surface, the exchange
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current density can be decreased. When aiming at accelerating the corrosion, introducing
catalysts for the rate-limiting Volmer step can be effective. However, applied potential can
have a significant impact on the observed reaction kinetics. Particularity anomalous hydrogen
evolution, as observed for Mg, is still not fully understood and aggravates corrosion protection
and control. Although parts of this thesis dealt with the hypothesis of a monovalent Mg
species, deeper insights into this phenomenon would require applied constant potentials to
be explicitly included in the computational models. Fortunately, an increasing number of
approaches allow to do so with decreasing complexity and computational effort, *375-%1
General means of corrosion protection/control can also be realized by, e.g., stabilizing
the passive hydroxide layer in aqueous environments. Additionally, alloying, doping or
co-adsorption with other atomic or molecular species can have a significant impact on
the corrosion reaction barriers. A comprehensive overview of Mg corrosion control and

inhibition strategies is given in the following chapter.
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Chapter 4

GAINING CONTROL OVER MAGNESIUM DEGRADATION

THERE IS NOTHING THAT LIVING THINGS DO THAT
CANNOT BE UNDERSTOOD FROM THE POINT OF VIEW THAT
THEY ARE MADE OF ATOMS ACTING ACCORDING TO THE

LAWS OF PHYSICS.
— Richard P. Feynman

Although the efficacy of a corrosion control strategy can be assessed in experiments,
the exact underlying corrosion control mechanisms remain often unknown. Atomistic
simulations, such as density functional theory calculations or molecular dynamics, can be
valuable tools to obtain a more detailed understanding of these mechanisms, thus revealing
potential aspects that need to be addressed in corrosion protection schemes. However, as
corrosion control and degradation mechanisms can be exceedingly complicated, finding a
good trade-off between model complexity and accuracy is not trivial.

For an effective magnesium corrosion engineering, gaining deeper insights into the
governing corrosion mechanisms is one side of the medal. The other one is constituting
potent strategies to inhibit or control the surface reactivity characteristics of the material,
which is key to unlocking the full potential of Mg. Different fields of application may
require specific corrosion modulation strategies, depending on the target implementation
and the given service environment. For example, surface coatings that attempt to fully
inhibit magnesium degradation are unsuitable for Mg-air battery implementations, where
the controlled dissolution of Mg is a key performance factor. Clearly, compatible corrosion
modulating strategies are needed for these applications. Fortunately, there are numerous
concepts to control or prevent the degradation, which shall be addressed in the following
section.

During this chapter, approaches to model corrosion inhibition using atomistic simulations

are further discussed. After a brief overview of corrosion control strategies for Mg and
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Figure 4.1: Strategies for corrosion control and prevention. > Depending on the target application, vari-
ous effective approaches exist within the shown categories to control the surface activity of magnesium-based
materials.

Mg-based materials, two modeling approaches are further elaborated. Parts of the work and

figures presented hereafter have already been published in

[153] L. Fockaert, T. Wiirger, R. Unbehau, B. Boelen, R. H. Meifiner, S. V. Lamaka,
M. L. Zheludkevich, H. Terryn, & J. Mol. ATR-FTIR in Kretschmann
configuration integrated with electrochemical cell as in situ interfacial sensitive
tool to study corrosion inhibitors for magnesium substrates. Electrochimica
Acta, 345, 136166 (2020).

[154] X. Li, T. Wiirger, C. Feiler, R. H. MeiBner, M. Serdechnova, C. Blawert, &
M. L. Zheludkevich. Atomistic Insight into the Hydration States of Layered
Double Hydroxides. ACS Omega, accepted (2022).

4.1 Strategies for Corrosion Control: An Overview

A comprehensive understanding of the fundamental Mg degradation mechanisms (cf. Chap-
ter 3) is a key aspect in the development of effective corrosion protection and control
strategies. Corrosion engineering concepts would need to address the unstable passivation
layer and high surface reactivity of Mg that lead to increased hydrogen evolution and Mg
dissolution in aqueous environments. Several general approaches exist to mitigate corrosion
of magnesium-based materials, not fundamentally differing from protections schemes for
other conventional metals.'>> However, due to the unique corrosion properties of Mg,
successful implementation requires careful design tailored to the application at hand. Song
listed and described seven typical approaches (Figure 4.1) that shall be further discussed in
the following. '3

First of all, choosing a reasonable design can help to prevent Mg corrosion in the first
place. Geometric changes to a Mg component, for example, can reduce the occurrence of

moisture accumulations, and thus associated corrosion damage. The implementation of
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magnesium-based components should be as simple, cost-efficient and effective as possible
and should always consider the corrosion-related characteristics of the service environment.

By applying a cathodic protection potential that is more negative than the equilibrium
potential of the Mg component, the corrosion rate can be drastically reduced. However, the
highly negative electrode potential of Mg (-2.37 V vs. normal hydrogen electrode) complicates
finding an engineering material with a more negative potential, which can act as sacrificial
anode. Imposing cathodic currents could theoretically circumvent this issue, although high
cathodic current densities would be required, which would then lead to intensive hydrogen
evolution and low current efficiency. Still, between corrosion and equilibrium potential the
hydrogen evolution rate reaches a minimum and Mg dissolution may nearly vanish, such that
limited cathodic protection is practically possible.

The arguably most famous and reliable approach to corrosion mitigation is the development
of corrosion resistant alloys. As the part of a Mg alloy preferentially suffering to corrosion
is its matrix!, a key approach is to make the matrix phase passive or inert. Alloying with inert
elements theoretically reduces oxidation and dissolution, however, due to the high chemical
activity of Mg, high amounts of alloying elements are required that can significantly influence
the mechanical properties of the alloy. Hence, increasing the passivity of the Mg alloy might
be a more practical approach. As all known highly passive elements (e.g., Ti, Al, Cr and Ni)
have confined solid solubility in the Mg matrix phase, none of them can effectively passivate
Mg in a corrosive environment. Nevertheless, creating passive alloys is generally possible
using highly passive alloying elements that form super-saturated solid solutions with Mg.

Alloy modification allows to further adapt the corrosion resistance of an existing Mg
alloy. Carefully designed heat-treatments, for example, were shown to influence the corrosion
resistance by affecting the grain boundaries, without significantly changing the composition
and phase constituent.'>%!57 A negative side effect of this approach, however, can be
impairment of the mechanical properties.

Surface modification and treatment is a favorable alternative, when increasing the
corrosion resistance of a Mg component goes at the expense of (potentially vital) mechanical
performance. By modifying the surface layer of a Mg alloy but leaving the bulk alloy
unchanged, anodic and/or cathodic polarization resistance can be enhanced, anodic and
cathodic phases can be isolated and electrochemical differences between them can be reduced
or eliminated. Popular techniques for surface treatment are, e.g., surface machining and

cleaning, laser treatment, hot diffusion, surface conversion and anodizing. '

iCorrosionpedia: Matrix Phase. “The matrix phase refers to a continuous phase in which a composite or
two-phase alloy is formed in a microstructure of metals and completely surrounds the other (or dispersed) phase
so as to ensure the stability of the dispersion phase.”
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In contrast to modifying or treating the Mg alloy surface, a protective coating can be
applied as independent layer. '°%!5° On the one hand, a coating separates the Mg alloy
surface from the corrosive environment, thus preventing the surface to take part in corrosive
reactions. On the other hand, the polarization resistance of the alloy substrate is considerably
increased, dramatically deferring its degradation. Several methods exist to apply coatings
to Mg alloys, including plating techniques, plasma electrolytic oxidation (PEO), chemical
and physical vapor deposition (C/PVD), hot and cold spray as well as magnetic sputtering.
Coatings can be additionally loaded with corrosion inhibitors that actively protect the surface
from degradation. '>°~'°! This can be realized using, for example, layered double hydroxides
(LDHs) with intercalated compounds that yield a corrosion inhibiting effect.'®” Through an
anion exchange between Cl™ and the intercalated corrosion inhibitor, the corrosive chloride
ion is bound in the intergallery of the LDH system and the corrosion mitigating compound is
released. Li et al. conducted DFT calculations and MD simulations to investigate the anion-
exchange capacity of four LDH systems with respect to the intercalated water content. '>*
The simulations suggest that a high self-diffusion coefficient, which is linked to the mobility
of the intercalated anions, is vital for their release via the anion-exchange mechanism and
thus for successful corrosion protection.

Depending on the target application, corrosion inhibitors can also be directly introduced
into the service environment to alter the corrosion rate of a Mg alloy. Environmental
modification by introducing such magnesium dissolution modulators is an effective approach
to adapt the corrosion rate with respect to a given target application. Atomistic modeling
of the associated corrosion inhibition or acceleration mechanisms enables calculation of
properties that may show a connection to the corrosion inhibition efficiency (cf. Section 4.2).
For immersion, other strategies to control Mg degradation are increasing the pH value to
stabilize the natural passivation layer or reducing the concentration of aggressive species, such
as chloride. Under atmospheric conditions, also more obvious changes to the environment
such as sustaining dry air can have an alleviating effect on corrosion. '°* However, modifying
an open environment may not always be achievable and environmental impact as well as
health hazards are major concerns. Due to their flexibility with respect to the employment in
numerous applications, magnesium dissolution modulators shall be further discussed in the

following.

4.2 Modeling Magnesium Dissolution Modulators

Depending on the application, environmental and health aspects may also play a large role in

closed environments. Naturally, corrosion inhibitors used in active coatings for magnesium-
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Figure 4.2: Magnesium dissolution modulator mechanisms to prevent iron redeposition. On the left
side, the sphere of action of the respective mechanism is illustrated. (a) Surface stabilization and passivation.
(b) Entrapment of noble impurities after release from the bulk material.

based medical implants are required to be non-toxic and biocompatible. Furthermore, due to
the imminent ban of highly effective but toxic chromates as part of the REACH regulation '%*,
there is a particularly strong demand for green corrosion inhibitors in industry, '%!163-166
The search for green and cost-efficient corrosion inhibitors, however, is intricate and a new
universal corrosion inhibitor matching the performance of chromate will most likely not be
found. Computational approaches that facilitate this search are further discussed in Chapter 5.

In a comprehensive screening of Mg corrosion inhibitors, Lamaka et al. determined
the corrosion inhibition efficiencies of over 150 iron complexing agents.'* As described
in Section 3.1, noble impurities (such as Fe) are released during Mg dissolution and can
redeposit upon the alloy surface, thus enlarging the cathodic area and increasing the corrosion
rate. Molecules that form stable complexes with these corrosive species or block them from
redepositing upon the Mg alloy surface are a successful approach to mitigate corrosion. '>!48
Both mechanisms are illustrated in Figure 4.2. It is noteworthy that molecules building stable
complexes with Mg?* ions can also break the protective Mg(OH), layer, increasing the Mg
dissolution rate and thus accelerating the corrosion.

When using atomistic modeling techniques to investigate the above-mentioned inhibition
mechanisms, there are two major quantities of interest, which shall be considered in this
section. With respect to the complexation mechanism, i.e., the entrapment of Mg?* ions or
corrosive species such as iron particles, the complex formation energy of the employed Mg
dissolution modulator can be a measure for the stability of the formed complex. For Mg
dissolution modulators that inhibit or accelerate corrosion by interacting with the degrading
surface, calculating the adsorption energy can give further insights. In the following,
computational approaches based on DFT to determine these quantities are further discussed.

Furthermore, potential correlations with the corrosion inhibition efficiency are investigated.
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Figure 4.3: Complexation of metal ions. For salicylic acid and Fe¥* 15 potential configurations have to be
considered to find the most favorable complex formation energy. On the one hand, five different conformers/i-
somers of the complex exist, on the other hand, there are three different spin states for Fe3* (LS: low spin; IS:
intermediate spin; HS: high spin).

1 4.2.1 Complexation of Metal Ions

As the complex formation energy of a dissolution modulator complex with respect to a bound
metal ion can be simply understood as a binding energy, the calculation of such energy can
be performed according to Equation (2.25). For instance, considering the complexation of a

solute Fe** ion by salicylic acid, the complex formation process can be described via
FC3+ +3 C7H503_ S FC(C7H503)3. (4.1)

Calculating the total energies of the three separate systems—iron(III), salicylic acid and the
coordination complex—using DFT, the energy released through complex formation can be
obtained. However, as chemical compounds may have more than one active site, the exact
coordination complex is not always obvious. Figure 4.3 (left) illustrates two of five potential
complexes between salicylic acid and iron(III).

Apart from identifying all possible geometrical configurations of the coordination complex,
the spin states of the central ion’s d electrons further complicate matters. When dealing with
iron(III), these spin states vary between high-, low- and intermediate spin configurations
(Figure 4.3, right). In the case of Fe3*, which has five d electrons, thus three calculations
per conformer have to be performed to find the correct ground state energy. Particularly
for a larger number of compounds with varying numbers of functional groups, automating
this process becomes exceedingly difficult and computationally expensive. Furthermore,
solvation and temperature effects might have a significant impact on the complex formation
energetics. Molecular dynamics simulations and enhanced sampling methods, such as

metadynamics, constitute potential solutions to this challenge.
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1 4.2.2 Surface Adsorption

Apart from protecting the surface from redepositing noble impurities, corrosion inhibitors
can also stabilize the natural passivation layer of Mg, thus mitigating degradation. Fockaert
et al. investigated chemisorption mechanisms of organic inhibitors as well as their corrosion
inhibition efficiency towards magnesium-based substrates.'>* Four carboxylic compounds,
namely 2,5-pyridinedicarboxylic acid (PDC), 3-methylsalicylic acid (MSA), sodium salicylate
(SS) and fumaric acid (FA), were selected based on their promising corrosion inhibiting
capabilities. All compounds were shown to chemisorb at the MgO/Mg(OH), surface by
bond formation between the substrate and carboxylate moieties. Orientation analysis using
polarized infrared light revealed that aliphatic carboxylate compounds bond perpendicularly
to the magnesium surface, whereas carboxylate bonds of aromatic compounds were oriented
in plane with the magnesium surface. The orientation difference can be associated with the
involvement of 7 bonds in the adsorption of aromatic carboxylates upon the MgO/Mg(OH)»
interface.

To obtain a more comprehensive understanding of the adsorption behavior of the in-
vestigated inhibitor molecules at the MgO/Mg(OH), interface, DFT calculations were
performed using VASP ''3-!16 with the projector augmented wave method ''”-!'®, using the
exchange-correlation functional optB88-vdW 27-120-124 (¢f, Section 2.1). All computations
were performed using a 4 x 4 x 1 I'-centered grid of k-points. >’ The plane-wave expansion
was limited by a cutoff energy of 520 eV. During the relaxation process, the atomic positions
were allowed to relax until the Hellmann-Feynman forces were less than 5 meV/A. For the
relaxation process, the systems were pre-converged using the conjugate gradient algorithm;
subsequently a quasi-Newton algorithm was employed, which is efficient for atomic coor-
dinates close to the minimum. In a third computation step, the structure was investigated
statically to obtain more accurate total energies via the tetrahedron method with Blochl
corrections. 1?8

The MgO/Mg(OH); interface was modeled using a slab of five MgO(100) layers in a
2 x 2 surface cell. With respect to the number of carboxyl groups within the adsorbed
inhibitor molecules, hydrogen atoms were co-adsorbed accordingly on the oxygen sites of the
MgO(100) surface, resulting in a partially hydroxylated surface that represents the beginning
of the passivation layer formation and leaving the deprotonated inhibitor molecule to adsorb.
Atoms in the two bottom layers were kept fixed in their bulk-like positions, whereas the
remaining layers were free to relax, thus being able to respond to occurring forces due to
surface interactions. A vacuum region of around 20 A was added above the surface slab

in order to avoid interaction between periodic images. A dipole correction was applied
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2,5-pyridinedicarboxylate 3-methylsalicylate Salicylate Fumarate
Enq=-2.92eV E,y=-2.73 eV E,g=-2.36 eV E,g=-2.26 eV

Figure 4.4: Surface adsorption behavior of four small organic molecules. The DFT-calculated adsorption
energies of the investigated inhibitor molecules upon the partially hydroxylated MgO(100) surface are given for
a coverage 6 = 0.25 ML. Adapted from Figure 15 in [153].

to compensate for slab asymmetry. ! The adsorption energies of the adsorbed inhibitor
molecules on the partially hydroxylated MgO(100) surface were determined according to
Equation (2.25).

Figure 4.4 shows the preferential adsorption geometries of the compounds upon the
partially hydroxylated MgO(100) surface for a surface coverage of 6 = 0.25 monolayers. !
The DFT calculations confirm the in-plane orientation of aromatic compounds, allowing
for m-bonds between the aromatic ring and MgO/Mg(OH),. The highest adsorption energy
was obtained for PDC. However, it is noteworthy that inhibitors containing higher numbers
of carboxylate groups tend to yield higher adsorption energies due to a higher number
of surface bonds and co-adsorbed hydrogen atoms. Comparing the dicarboxylic acids
PDC (E,q = —2.92¢eV) and FA (Eyg = —2.26¢eV) and the monocarboxylic acids MSA
(Eaq = —2.73€eV) and SS (E,q = —2.36 eV) reveals that molecular structures with additional
hetero-atoms (nitrogen or hydroxyl groups, respectively) increase the adsorption energy.
As a consequence, it is expected that also hetero-atoms are involved in the interaction
with magnesium (hydr)oxide. Based on the energetically favorable in-plane orientation,
it is inferred that both carboxylic acid groups of the dicarboxylic acids, PDC and FA, are
involved in the adsorption, implying a bridging mechanism. The inhibition performance
was determined by Fockaert et al. via electrochemical impedance spectroscopy (EIS) and
potentiodynamic polarization (PDP) measurements. '>* Inhibition performance increases in
the order FA < PDC < MSA and was mainly associated to the formation of a MgO/Mg(OH),

iiThe surface coverage 6 is here defined as the number of adsorbed molecules on a surface divided by the
number of molecules in a filled monolayer on that surface. '’
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layer. In contrast to results for commercial purity Mg by Lamaka et al. '4, SS was shown
to act as a corrosion accelerator rather than a corrosion inhibitor for high purity Mg. A
possible explanation for this observation is the significantly lower iron content of high purity
Mg. Hence, instead of capturing released iron particles, SS would preferentially form stable
complexes with Mg?* ions, thus increasing surface dissolution. Considering the dicarboxylic
and monocarboxylic acids separately, a relationship between corrosion inhibition efficiency
and adsorption energy is indicated, where lower adsorption energies are correlated with
lower inhibition efficiency and vice versa. However, more calculations would be necessary
to make a statistically significant statement about the connection between adsorption energy

and inhibition efficiency.

1 4.2.3 Estimating the Inhibition Efficiency

The corrosion inhibition efficiency (IE) is a popular metric to assess the efficacy of a selected
corrosion control strategy. In an attempt to find a connection between the adsorption energy
of a Mg dissolution modulator and its IE, a large number of DFT calculations have been
performed. In comparison to the previous partially hydroxylated MgO(100) slab with five
layers, the substrate system was changed to a fully hydroxylated MgO(111) slab with six
layers using a 4 X 2 super cell and a 6 X 6 X 1 I'-centered grid of k-points. Moreover, the
computationally cheaper exchange-correlation functional PBE?’ was employed to save time
and resources in the high-throughput approach. Here, it should be emphasized that the
obtained results have been calculated without including corrections for dispersion effects.
Apart from that, all settings for the DFT calculations remained the same as for the previous
model system.

For reference purposes, all investigated compounds are based on the corrosion inhibitor
database generated by Lamaka et al..'* Only compounds with an inhibitor concentration of
0.05 m in the experiment were considered in order to preclude concentration-induced effects.
A list of all selected compounds is given in Table B.1. Figure 4.5 shows a correlation plot
between adsorption energies and corresponding inhibition efficiencies of 45 compounds.
Despite a relatively low coefficient of determination (R? = 0.3) and comparably high root
mean square error (RMSE = 42%), a connection between E,q and IE is visible with some
statistical significance. Lower adsorption energies appear to correlate with lower IEs and
vice versa. A Pearson test results in a correlation coefficient r = —0.54 and a p-value
< 0.001, indicating a moderate negative relationship, which supports this claim. However,
large deviations from this apparent trend are striking and seem to be connected to the

bond type (physisorption or chemisorption) and contained species, such as nitrogen, of the
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Figure 4.5: Correlation between surface adsorption energy and corrosion inhibition efficiency. The
blue line depicts a linear regression fit. The structures corresponding to the highest and lowest calculated
adsorption energies are illustrated, respectively. (left) Diglycolic acid. (right) Piperazine.
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investigated compounds. Bidentate carboxylate binding can be generally associated with
higher adsorption energies than monodentate binding, however, not all compounds containing
two carboxylic groups also yield high IEs.

Although the adsorption energy on its own does not allow quantitatively accurate estimates
of the inhibition efficiency, its apparent correlation renders it an attractive input parameter for
data-driven models. The model accuracy could be further improved with a simulation setup
closer to the mode of action of the compounds, albeit at higher computational cost. In this
regard, introducing explicit water and simulating the system at realistic temperatures using
MD is expected to have a significant impact on the simulation quality. Moreover, employing
enhanced sampling techniques like metadynamics would allow to sample the configuration
space of the adsorbing compounds, leading to more accurate adsorption energies including
entropic effects (free energy of adsorption). The observed trend, however, would not differ
necessarily.

Despite ongoing discussions of linking DFT-derived quantities to the corrosion inhibition
efficiency ', Feiler et al. found a relationship between the HOMO-LUMO gap and the IE
of molecular compounds for commercial purity magnesium. '® Using the HOMO-LUMO
gap as input parameter for training an artificial neural network (ANN) thereby yielded
accurate prediction of the IE, slightly above the experimental error. Hence, developing
workflows to calculate quantities such as the free energy of adsorption or complex formation
in a high-throughput manner is highly attractive for building predictive ML models. More
information on predicting the dissolution modulating performance of molecular structures is
given in Chapter 5. Two of the major challenges in pursuing a high-throughput approach
using metadynamics are the required computational resources and the collective variables

(CVs). The complex nature of metadynamics simulation requires a careful choice of the
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CVs, particularly for ab initio MD.
Magnesium dissolution modulators play in important role in modern Mg corrosion
engineering with respect to various applications. Although comprehensive corrosion

inhibitor databases exist'*

, generation of such is resource- and time-consuming. Moreover,
identifying chemical compounds with desired properties in the vast chemical space can
be compared to finding the needle in the haystack. The presented results in this chapter
indicate the high potential of DFT to better understand corrosion inhibition mechanisms
and to generate parameters in silico that relate to the corrosion inhibition efficiency. Such
parameters can be used to build predictive models, helping in the search for new Mg
dissolution modulators. But how exactly can computational methods be used to slowly

conquer the chemical space?
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Chapter 5

CHEMICAL SPACE: THE FINAL FRONTIER

MACHINES TAKE ME BY SURPRISE WITH GREAT
FREQUENCY.
— Alan Turing

Small organic molecules that modulate the degradation behavior of Mg constitute benign
and useful compounds to modify the service environment of light metal materials for specific
applications. The properties of these modulators of magnesium dissolution can be tailored to
specific target applications, e.g., as component of an active protective coating or as a part
of the electrolyte of a Mg-air battery. '°°~!7> The massive advantage of organic dissolution
modulators is their basically unlimited chemical space, providing countless potential solutions
for various applications. The number of available organic compounds is increasing swiftly,
with roughly 120 million organic compounds being reported over the last decade alone. '’
Estimates of the number of organic compounds with potentially useful properties are even in
the range of 10%® and are thus essentially infinite.!’* Automation and robotics technologies
are also expanding rapidly and enable modern combinatorial chemistry techniques that can
synthesize larger and more diverse chemical libraries. Undoubtedly, combinations with
computer-assisted synthesis strategies will further extend this exponential rise in available
organic compounds. '’

As a consequence, the most challenging task is to select compounds with beneficial
properties for certain applications from this effectively infinite chemical space of small
organic molecules. Experimental approaches alone cannot possibly explore more than a
tiny fragment of the vast space of compounds with potentially useful dissolution modulating
properties, despite impressive developments in high throughput techniques.'’®'7° The
immense size of the chemical space is illustrated by a thought experiment in Figure 5.1. The
observable universe contains approximately 1.0 - 10%! stars. A significantly smaller—but still

unimaginably large—number of 1.5 - 10® organic chemicals is listed in the Chemical Abstract
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Approximately 1.0 x 107" stars Thought experiment: "Just a matter of time
in the observable universe o

o

Chemical Abstract Service database lists
around 1.5 x 10® organic chemicals

L» ~41000 years

Estimated number of synthezisable
compounds amounts to 1.0 x 10%3

L ~3.0x 10% years

Figure 5.1: Exploring the chemical space. Similar to our universe comprising billions of stars, the vast
space of chemical structures contains an immense number of different compounds. Testing all of these in
experiments would require an incomprehensible amount of time, thus rendering strategies for faster screening
of the chemical space to identify potentially useful structures inevitable.

Service (CAS) database. Assuming an experimental setup, which allows to determine a
compound’s influence on the corrosion rate in 24 h and to run ten experiments in parallel, it
would take around 41000 years to test the entire CAS database. Considering the estimated
number of 1.0 - 10%% synthesizable compounds, the required time would even amount to
approximately 3.0 - 10°° years, exceeding the age of our universe by far. Therefore, there is a
great demand for new techniques that facilitate an efficient screening of the chemical space
for chemical compounds of interest.

This chapter addresses the potential of machine learning techniques in the search for
potent compounds that can contribute to a more effective magnesium corrosion engineering.
Training data-driven prediction models on experimental databases allows to estimate different
target properties, characteristic to the application at hand. In combination with molecular
similarities, these models allow for an enhanced screening of the chemical space and enable
a more efficient design of experiments. Parts of the work and figures presented hereafter

have been published in
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5.1 Data-Driven Prediction Models

Data-driven computational methods '>-16:163.183-187

can efficiently explore larger areas of
chemical space with orders of magnitude less time and effort than experimental approaches.
Hence, they offer a very efficient way to preselect a short list of promising candidates prior
to experimental investigation. Additionally, computational techniques can provide deeper
insight into the underlying chemical mechanisms and most important chemical functional moi-

79,93,153,188-190° A combination of experimental and computational methods constitutes

eties.
a sound foundation for a data-driven discovery of modulators. Machine learning techniques
that model complex quantitative structure-activity or structure-property relationships can

predict target properties of hitherto unsynthesized or untested compounds. '>16:166,183,191

1 5.1.1 Database of Magnesium Dissolution Modulators

Such machine learning methods, however, require large, reliable, chemically diverse and
balanced training data sets to make accurate predictions that can be generalizable to a
broad range of materials. As data-driven models are not capable of reliably predicting the
performance of molecules with poorly represented features (e.g., functional groups, elemental

species) in the training data, the underlying training set has to reflect the complexity of the
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relevant chemical environment. Predictions made by these models are most accurate for
compounds that are within the domain of applicability of the model, i.e., the span of values
over which each molecular feature in the training set varies.

In an extensive experimental study employing hydrogen evolution experiments, Lamaka
et al. measured the corrosion inhibition performance of over 150 organic compounds for nine
distinct Mg-based materials. ' Commercial magnesium processing includes several steps ',
thus preventing the inclusion of metallic impurities, such as iron, is nearly impossible.
These impurities induce local galvanic cells into the material that accelerate corrosion and
increase hydrogen evolution and Mg dissolution. As Mg dissolution predominantly occurs in
intermetallic contact areas, the process releases impurities that re-deposit on the surface, thus
increasing the cathodic area and the corrosion rate.® Molecules that form stable complexes
with the impurities (e.g., Fe**/3*) constitute a promising strategy to modulate the degradation
properties of Mg. They also provide the starting point for building an extensive database of

magnesium dissolution modulators. '*'4

1 5.1.2 Predicting the Corrosion Inhibition Efficiency

Training QSAR models on this database allows to exploit structural features of known
compounds to predict the inhibition efficiency of yet untested chemicals with respect to the
magnesium-based materials investigated by Lamaka et al.. Depending on which approach is
chosen to encode the molecular structures in the database, a number of ML techniques can
be used as basis for such models (cf. Section 2.3). Artificial neural networks (ANNSs), for
example, are valuable tools in the prediction of the corrosion inhibition efficiency (IE), when
trained on suitable input parameters. Such parameters could include for instance molecular
descriptors representing structural features, such as the number of certain functional groups
or atomic species. Moreover, adding DFT-calculated parameters as input can further increase
the predictive power of the model.

However, the correlation between the corrosion inhibition efficiency of small organic
molecules and DFT-calculated parameters is a controversial topic in the literature. While
some researchers claim that there is a clear connection '**~'%%, e.g., for the HOMO-LUMO gap
AEy;, which is defined as the difference between the highest occupied (Egomo) and lowest
unoccupied molecular orbital energy (ELymo), others could not identify any relationship

163,196-198 Bor aluminum alloys, the DFT-derived quantities

between experiment and theory.
show almost zero correlation with the IE. In contrast, the HOMO-LUMO gap appears to
play a large role for magnesium-based materials, since AEyy, indicates the affinity of the

corrosion modulators for transition metal ions (cf. Section 4.2). As the kinetic stability of an
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organic molecule %1%

increases with increasing AEy;, and thus its reactivity decreases, the
HOMO-LUMO gap is a reliable indicator of the propensity of organic compounds to form
complexes with metallic impurities in commercial purity magnesium (CPMg) and magnesium
alloys. !> This is also consistent with the experimental observation '# that compounds with
small HOMO-LUMO gaps yield higher IEs, while dissolution accelerating agents have larger
HOMO-LUMO gaps.

This relationship could be highlighted using a subset of the inhibitor database for CPMg
with 220 ppm iron impurities (CPMg220).'® The elemental composition of CPMg220 is
provided in Table C.1. Selecting only compounds measured at a constant concentration
of 0.05M and with a weight below 350 Dal, the database was further reduced to include
only small organic molecules. The underlying data distribution with respect to IE is shown
in Figure D.1a. Furthermore, chemicals containing underrepresented atomic species (e.g.,
phosphorous) and compounds that were investigated in form of their corresponding acid
salts were omitted. Although the remaining 71 molecular structures show a clear linear
relationship between HOMO-LUMO gap and corrosion inhibition efficiency, the rather low
R? of 0.48 indicates that the IE is not dependent on AEy; alone.'® Combining AEy;, with
molecular descriptors containing further information on the chemical structure, however,
Feiler et al. trained an ANN that could predict the IE of seven yet untested compounds with
relatively high accuracy (R? = 0.74, RMSE = 33%)). %"

Naturally, the versatility of the vast chemical space is associated with a wide range
of different functional moieties and molecular features, thus rendering it challenging to
identify meaningful input features to develop predictive models with a wide applicability.
Cheminformatics software packages like alvaDesc?" facilitate calculations of a large variety
of molecular descriptors, ranging from structural and topological features to more complex
input features like molecular fingerprints and arcane descriptors derived from chemical
graph theory (cf. Section 2.3). On the basis of 1260 potential input features generated
accordingly for the given database, Schiessler et al. trained deep learning models to predict
the inhibition efficiency of chemical compounds with respect to the magnesium alloy ZE41
(Figure 5.2).'8! After removing all molecular descriptors that exhibited constant values or
were essentially zero, 1254 descriptors remained and were extended by six DFT-derived
parameters, including the frontier orbitals energies Egomo and Epymo. In the resulting
set of 1260 molecular descriptors, input features with the greatest impact on the corrosion
inhibition responses of 60 small organic molecules on ZE41 were tried to be identified.
The underlying distribution corrosion inhibition efficiencies is presented in Figure D.1b.

Similar to the previously described approach '°, only dissolution modulators were selected for

iDalton (Da) is a measure of molecular weight or molecular mass; 1 Da 2 1 g/mol.
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Figure 5.2: Corrosion inhibition efficiency (IE) prediction for ZE41. Utilizing a database of magnesium
dissolution modulators, relevant molecular features are selected either by (approach |) analysis of variance
(ANOVA) or by (approach Il) recursive feature elimination based on random forests (RFE), a type of machine
learning. The best-performing feature set defines the input for a deep learning model. This model allows the
desired predictions of quantitative structure-activity relationships (QSAR) for the efficiency of magnesium
dissolution modulators, here shown for the magnesium alloy ZE41. Adapted from Figure 1 in [181].

training the model that exhibit a molecular weight of less than 250 Da and that were employed
at a concentration of 0.05 M. Sparse feature selection has a high impact on the quality of
predictive models, which substantially depend on the selected molecular descriptors, as input
features with low relevance to the target property can degrade the model. A comparison
between ANOVA f-tests and recursive feature elimination based on random forests shows the
high potential of machine learning techniques towards statistical analysis to create sparse,
predictive QSAR models. '®! For example, training a deep learning model on five molecular
descriptors as selected by recursive feature elimination and random forests leads to a root
mean square error (RMSE) of 26% when predicting the IE of a pre-defined validation set,
whereas ANOVA only achieves an RMSE of 51%. Although AEy was not selected as
feature for predicting the IE for ZE41, it is noteworthy that for all trained models, Erymo
was identified to be connected to the corrosion inhibition efficiency. As a result, it is fair to
conclude that DFT-calculated molecular properties should not be disregarded when building
predictive models. For magnesium dissolution modulators, they can significantly contribute
to the predictive power of ML models.

Instead of using distinct molecular descriptors, structural features within the given dataset

can also be conflated in molecular fingerprints, such as the SOAP kernel (cf. Section 2.3).
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This kernel defines a global matrix containing molecular similarities between the chemical
compounds of the underlying dataset. Applying unsupervised learning methods such as kernel
principal component analysis (KPCA) or sketch-map, the high-dimensional similarity space
can be projected onto two dimensions to help the visualization of potential structure-activity
relationships. Distortions of the space are focused so that close/distant, i.e., similar/dissimilar,
structures in the high-dimensional space maintain this relationship in lower dimensions.
When combining the pattern recognition capabilities of unsupervised learning with corrosion
experiments, it is possible to visualize the relationship between the molecular structures
and the corresponding inhibition efficiencies in a structure-activity landscape, where all
experimentally tested structures act as landmark points. Clusters in the resulting similarity
map may indicate correlations between the inhibition efficiency and associated molecular
structure, allowing to relate certain structural features to potential dissolution modulating
properties. Such clusters can be identified by visual inspection or using a variety of

22,2

different clustering algorithms in low- and high-dimensional space.’>*"! Subsequently, the
inhibition efficiencies of uninvestigated compounds can be qualitatively predicted following
the proposed workflow in Figure 5.3. To predict the dissolution modulating properties of an
untested compound, its structural relationship to the identified clusters has to be determined.
This can be accomplished by out-of-sample embedding, where the new structure is projected
into the generated similarity map by reproducing the distances to the previously defined
landmark points.?” Once the structure is projected into the structure-activity landscape, its
relative position to previously identified clusters can help to assess the impact on corrosion
events. Clearly, an unknown compound projected into, or close to, a cluster dominated by a
particular molecular property would be expected to show similar behavior. Concurrently,
this approach indicates whether it is reasonable to examine untested additives in further
corrosion experiments, hence saving a tremendous amount of time and resources compared
to an experimental high-throughput approach.

Although this approach is useful for estimating the impact new additives may have on the
corrosion of magnesium-based materials, some applications require quantitative predictions.
For labeled data, supervised learning algorithms such as kernel ridge regression (KRR)
attempt to find connections between the molecular similarities and a target property of
interest, in this case the corrosion inhibition efficiency.! The structure-activity landscape can
then be complemented with quantitative predictions of the IE for yet untested compounds.
The synergistic combination of both methods provides a powerful approach for the design

of magnesium corrosion modulators that exploits the great efficiencies of in silico methods.

i0ther molecular properties predicted with high accuracy using SOAP-based KRR models include the frontier
orbital energies and molecular polarizability. ©3
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Figure 5.3: Qualitative prediction of inhibition efficiencies (IE) of magnesium dissolution modulators.
Molecular similarities are calculated between chemical structures derived from a database of magnesium
dissolution modulators. Applying dimensionality reduction and coloring the resulting map according to the IE,
two-dimensional structure-activity landscapes are generated that reveal structure-activity relationships. When
projecting yet untested compounds onto this map via out-of-sample embedding (gray crosses), the relative
position to given clusters can indicate their performance in the corrosion experiment. After validation, the
underlying database can be extended, thus further improving the predictive power of the qualitative model.
Adapted from Figure 1 in [15].

Thus, a comprehensive molecular similarity map based on a SOAP kernel derived from all
structures in a training and test set can be used to virtually screen a large number of potential
candidates. Concurrently, their degradation modulating performance can be predicted with
KRR, either to validate the inhibition performance of a known modulator, or to predict the
degradation modulating properties of unsynthesized and/or untested organic compounds.

To assess the potential of unsupervised and supervised learning approaches with SOAP,
the SOAP-REMatch kernel (cf. Section 2.3) has been calculated for the same 71 training
and 7 test structures as in the study of Feiler et al. and used for model training and testing,
respectively. Hyperparameters were fine-tuned in a grid search with k-fold cross validation
(Figure D.2), resulting in a hyperparameter set of 7. = 3.0A, ¢ =0.3, =0.6and y = 0.3
for the SOAP-REMatch kernel, as well as Aggr = 11 for the regularization parameter of
the KRR model. A sketch-map representation of the 71 training structures is presented in
Figure 5.4a, where the 7 test structures are embedded within the structure-activity landscape
and highlighted. It is clear that the four stronger corrosion inhibitors on the right-hand
side of the map cluster together, while the three compounds with weak inhibition to strong
dissolution accelerating properties are clustered near each other on the left-hand side of the
sketch-map. Considering the IEs of the surrounding training structures, the relative test set
positions allow for a qualitatively accurate prediction.

The KRR model was validated by comparing its key performance indicators to those of
the ANN model (Figure D.4).'® Although the ANN performed well in terms of prediction
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Figure 5.4: Unsupervised vs. supervised learning. (a) A sketch-map representation based on molecular
similarities and inhibition efficiencies (IEs) of 71 compounds (colored dots). Clusters concentrating similar
dissolution modulating properties indicate a structure-activity relationship. Qualitative prediction of the IE of
seven test compounds is obtained using out-of-sample embedding, project them onto the map in relation to
the observed clusters. (b) Predicted test set IEs obtained from a kernel ridge regression (KRR) model. The
blue line is a linear least square fit of the predicted and measured values. The RMSE value is in absolute
percent. The red dashed line represents ideal correlation. The error bars depict the standard deviation of the
experimentally derived |IE. Adapted from Figures 1 and 2 in [180].

accuracy, its performance depends on the careful selection of molecular descriptors that
can strongly influence the prediction outcome and interpretation of the models is often
problematic. Hence, combining all structural features in a global similarity measure, as
defined by SOAP, provides an attractive approach to reduce the complexity of the model input.
Employing the resulting SOAP kernel as input for KRR enables physically interpretable
predictions that can be directly ascribed to the molecular structure. The KRR-predicted IEs
for the seven test compounds (see Figure 5.4b) had a higher R? of 0.79 and a slightly higher
RMSE of 36% compared to the ANN model (R? = 0.74, RMSE = 33%). ' However, with
only seven tested compounds the difference between the ANN and KRR models is not highly
significant. A Pearson rank correlation test was also conducted on the KRR-predicted and
experimentally determined values. Similar to the ANN study, there was a strong correlation
for the KRR model (Pearson correlation coefficient » = 0.89). The associated p-value of

0.007 indicates acceptable statistical significance for the model.

5.2 On the Search for Magnesium Dissolution Modulators

After benchmarking the robustness of the SOAP-based KRR model against the distinct
descriptor-based ANN model, the former is used in a screening approach to identify potent
magnesium dissolution modulators. By augmenting the given database of magnesium

dissolution modulators with additional compounds of unknown performance, their potential
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IE can be at first qualitatively estimated using sketch-map, where already tested dissolution
modulators serve as reference. Selecting compounds of interest is further specified by
complementing the unknown compounds with quantitative predictions of the IE, using a
KRR model trained on the SOAP kernel and IEs of all considered structures. Experimental
validation helps to further improve the underlying model by including investigated compounds
in the training set. The synergistic combination of both methods provides a powerful approach

for the design of Mg dissolution modulators that exploits the efficiencies of in silico methods.

1 5.2.1 Exploiting Structure-Activity Relationships

The given database was extended by 74 additional compounds with unknown IE that comprise
chemicals with similar functional groups to those 71+7 in the original training and test set.
For the resulting 152 organic molecules, the SOAP-REMatch kernel was recalculated with
the same set of hyperparameters and used to generate a second sketch-map (Figure 5.5). The
untested compounds are depicted as gray dots while the already tested training set compounds
are color-coded according to their IE. As the augmented compounds lie in or near the domain
of applicability of the original model, the sketch-map representation is expected to give
reliable qualitative predictions. Only non-toxic, inexpensive, small organic molecules were
included in the untested set. The molecular weight of training compounds was < 350 Da
while the majority of the test set molecules (64) used for prediction had molecular weights
< 200 Da. Small anti-corrosion additives are required to increase the efficiency of protective
coatings without impairing their structural integrity. Considering the IEs of the training
structures, six clusters were identified and selected by visual inspection. Results of a k-means
clustering substantiate the cluster definitions (Figure D.5). In Figure 5.5, the mean IE values
of molecules in the training set clusters decrease in the order b (71 + 15%) > d (65 + 6%)
> ¢ (50+27%) > e (37 +57%) > f (3 +£24%). Clearly, some of the untested compounds
mapped onto clusters of modulators with inhibitory effects (b, ¢, d) while others generated
new clusters (a) or were located in map regions corresponding to compounds with highly
diverse properties, ranging from strong accelerators to effective inhibitors (f). The mean
KRR-predicted IE values for molecules in the test set in defined clusters decrease in the order
b (51 £9%) = ¢ (48 £ 14%) > d (39 + 10%) ~ a (35 + 11%) > e (24 + 5%) > f (—35 = 12%),
indicating a qualitatively accurate prediction.

A blind test is an excellent way to assess the predictive power of a model. A total of 10
chemicals, representative of each cluster, were randomly selected and tested experimentally

under the same conditions as the compounds in the original database (cf. Section 5.1).11 As

iiiThe experiments (cf. Appendix C.1) were conducted by Di Mei and Bahram Vaghefinazari of Helmholtz-
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Figure 5.5: Sketch-map representation of 152 molecular structures. The sketch-map is based on molecu-
lar similarities of 78 tested (colored according to inhibition efficiency IE) and 74 untested (gray) modulators. Six
clusters were highlighted based on results from k-means clustering. The mean IEs of the clusters are shown in
the lower left corner. Adapted from Figure 3 in [180].

the experimental performance of compounds located within cluster a is an uncharted area of
the sketch-map, the number of compounds selected for the blind testing was in proportion to
the size of the cluster. The general agreement between predicted and experimental values
is good except for benzamide (compound 3) that is predicted to have a moderate inhibiting
effect (44%) whereas the experiment showed it was a dissolution accelerator with an IE of
—43 + 30%, see Table 5.2. The discrepancy can be explained by benzamide precipitating
at an inhibitor concentration of 0.01 M while the model was trained on data with a 0.05 M
modulator concentration. Due to this difference in inhibitor concentrations, compound 3 was
omitted from correlation of experimental and predicted results, see Figure 5.6. The trained
KRR-model yields high predictive performance for the remaining nine chemicals with an
R? = 0.72 and an RMSE = 32%. Additional information on the training and test errors of the
KRR model are provided in Figure D.3. More detailed information on the experiments are
provided in Table C.2. A Pearson rank correlation resulted in a positive correlation coefficient
of 0.85 and a p-value of 0.004. As Table 5.2 shows, most of the predicted IE values agree

Zentrum Hereon.
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Table 5.2: Experimental and predicted inhibition efficiencies (IEs) of ten compounds not used to train
the model. |IEs for compounds with a carboxylic acid moiety were determined as sodium salt in the associated
hydrogen evolution experiments. Experimental uncertainties were calculated from three experiments, except
for 1, 3 and 10 where four experiments were performed. Values for final pH after immersion tests are provided.
The starred value denotes the reference for calculating the inhibition efficiency. Adapted from Table 1 in [180].

H, volume Final

Compound IEkRrR / %0 1Eexp / %o / mL em-2 pH Cluster
- NaCl 0.5% Sodium chloride* — 0 235+3.8 105 —
N,
1 [N: on Pyrazinecarboxylic acid 18 1+41 232+9.0 105 a
(o]
(0]
2 (ﬁOH 2-Aminopyridine-3- 30 54+16 109+0.2 94 a
NP N, carboxylic acid
0 NH,
3 Benzamide 44 -43+30 33.7+6.1 105 a
4 MQOYQYOME Dimethyl 2,6-pyridine- 63 64+19 85+24 88 b
0 0 dicarboxylate
[o]
5 Ho@OH 2-Nitroterephthalic acid 60 68+16 7.6+05 109 b
I NO,
Oy, OMe
(3 Dimethyl  5-hydroxy- 55 29+24 16.7+44 92 ¢
HO ™ isophthalate
7 Ho\;;ﬁo)okm 1,2,3,4-Butanel - 53 27+17 17.1+£1.7 9.1 d
0 g7>oH tetracarboxylic acid
8 "y 1,2-Hexanediol 28 2+19 23.1+2.7 104 e
OH
[0] . _
9 i~ B-Alanine 7 -86+17 43.6+1.7 10.1 f
10 C/’j‘: N, N’-Trimethyleneurea 26 -37+26 32.2+4.9 10.5 f
H 0

with the experimentally determined values within experimental error. It is noteworthy that
the IE values of aliphatic compounds in the blind testing set (7, 8, 9, 10) are overestimated.
Tetracarboxylic acid 7 is located in one of the more dense clusters d which might explain the
small IE variation within the cluster (Figure 5.5). Chemicals in the training set that cluster in
d have a mean inhibition efficiency of 65 + 6%. Hence, untested compounds mapped close
to this cluster should exhibit a similar IE. The in silico model estimates the IE value of 7 to
be significantly lower than the mean value of the data points defining the cluster, a trend in

agreement with the lower experimental value of 27 + 17% IE. The complex speciation of

82



Chapter 5. Chemical Space: The Final Frontier

IE/ %
(pred.)

————— perfect correlation 100 - Oy OMe N
linear regression MeO | NP~ OMe
HO OMe
HO~0 / .0 0
/

50 - WOH
7 NO,
/\/\O:\OH \j} . I
R? =0.72 s 4 ™~ mOH
RMSE = 32% ;% o,
T T T 1 |E/ %
-150 Lrook =50 2’10 50 100 (exp.)
o~ // NS P
HZN/\)J\OH + , 7 [NJYOH
(\NH /7 0
H*O/ ~50 -
/

Figure 5.6: Validation of the KRR model. Correlation between the mean of 9 experimental blind testing
compounds and their predicted inhibition efficiency (IE) values. The error bars depict the standard deviation of
the experimentally derived IE. The light blue line is the linear least squares fit of the predicted and measured
values. The RMSE value is in percent. The red, dashed line represents a perfect correlation. Benzamide was
omitted because of precipitation during the experiment. Adapted from Figure 4 in [180].

tetracarboxylic acid at pH between 7 and 10 may be responsible for some of the prediction
error, which is nonetheless only slightly outside one standard deviation of the experimental
error. Aliphatic diol 8 is located in cluster e (mean of 37 + 57% IE). There are only two
compounds allocated to this cluster. One acts as an efficient inhibitor, while the other is a
moderate corrosion accelerator; explaining the very large standard error around the mean
value of this cluster. However, the predicted performance of diol 8 reflects the correct trend
with an IE value significantly lower than the mean IE of cluster e. The urea 10 and the amino
acid 9 are located in cluster f that contains modulators with highly diverse IEs, ranging from
weak inhibitors to potent accelerators. While the value of the piperidone compound 10 is
quite accurate, the model heavily underestimates the dissolution accelerating properties of
B-alanine (IEyreq = —7%) compared to the measured IE (=86 + 17%) for CPMg220. Again,
at a final pH around 10, the amino acid will be ionized, and the chemotype may not be
adequately represented in the training data (a potential issue whenever the chemical diversity
is large compared to the size of the data set). The accelerator properties of both compounds
were confirmed by subsequent validation experiments.

Contrary to the models’ general overestimation of IE values in the four aliphatic compounds,
the predicted IE values for the five aromatic molecules 1, 2, 4, 5, 6 agree with the experimental
IE values within experimental error. The isophthalate 6 is associated with the molecular

cluster ¢ and the predicted value of 55% IE is in good agreement with the mean of the
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compounds that were used for training of the model. The pyrazine derivative 1 and the
pyridine derivative 2 are located within cluster a which represents an uncharted area of
the sketch-map. Although both predictions are in good agreement with the experimentally
derived values, more experimental data points are necessary to provide robustness for
predictions in this region of similarity space. The neighboring cluster b includes the pyridine
derivative 4 as well as the nitro-substituted modulator 5. The performance prediction of the
two modulators is in good agreement with the experimental IEs. Modulators 4 and S have the
highest predicted inhibiting effect that was confirmed by the conducted hydrogen evolution
experiments. Furthermore, the similarity observed in trends for molecules in clusters a and b
suggest they may in fact be members of a single larger cluster (as already proposed by the
k-means clustering in Figure D.5), something that could be confirmed by experimental IE
measurements of chemicals lying between the two clusters. In summary, the predictions
of the compounds in the blind test set is in qualitative agreement with the experimental IE

values determined subsequently.

1 5.2.2 Uncharted Similarity Space

Of the 64 modulators whose predicted properties were not checked experimentally, 9 are
located outside the defined clusters. The complete list of predicted values is provided in
Table D.1 as I[Exgr. One of these modulators lies close to cluster ¢ and is likely to be a good
inhibitor. Two others map to the top left area of the sketch-map close to cluster f so they
will probably also be effective dissolution accelerators. The remaining six compounds map
between clusters a, b and f. As a and b contain inhibiting agents while f contains weak
inhibitors and accelerators, no definite statement about the experimental IE of these six

compounds can be made.

1 5.2.3 Enhanced Screening of Chemical Compound Space

Clearly, the search for effective dissolution modulators in the vast chemical space of
compounds with potentially useful properties requires very efficient tools. Manual selection
of compounds for experimental screening is often biased by the individual chemical intuition,
compound availability, cost, toxicity, and experience. Hence, whole regions of chemical space
that may contain highly effective modulators (islands of utility) can easily be overlooked. This
provided the motivation for the development of the data-driven method ExChem for unbiased
identification of chemical leads, as illustrated in Figure 5.7. For a molecule xa with a target
property ya, a molecule xg ~ x4 is likely to yield a target property yg ~ ya, assuming a

structure-activity relationship exists. Once a cluster containing, for example, potent corrosion

84



Chapter 5. Chemical Space: The Final Frontier

[ I
Database | Database Il
@ (individual set (e.g. QM7b) 15
of chemicals)

molecular similarities
) [ExIChem
®

e L ]
og. ° Q DO
o% -
o L] L]
o B A A
selected compound n most similar
N o . trom oot Qtructures in set II_/

Figure 5.7: Workflow of ExChem. Molecular compounds of an individual dataset of chemicals (l) are en-
coded using the smooth overlap of atomic positions (SOAP) kernel. Dimensionality reduction (DR) of associ-
ated molecular similarities allows to create a similarity map that vividly illustrates structure-activity relationships.
For a given database Il, an extended SOAP kernel is calculated that contains the molecular similarities of Il
with respect to I. Now, for any selected compound of interest in database |, the n most similar structures in
dataset Il are suggested, thus facilitating the discovery of potent magnesium dissolution modulators. Adapted
from Figure 5 in [180].

inhibitors is identified, untested structures that map onto this cluster may have similar or
superior corrosion inhibiting properties. Implementation of this approach requires a second,
extensive database of potential candidates and a SOAP-REMatch kernel computed from the
structures of both databases. Picking a structure of interest in the sketch-map results in the
visualization of the most similar compounds of the second database, providing a basis for the
automated discovery of corrosion modulators.

The best-performing corrosion inhibitor S in the test set maps onto the edge of cluster
b that is formed from modulators with high IE values. To check the model robustness
concerning the periphery of observed clusters, this structure constitutes a promising starting
point to screen a larger molecular database for similar compounds. The QM7b database 20>2%°
contains 7211 compounds, thus providing a pool of compounds not included in the training
or test datasets. After computing the SOAP-REMatch kernel (r. = 3.0A, £ = 0.3, £ = 0.6,
v = 1.0) for all structures from this database and the initial dataset (7211 + 152), the global
similarity matrix (7363 x 7363 diagonally symmetric) was used to identify structurally
similar compounds from the QM7b database. A sketch-map complemented with KRR-based
IE predictions using this kernel is illustrated in Figure D.6.

When searching for similar compounds in the QM7b database, a similarity submatrix
(7363 x 7211) was used to eliminate hits in the 152-member training and test sets. This
identified five structures with the highest similarity to 2-nitrophthalic acid (5) and predicted
their IE values (Figure D.6). However, the suggested molecules found by this proof of

principle example are biased as the QM7b database only contains molecules with < 7 heavy
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atoms', whereas molecule 5 contains 13 heavy atoms. Clearly, the quality of suggestions
is highly dependent on the properties of the underlying database. Screening of databases
containing larger molecules (e.g., the GDB-13 which contains roughly 1 billion structures) will
undoubtedly increase the value of the proposed workflow, albeit with increased computational
cost for computation of the SOAP kernel. Moreover, when screening large databases, it is
very important to understand how the model’s domain of applicability maps onto the database,
since molecules well outside the model domain will be poorly predicted. Nevertheless, the
suggested compounds in this example still replicate local structural motifs in substantially
smaller molecules that may play a key role in corrosion inhibition behavior.

To assess the accuracy of the workflow in the discovery of lead structures, a database
provided by Thermo Fisher Scientific, containing 7094 commercially available small organic
chemicals, was subsequently screened. The original dataset contained over 80,000 structures
but was drastically reduced to only include small organic compounds that roughly lie within
the domain of applicability of the underlying model. Again, the SOAP-REMatch kernel
(re =3.0A,£=03,¢=0.6,v = 1.0) was computed for all structures (7094 + 152). A
sketch-map colored with KRR-based IE predictions using this kernel is depicted in Figure 5.8.
For the selected 2-nitrophthalic acid (5), five chemicals yielding high structural similarities
are chosen from a similarity submatrix in the kernel (7246 x 7094). Although these chemicals
exhibit high similarities in the high-dimensional space, they are not necessarily mapped to
the two-dimensional space in direct proximity due to the nature of the sketch-map algorithm,
as is displayed in the inlay in the lower right corner of Figure 5.8. However, all selected
structures are mapped close to each other and to already tested structures. The predicted
IE values were again validated in hydrogen evolution experiments’ following the previous
test procedure (cf. C.1). A comparison between KRR-predicted and experimental IEs is
presented in Table 5.3. More detailed information on the experiments is summarized in
Table C.3.

Despite two outliers, the results show good to excellent correlation between prediction
and experiment (R2 = 0.84, RMSE = 36%). All five candidates were predicted to exhibit an
inhibiting effect. It is noteworthy, that the prediction for the two phthalic acid derivatives 12
and 13, as well as the tricarboxylic acid 14 are in very good agreement with the experimental
investigation. However, compounds 11 and 15 only exhibit a moderate inhibiting effect on
the corrosion of CPMg in contrast to the comparably high IE values that are predicted by the

KRR model. An important mechanism of corrosion inhibition for Mg-based materials is the

VThe QM7b database is a subset of the GDB-13 database and only includes molecules with up to seven heavy
atoms, defined by C, N, O, and S.

YThe hydrogen evolution experiments were conducted by Di Mei and Bahram Vaghefinazari of Helmholtz-
Zentrum Hereon.
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Figure 5.8: Sketch-map based on a commercial database and 152 individual chemicals (7246 com-
pounds in total). The dots are colored according to predicted inhibition efficiencies (IEs) by means of kernel
ridge regression (KRR). The KRR model was trained on 78 experimental IEs (black-rimmed dots). By referenc-
ing the selected 2-nitrophthalic acid (compound 5, large black-rimmed dot) to the underlying SOAP kernel, five
highly similar molecules are determined from the global similarity matrix (dashed orange-rimmed dots) along
with their predicted |IE values and CAS identifiers. As illustrated in the inlay on the right side, high similarities in
the high-dimensional space do not automatically result in direct proximity in two-dimensional space. Adapted
from Figure 6 in [180].

capability to form complexes with iron ions (Fe?*/Fe>*) that are released during the corrosion
process. Here, substitution of the aromatic system with electron withdrawing groups also
affects the interaction strength of the carboxylate with Fe which in turn influences the IE.?%*
Although carboxylic acids 11 and 15 contain nitro groups in ortho and para position with
similar electron withdrawing effects, these two compounds also lack the vicinal dicarboxylate
moiety present in the other inhibitors that is an important chelating functionality for metals
(as in the chelating agent EDTA).?% This explains the differences in the experimental
performance. As mentioned previously, the employed KRR model is based on structural
similarities and does not consider electronic properties. Hence, it may only indirectly learn
that there is a correlation between electronic effects and structure. It is obvious that the
underlying training database does not contain a sufficient amount of structures that exhibit
the substitution pattern. Thus, the performance of the two compounds is overestimated but

still qualitatively correct. Contrary to this, the predicted values for the two phthalic acid
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Table 5.3: KRR-predicted and experimental IEs of five compounds to validate the similarity-based dis-
covery workflow. |Es for compounds with a carboxylic acid moiety were determined as the sodium salt in the
hydrogen evolution experiments. Experimental uncertainties were calculated from three experiments. A linear
least squares fit of the predicted and measured values yields an R? = 0.84 and RMSE = 36%. Adapted from
Table 2 in [180].

H, volume Final

Compound IEkRR / %0 1Eexp / %o / mL em-2 pH
(o]
11 dOH 2-Nitrobenzoic acid 72 23+£25 18.0+5.3 109
NO,
HO\ 0
12 on on 3-Nitrophthalic acid 83 73+17 62+14 112
HOLO
13 /&kw 4-Nitrophthalic acid 82 70+£20 4.6+0.8 11.1
ON
O, OH
14 1,2,4-Benzenetricarboxylic 80 80x16 7.1+£35 11.1
Ho acid
0 é)H
15 HOD)(OH 3-Hydroxy-4-nitrobenzoic 74 13+31 205+7.8 94
acid

derivatives 12 and 13 are highly accurate despite the presence of a nitro moiety. This can
be explained by the fact that each of the compounds bears a second vicinal carboxyl group
(chelating effect) that is not affected by substitution of the aromatic system with a nitro
functionality. Hence, they display higher degrees of inhibition in the experiment and are in
excellent agreement with the predicted values. For a larger training dataset, the cutoff radius
r. of the SOAP kernel can be adapted to higher values to better capture the impact of such
structural features.

The Python-based workflow ExChem for automated screening of large molecular databases
using chemical similarities allows unbiased identification of efficient candidates to combat
the degradation of Mg-based materials. Particularly for experimentalists, the employed
machine learning-based strategies facilitate an intuitive and fast screening of large databases
to identify similar compounds, simplifying the search for compounds with potentially useful
properties, and dramatically decreasing the time and resources required relative to those for
experimental discovery methods. For easier use, the developed approach was implemented
in a web application, which is found at www.exchem.de. Naturally, the presented concept is
not limited to magnesium and the corrosion inhibition performance. In the next section, the

approach is adopted to explore the structure-activity landscape of magnesium-air battery
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additives in a similar fashion by employing a corresponding experimental database to train
the model.

5.3 Smart Selection of Magnesium Battery Additives

The utilization of Mg as energy material, particularly as high energy density conversion
electrode in metallic configuration, seems to be a promising development. When Mg is
employed as anode material in a battery, tuning the dissolution rate is desired to ensure
continuous discharge behavior, especially when the electrolyte is water-based.*’°~>"® Such
aqueous primary Mg batteries have several advantages in comparison to lithium-air batteries.
They operate at any pressure, have greater power storage capacity, are cheaper, safer and
have a smaller environmental footprint.*?*°~>!> Surrounding air can directly provide the
oxygen for the cathodic reaction, enabling a green battery composed of magnesium, water
and air. An air cathode is beneficial as it results in a significant reduction in weight and
consequently increases the specific energy of the battery. Moreover, the battery can be
easily rejuvenated by displacing the depleted Mg-based anode, rendering this technology
a promising candidate for remote and portable devices. Three detrimental phenomena
fundamentally determine the performance of the anode: self-corrosion of the anode material
mainly caused by micro-galvanic reactions with impurities (e.g., Fe, Cu, Ni) or noble
secondary phases; passivation of the anode surface caused by secondary reactions, i.e., the
formation of corrosion- and discharge products at the interface; and the so-called chunk
effect?'3=>!5 that causes detachment of large metallic particles during discharge, implying
loss in utilization efficiency (UE) and structural anode integrity. Fortunately, the properties of

206,216,217

the anode material can be improved and controlled by micro alloying , or by the use

of battery electrolyte additives®. In particular, primary Mg-air batteries '0%170:218-220

require
effective additives to control self-corrosion, thus increasing the utilization efficiency, and to
reduce formation and deposition of corrosion and discharge products on the anode surfaces,
thereby increasing the discharge potential (DP). Each application has specific needs, e.g.,
sensors in sea buoys need low output voltages over a long period of time. Here it is important
to maximize the UE of materials for longevity, rather than having high DPs. Alternatively,
power sources for autonomous underwater vehicles (AUV) require high output voltages for
a shorter period, thus high DP values are more important than high UE to ensure that the
AUV is fully operational during its deployment. Clearly, the ideal situation is to create
additives for Mg-based batteries that generate high UE and DP to satisfy the needs of most or
even all applications, and to avoid the need for bespoke additives for each target application.

Achieving this goal is complicated by the fact that a high DP is often accompanied by a low
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UE and vice versa.

The dissolution modulating properties of small organic molecules allow to effectively
control the key performance parameters of Mg-air batteries. ! Effective electrolyte additives
have been reported recently, however, identifying further molecules with a positive impact
on the key performance parameters of magnesium batteries is not trivial. Fortunately,
data-driven prediction models and enhanced screening methods (cf. Section 5.2) immensely
facilitate the search for potent electrolyte additives.

As foundation for developing such a data-driven approach, an experimental database
including the DPs and UEs of 49 electrolyte additives was used. The underlying discharge
experiments are described in more detail in Appendix C.2. Associated molecular structures
were DFT-optimized using the quantum chemical software package Turbomole 7.4°%! at the
TPSSh/def2SVP level of DFT. Then, the structures were encoded using distinct molecular
descriptors (as in the ANN studies '®!8!) and SOAP fingerprints, respectively. Here, both
encoding strategies are employed to compare their performance in predictive models for
selecting potent battery additives. Although SOAP yields certain advantages as the entire
molecular structure is easily encoded in a single quantity, the rather small size of the given
database might now allow to learn molecular properties that only implicitly relate to the
molecular structure. Hence, including specific molecular descriptors that, e.g., explicitly
describe electronic properties, can significantly improve the predictive performance of a
trained model.

The optimized structures from the DFT calculations were used as input for the cheminfor-
matics software package alvaDesc " to generate roughly 2500 molecular descriptors related
to structural features. After omitting molecular descriptors with small variances and/or those
that are close to zero, the remaining 852 descriptors were used in combination with the seven
DFT descriptors to define a feature matrix ®p for all compounds. The considered DFT
properties are: the frontier orbital energies (HOMO, LUMO) and the HOMO-LUMO gap
(AEyL); the calculated heat capacities (C),, C,,) and the chemical potential (u) calculated at
298.71 K; plus the dipole moments of the small organic molecules. As the number of features
is too large for a dataset of 49 molecules, and many feature are not informative, the most
relevant features with respect to the target properties were determined using the principal
covariates adaptation of CUR matrix decomposition, as implemented in scikit-cosmo??.
Both descriptor families, the SOAP kernel Kg comprising various structural features, and the
feature matrix @p containing multiple descriptors were used to train QSAR models.

Although linear methods are simple and interpretable, they do not generate robust and
predictive models when the underlying structure-activity relationship is significantly nonlinear.

Kernel methods introduce a nonlinear relation between samples in the form of a positive-
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definite kernel function k(x, x”) and are suitable for modeling nonlinear relationships. This
results in a more efficient determination of a low-dimensional latent space and increased
regression performance. > Therefore, the kernel matrix Kp was calculated from the feature
matrix ®p using cosine similarity, analogous to the SOAP kernel implemented in 1ibrascal.
All kernels used in the model training were centered and normalized.

Exploration of structure-activity relationships within a given dataset is facilitated by
the use of methods that combine the capabilities of pattern recognition and the predictive
power of unsupervised and supervised learning, respectively. Hence, the kernel matrices
calculated from both molecular descriptor approaches are used as input for KPCovR models,
along with the experimental target values DP and UE. In the following, the effectiveness
of molecular descriptors and ML methods is evaluated with respect to reliably selecting
potentially effective electrolyte additives for aqueous Mg batteries for further experiments.
Two types of KPCovR models are constructed: a SOAP-based S-model and a distinct
molecular descriptor-based D-model. All hyperparameters to train the resulting two models
were optimized in a 5-fold cross-validated grid search. Further information regarding the

models can be found in Appendix D.2.

1 5.3.1 Active Design of Experiments

A century ago, Fisher laid the foundation 3

for the modern design of experiments (DoE)
strategies that optimize processes by systematically screening all independent variables
relevant to a specific process. Unfortunately, the experimental efforts to implement a
conventional DoE is intractable for a relatively low number of independent processes. A
full-factorial DoE requires M"Y experiments where N is the number of independent variables
and M is the number of values each variable can adopt. Hence, eight independent process
variables that can adopt ten values require 100 million experiments. Partial factor designs
sample these large spaces with various degrees of sparsity and can be designed to greatly
reduce the number of required experiments, albeit with loss of information.

Recent approaches to reduce the experimental workload employ active design of experi-
ments (ADoE) concepts, combining active learning with the original DoE approach. >’+2%
An ADOoE study is essentially adaptive data collection with four basic steps. In the first step,
a small seed dataset is collected and used to build a predictive model for specific target
properties. Here, the DP and UE values for 49 small organic molecules were measured
when employed as electrolyte additives for primary Mg-air batteries."! On the basis of this

initial dataset, models are developed that predict the properties of a new set of potential

ViThe experiments (cf. Appendix C.2) were conducted by Lingian Wang of Helmholtz-Zentrum Hereon.
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additives in the second step. In the third step, additional experimental data are collected
for those predicted additives with the highest prediction uncertainty. In this case study,
a test set of small organic chemicals not considered for training of the initial model was
used, similar to that described in Section 5.2.'%!80 Finally, all datapoints are subsequently
used to train a second QSAR model used to predict the properties of a second set of test
chemicals to evaluate accuracy and robustness of the augmented model. This process can
be iterated to generate larger and larger models and domains of applicability while strongly
constraining the numbers of experiments required. Increasing the size and diversity of
a training set leads to higher model accuracy and better generalization. Outliers are not
detrimental to the development of predictive QSAR models as they are in fact exploited in
the ADoE method to incrementally increase the size of the model domain. The ExChem
approach '3 facilitates rational selection of compounds distant from those in the training
set, i.e., selecting chemicals from a new region of chemical space. This is accomplished by
exploiting molecular similarities as obtained by SOAP.

Here, the previously employed commercial database comprising 7094 compounds (Thermo
Fisher Scientific) and the 49 nominated structures from the experimental dataset were used
to generate a SOAP kernel (r, = 5 A, ¢ = 0.3, { = 2), forming the basis of the ExChem
approach'®. Since ML models only make reliable predictions for structures in or near
the domain of the training data, the kernel was further reduced to include only the 491
molecules with >98% similarity to at least one compound in the experimental dataset. Since
the molecular similarities between identical compounds, i.e., the diagonal of the SOAP
kernel, is normalized to 1, a similarity of 98% would correspond to a value of 0.98 in the
kernel matrix. The resulting SOAP kernel is a similarity matrix Kg with a dimension of
540 x 540. After dimensionality reduction by means of KPCA, two sets of compounds (I and
II), containing five structures each, were selected from the resulting similarity map by the
ExChem routine for experimental validation (see Figure 5.9). ExChem identifies molecules
in a commercial database that exhibit structural features similar to a compound of interest
in an individual experimental database. Provided a structure-activity relationship exists,
the identified structures are expected to perform similarly in the experiment. The first set
contains 1,4-benzenedimethanol (I.1), 1,4-bis(2-hydroxyethyl)piperazine (1.2), 4-amino-3-
hydroxy-1-naphthalene- sulfonic acid (I.3), 1-pentanesulfonic acid (I.4) and 4-aminobutyric
acid (I.5). The second set comprises 4-isopropylbenzoic acid (II.1), CAPS (I1.2), gallic acid
(I1.3), triethanolamine (I1.4) and 2-methoxybenzoic acid (II.5). On experimental validation,
the previously untested electrolyte additives are added to the training set to increase the
predictive power of the model and to broaden the model domain. Experimental validation of

both test sets I and II was performed under the same conditions as for the original dataset of
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Figure 5.9: KPCA projection of the SOAP kernel containing the molecular similarities between 49 ex-
perimentally tested electrolyte additives and 491 compounds of a commercial database. Following the
ExChem scheme, two sets of compounds (I and Il), containing five structures each, were selected for experi-
mental validation to assess the models’ fitness for the active design of experiments.

49 electrolyte additives. Highly dissimilar structures may be selected on purpose to increase
the domain of applicability of the model, using for example farthest point sampling??*>. Small
training sets have a high chance of generating predictions for the electrolyte additives that
differ from the experimental performance. Nevertheless, ADoE allows these models to be

bootstrapped to screen larger regions of chemical space.

1 5.3.2 Prediction of Key Battery Parameters

In the following, two models (see Materials and Methods) are employed and referred to
as Sk and Dk, according to the underlying molecular descriptors used for training. Both
models were trained on the experimental database of 49 electrolyte additives and used to
predict the DP and UE of 491 compounds from the commercial database, including the
two sets of compounds selected for testing. The SOAP kernel of Sk was calculated based
on the found hyperparameters in the associated hyperparameter tuning (see Table D.2).
The hyperparameter tuning was performed by a 5-fold cross-validated grid search and
resulted in an average validation error of 0.07 V vs. Ag/AgCl (DP) and 7% (UE) for Sk.
For the prediction of test set II, test set I was included in the training data and the same
set of hyperparameters was employed to recalculate the SOAP kernel. For the Dx model,
the number of features n used for training was further reduced to include only the most
discriminating molecular descriptors. Therefore, the principal covariates adaptation of
CUR matrix decomposition (PCov-CUR) was employed.>>* By observing the training and
validation error of 5-fold cross-validated models that were trained on a decreasing number of
features, an optimal number of features of n = 12 could be identified (see Figure D.7). For

DP, the validation error rises again for n < 12. In the case of UE, it is noteworthy that the
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validation error for n = 12 is only slightly lower than for n = 1. The hyperparameter tuning
for Dk resulted in an average validation error of 0.09 V vs. Ag/AgCl (DP) and 6% (UE).
Analogously to Sk, hyperparameters and identified features were kept the same throughout
retraining of the model to predict set II.

Aside from the predictive power of supervised ML, KPCovR also incorporates the pattern
recognition capabilities of unsupervised ML. For each model, a similarity map is shown in
Figure 5.10 and experimental and predicted DP and UE values are correlated. In contrast
to pure KPCA, KPCovR naturally provides a two-dimensional projection of the underlying
SOAP (Kjs) or distinct descriptor kernel (Kp), already incorporating the target property. For
the SOAP kernel, dimensionality reduction by KPCovR results in a 2D projection that clearly
illustrates molecular similarities (see Figure 5.10a and ¢). Aromatic and aliphatic compounds
are separated into a larger (top left) and smaller (bottom right) cluster, respectively. Although
clusters with similar properties form in pure KPCA projections as well, the position of training
structures appears more random with respect to the observed target property (see Figure 5.4a).
In contrast, the KPCovR projection strongly illustrates structure-activity relationships, as
compounds exhibiting a similar target map closely together. This allows exploration of
the effects of specific structural motifs, rendering this approach highly interpretable. The
advantage of KPCovR over pure KPCA is also evident for Dk, despite less distinct clusters.
However, here the rather arcane nature of the features precludes using KPCovR projections
for an intuitive interpretation of structure-activity relationships.

For the experimental and predicted target properties, a tolerance area around perfect
correlation was defined, indicating a prediction accuracy for the ADoE approach that is
considered as acceptable. Based on the experimental errors appearing in the training set,
these tolerances were assumed as 0.1 V vs. Ag/AgCl and 10% for DP and UE, respectively.
Compound II.1 was omitted from further consideration due to its unusual discharge behavior
in the experiment that resulted in a very low mean DP of -0.74 V vs. Ag/AgClI (see discussion
in Appendix C.2 and Figure C.2). Independent of the model, the predicted DP of 1.3
and L.5, as well as the UE of 1.4 were significantly underestimated and lay outside of the
defined tolerance area. Compound 1.5 was projected into unmapped areas of the respective
similarity maps, providing an explanation for mispredictions of the associated DP and UE as
the compound lies outside of the model domain. In general, these mispredictions can be
ascribed to the fact that only few training samples represent the exceptional activity of these
compounds in the experiment.

In the case of Sk, the DP and UE of compound 1.2 are significantly over- and underpredicted,
respectively. As 1.2 is aliphatic and contains nitrogen, it was projected onto a cluster close to

compounds exhibiting similar structural features. However, the pyrazine ring of 1.2 strongly
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Figure 5.10: QSAR models based on KPCovR. (a) and (c) show the results of the SOAP-based model Sk for
DP and UE, respectively. (b) and (d) show the results of the molecular descriptor-based model Dk for DP and
UE, respectively. Black-rimmed dots in the scatter plots denote the original training set of 49 experimentally
tested electrolyte additives. Gray-rimmed dots mark the predicted test sets (I and Il) selected for experimental
validation. No edging indicates a predicted structure from the commercial database that has not been further
considered. The gray line in the regression parts depicts perfect correlation. The light gray area marks a
deviation of 0.1V vs. Ag/AgClI for DP and 10% for UE, considered acceptable for the predictions. Adapted from
Figure 3 in [182].

differs from other structural features of compounds mapped to this region, thus explaining
the observed deviation from the prediction.

Although most predictions of both models lie within the defined tolerance for an ADoE
approach, Sk performs significantly better in describing the training data. Since the
predictions lie in a larger interval compared to D, the range in the training data can be
reflected more adequately. Unfortunately, the higher spread of the predictions also gives rise
to larger deviations from the ground truth, implying a higher RMSE for DP. Although the
prediction interval is considerably smaller for Dk, the RMSE does not change for UE and
is even significantly lower for DP. This difference in RMSE can be mainly ascribed to the
distribution of DP and UE in the measured test sets. As most measured values for I and II lie

between -1.55 and -1.65 V vs. Ag/AgCl for DP and 40% and 50% for UE, they fall into the

95



Chapter 5. Chemical Space: The Final Frontier

OH  HO oH Q O OH Q0 H o HO H
(a) H o=$=0 o= F O/N\A)SI\OH H %)/OCHs (b)
OH
60 1 ENNJ OO oH HN HO' OH Loy
HO' l\' HN OH
501 OH
N
w40
=)
30 1
20
() 1.1 1.2 1.3 1.4 1.5 1.2 1.3 1.4
-1.31
S -1.41
<
2 -1.51
2 -1.6-
>
o -1.71
a
-1.81 .
[ Experiment EEE Sx [ Dk O True O False

Figure 5.11: Ensemble predictions of Sk and Dk. Results are shown for the (a) utilization efficiency UE
and the (c) discharge potential DP of test sets | and Il. Respective distributions of underlying training data are
shown in (b) and (d) for the according data range. Dark blue bars correspond to the original training dataset
of 49 compounds (test set | predictions), whereas light blue bars illustrate the distribution of the training set
extended by experimental values of test set | (test set |l predictions). The colored circles illustrate if the model
predictions overlap with experimental values. Adapted from Figure 4 in [182].

most populated bins in the histograms shown in Figure 5.11b and d. Naturally, a model with

a small prediction interval implies a low RMSE, when the test data interval is also small.

1 5.3.3 Uncertainty Estimation

As the underlying regression technique of both models is inherently interpolative, the
predictive performance strongly depends on how well the training set properly represents
the local features in the system of interest. Particularly small numbers of training samples
render estimates of error and uncertainty inevitable to assess the prediction accuracy and to
effectively expand the model domain in active learning schemes. The uncertainty can be
estimated based on the spread of predictions of an ensemble (committee) of independently
trained ML models, e.g., by subsampling of the full training dataset (see Figure 5.11).
Accordingly, a calibrated committee of M = 50 subsampled models was trained to obtain an
estimate of the model predictions. For a more detailed description of the general procedure
and the governing equations, the reader is referred to the Supplementary Information and the
according literature. ’%->%6

In case of the molecular descriptor-based model Dk, the feature selection process was
repeated for each subsampled model. A distribution of molecular descriptors that appeared

more than five times during subsampling is shown in Figure S2b. As was found in a previous
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study '®!, the applied feature selection method indicates that the Chemically Advanced
Template Search (CATS) descriptors >’ are highly useful for prediction. These descriptors
are generally known to be useful for data-driven drug discovery.??® Additionally, the class
of 3D-MoRSE (Molecular Representation of Structures based on Electron diffraction)
were found to be relevant.>?>*Y These are abbreviated as “Mor” and are a mathematical
representation of XRD patterns weighted by different properties. None of the considered
DFT-derived descriptors was found to have significant importance for the prediction of key
battery parameters, contrary to the findings for the models that were developed to predict the
corrosion inhibition efficiencies of small organic molecules. '%'8!

All committee predictions for the test sets I and II are presented in Figure 5.11a and c
along with their associated uncertainties. The distributions of DP and UE in the underlying
training data are illustrated in Figure 5.11b and d, respectively. Again, compound II.1
was omitted from further consideration due to issues already briefly discussed previously.
Predictions that lie within the experimental error, or for which the error bars of predicted
and measured values overlap, are assumed to be correctly predicted. For both models, the
DP is overestimated for compounds 1.2 and 1.4 and underestimated for I.5. Furthermore, Sk
significantly underestimates the DP of 1.3. While the underestimation of 1.3 and 1.5 can be
ascribed to the scarcity of available training data in this DP range, 1.2 and 1.4 are poorly
predicted although a majority of training data exhibits a DP around -1.6 V vs. Ag/AgCl.
However, more than half of the compounds in the training dataset do not contain sulfur
nor nitrogen, which may explain errors in the prediction of test structures containing these
species. Both Sk and Dk significantly underestimate the UE for compounds 1.2 and 1.4.
Additionally, Sk slightly overestimates and Dx slightly underestimates the UE of 1.5 and
IL.5, respectively. Relatively high UE values generally tend to be underestimated, which
can be due to the scarcity of available training data in this region. It is noteworthy that the
predictions of 1.5 by Sk have high uncertainties.

Predictions for compounds containing only carbon, oxygen, and hydrogen are relatively
accurate, particularly for compounds I.1 and II.3. Strikingly, most predictions for test set II
are in acceptable agreement with the experimentally measured DP and UE values. In terms
of RMSE, both models perform equally well when predicting UE, yielding errors of 12%
(D) and 6% (II) for Sk and 12% (I) and 7% (II) for Dg. For predictions of DP, Dk performs
significantly better than Sk, with 0.1 (I) and 0.04 (I) V vs. Ag/AgCl in contrast to 0.16 (I)
and 0.07 (I) V vs. Ag/AgCl. However, both models generally do not allow quantitatively
accurate predictions of the battery anode performance due to the limited dataset size, which
leads to rather high uncertainties.

The effect of more training data is illustrated in Figure 5.12. Committee predictions for
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Figure 5.12: Bar plot representing the RMSE of both models Sk and Dk for the committee prediction

of DP (left) and UE (right), determined for the blind test sets | (orange) and Il (purple). II* (light orange)
corresponds to predictions where the active learning step was omitted and blind test set | was not included for
training the model. The dashed black line indicates the assumed acceptable tolerance based on the experi-
mental error. Adapted from Figure 5 in [182].

test I improve by 0.03 V vs. Ag/AgCl and 4% for DP and UE, respectively, when test set
Iis included in the training set. Consequently, both models are expected to improve with
more training data and a broader selection of compounds would allow improved mapping of
molecular descriptors and local atomic features to the battery anode performance. Although
both models lie well within the defined tolerance area, the more intuitive SOAP-based Sk
model is expected to better adapt the ADoE principle for a reliable screening of the chemical

space for effective battery additives.

1 5.3.4 Finding the Needle in the Haystack

A key part of the proposed ADoE workflow is the selection of new candidates for testing and
retraining of the model after experimental validation. A selected compound should fulfill at
least one of the three following requirements: (a) it should maximize the UE and negative DP,
(b) it should increase the model’s predictive power, and/or (c) it should widen the model’s
domain of applicability. For the second and third requirement, ExChem provides a valuable
tool to extend the experimental training database with structures from known or uncharted
areas of the chemical space. The trained models further allow the assignment of uncertainties
to predicted compounds. Selecting structures with high uncertainties has good potential to
significantly increase the predictive power of the model. The model performance can also be

generally improved by balancing the number of compounds exhibiting high and low DPs
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Figure 5.13: Scheme for a multi-objective optimization approach to identify electrolyte additives with a
desired effect on the battery anode performance. A Pareto front (dashed line) is defined for the extended
experimental training set (blue; original dataset of 49 electrolyte additives plus test set 1), depicting the optimal
trade-off between large (negative) DP and large UE. On the basis of the experimental data, DPs and UEs for
the commercial database are predicted (orange). Compounds predicted close to or beyond the Pareto front are
expected to enhance the battery anode performance for, e.g., sea buoys or AUVs. For better orientation, the
background is colored according to the specific energy (SE), unifying the performance parameters DP and UE.
Adapted from Figure 6 in [182].

and UEs in the training set. Finding compounds that maximize the DP and UE, however,
cannot be accomplished by screening the chemical space using molecular similarities alone.
Therefore, a multi-objective optimization approach was developed to identify electrolyte
additives that are expected to boost the battery anode performance. Figure 5.13 shows the
relation between DP and UE for the extended experimental training set (blue; 49 plus 5
electrolyte additives) and associated predictions of the commercial database as determined
by the Sk model (orange). Compounds yielding optimal high (negative) DP and high UE
constitute a Pareto front (the surface defining solutions of equal value that involve different
trade-offs) for the experimental training data. Thus, new structures close to or beyond this
Pareto front will provide a good trade-off between DP and UE. To facilitate the selection of
potential candidates for further testing, the specific energy (SE) unifying DP and UE is used,

which is defined for the given case as

_DP-I-t DP-UE-I-1

SE =
Wact Wiheo - 100%

(5.1)

Here, Wineo and W, represent theoretical and actual weight loss of the anode, respectively,
[ is the applied current and ¢ the discharge time. In Figure 5.13, the SE was calculated
assuming a desired DP of at least -1.55V vs. Ag/AgCl and a UE of at least 25%. As SE
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is a measure of how much energy a battery contains in comparison to its weight, it is large
for compounds exhibiting high DPs or UEs and is small for compounds with low values. A
reasonable selection for experimental testing would lie close to or beyond the Pareto front
in an area with a high SE. After experimental validation and retraining of the underlying
ML model, the Pareto front is recalculated in an iterative manner while moving towards new
boundaries within the ADoE workflow, thus identifying electrolyte additives with improved
properties.

Future work involves increasing the number of iterations in the ADoE routine to further
improve the model accuracy. In this regard, the SOAP-based KPCovR model combined
with ExChem allows searching for specific structures that increase the model’s domain of

applicability and/or significantly enhance the performance of Mg batteries.
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Chapter 6

MAGNESIUM CORROSION ENGINEERING: THE PRESENT

AND THE FUTURE

IF ] HAVE SEEN FURTHER IT IS BY STANDING ON THE

SHOULDERS OF GIANTS.
— Isaac Newton

Magnesium has high capability of becoming the engineering material of the future due to
its light weight and characteristic corrosion properties. However, controlling the degradation
behavior of magnesium is crucial to unlocking its full potential with respect to applications
in the transport, medical and energy sector. In the past chapters, magnesium corrosion
engineering was regarded from different perspectives, focusing a computational point of

view.

6.1 Towards an Atomistic Picture of Magnesium Corrosion

First of all, a deeper mechanistic understanding of hydrogen evolution on the magnesium
surface was obtained. Based on density functional theory (DFT) calculations, the two
predominant hydrogen evolution reaction pathways, i.e., the Tafel and Heyrovsky reaction,
have been investigated using the climbing image nudged elastic band method (NEB) in
combination with concurrent Bader charge analyses of each considered image. Prerequisite
to the two considered reaction schemes is the dissociation of a water molecule in the Volmer
step, which leads to adsorption of a hydroxide and a hydride (H™) upon the Mg surface. The
results of the NEB calculations indicate that the energy barrier for the formation of hydrogen
is lower for the Heyrovsky than for the Tafel pathway, confirming the Volmer—Heyrovsky
reaction cascade as the predominant mechanism that leads to the formation of hydrogen
during the degradation of magnesium. Analysis of the occurring charge transfers using the

developed tool baderVis confirmed the existence of adsorbed hydrides that explain the
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observed energy barriers. Furthermore, the comprehensive analysis of the occurring energy
barriers revealed that the Volmer reaction is the rate-limiting step in hydrogen evolution. In
the same manner, the charge state and energy barriers of a dissolving Mg ion was investigated
in detail. The findings strongly contradict the existence of a stable Mg* species involved in
the water dissociation process, a mechanistic aspect, which has been controversially discussed
in the literature over the course of the last decade. Concomitantly, the obtained results
indicate involvement of co-adsorbed species that facilitate the dissolution of Mg. Adapting
the underlying model to be more realistic, it was found that indeed co-adsorbed hydroxide
ions take part in the dissolution process and decrease the dissolution barrier. Noble impurities
are expected to have a significant impact on the Mg dissolution barrier and should be object
of further investigations in the future. Furthermore, unraveling the mechanism responsible
for anomalous hydrogen evolution requires constant potential methods that explicitly treat
anodic overpotentials in the simulation. A promising approach was developed by Surendralal
et al., where a computational Ne electrode is doped with fractional electronic charges, thus
allowing to control the applied potential and constructing an electrolytic electrochemical cell
within the DFT framework. **

Successful magnesium corrosion engineering depends on a deep understanding of the
underlying degradation mechanisms. Identifying major impact factors enables active tuning
of corrosion barriers, thus tailoring the degradation rate to the application at hand. The new
insights into the Mg corrosion mechanisms obtained in this thesis allow for more effective
approaches towards corrosion control. For instance, by knowing more about the exact
rate-limiting reaction steps, specific catalysts can be found that, e.g., generally accelerate
the corrosion in Mg battery applications. In contrast, associated reaction barriers can be

increased by involving co-adsorbed species to significantly lower the corrosion rate.

6.2 Modus Operandi of Magnesium Dissolution Modulators

Apart from conservative strategies to prevent magnesium degradation, numerous other
approaches exist that enable corrosion inhibition and control. A highly promising approach is
the introduction of magnesium dissolution modulators, small organic molecules that influence
the Mg degradation rate. These modulators of corrosion either stabilize or destabilize the
degrading surface via adsorption, or prevent corrosive species, such as noble impurities
released in the corrosion process, from adsorbing upon the surface. The latter case is mainly
defined by two mechanisms: blocking the surface through adsorption or capturing corrosive
species in solution via complex formation. Atomistic simulations are a valuable tool to better

understand these mechanisms on a fundamental level. In combination with experimental
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databases of corrosion inhibitors, it is possible to find potential relationships between ab
initio calculations and the corrosion inhibition efficiency (IE) of such compounds. In order
to identify statistically significant connections, however, a large number of calculations is
required.

Investigating the adsorption mechanism of over 40 compounds upon the hydroxylated
magnesium oxide surface showed an apparent relationship between adsorption energy
and inhibition efficiency. Nevertheless, the rather low correlation value indicates that the
dissolution modulating performance also depends on other parameters. The large number
of investigated molecules constitutes the beginning of a database that promises to give
further insights into the relationship between inhibitor adsorption and corrosion inhibition.
The presented results indicate that heteroatoms, such as nitrogen or carboxyl groups, play
a significant role for the corrosion inhibition efficiency. By connecting the adsorption
structure and inhibition efficiencies of an increasing number of compounds using quantitative
structure-activity relationship (QSAR) models, this apparent correlation can be further
elucidated in the future to more easily identify effective magnesium dissolution modulators
based on simulation results. Modeling complex formation is not as straightforward. A
large configuration space aggravates the generation of complex formation energies in large
numbers. However, automated workflows based on enhanced sampling methods promise to
generate quantities, e.g., complex formation and adsorption energies, that can be correlated
with experimental corrosion control metrics in a high-throughput manner. Such workflows
enable high-throughput DFT calculations that can be used as input for data-driven predictive
models to estimate the corrosion inhibition efficiency.

Figure 6.1 illustrates two design drafts for potential automated workflows that qualitatively
show the general simulation process. Both workflows have in common that they require
input in form of compounds and/or substrates of interest, as well as water and ion models to
resemble the service environment. Using the open-source software PLUMED“°, the system
can be described with one or more collective variables (CVs) that define the sampling space
for metadynamics (cf. Section 2.2). In both cases, the output is given along these CVs as
free energy profiles from which the quantity of interest can be derived.

Calculating a free energy profile from first principles, in for example CP2k>**, has some
advantages, but also disadvantages, as compared to using molecular dynamics (MD) codes
such as GROMACS %! with semi-empirical force fields. Although the calculated energies are
presumably more accurate, performing metadynamics simulations in the DFT framework
demands immense computational resources that may not be available, particularly for high-
throughput calculations, where numerous compounds are considered. Also finite size effects

may have a negative impact on the simulation. On the other hand, many force fields for
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Figure 6.1: Automated workflow schemes to calculate free energies with metadynamics. (a) Free energy
of adsorption. (b) Free energy of complex formation.

semi-empirical MD do not account for chemical reactions such as proton transfers, which are
likely to occur in adsorption or complex formation processes. Therefore, the user must assess
in advance which compromises and simplifications are tolerable for the particular simulation
case, and which are not.

When calculating the free energy of adsorption for a substrate and adsorbate of interest, the
simulation setup can easily be automated (Figure 6.1a). The substrate unit cell is replicated
in all room directions until the resulting supercell is large enough to provide sufficient surface
area for adsorption. Additionally, a sufficiently large vacuum region is added in surface
direction to create a surface slab. After inserting the adsorbate of interest into this region, the
remaining space is solvated with water and around 5 A of vacuum is added above to prevent
interaction with the periodic image. The CV can be easily defined as the distance d between
the top surface layer and the center of mass (COM). During the metadynamics simulation, the
distance between adsorbate and surface is changed continuously. At passed states, a positive
Gaussian potential is added to the real energy landscape of the system, thus discouraging the
simulation from passing this state again. The free energy of adsorption AG,q can be directly
derived from the resulting free energy profile.?*>>** Given enough distance from the surface,

the free energy converges to a constant value in the bulk region of the solvent. After shifting
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the free energy profile to be zero in the bulk region, AG,q can be calculated as
1 rc+6
AG,q = —kgT In (5/ dze‘F<Z>/"BT) ; 6.1)

where r, is the distance of the closest approach of the molecule to the surface and r. + ¢ the
point where the solvent can be considered as bulk.***

Automated calculation of the free energy of complex formation uses the molecular
structures of potential complexants and central ions as initial input (Figure 6.1b). According
to the charge of the central ion and the expected charge of the formed complex, the number
of complexants considered for the simulation is determined. All molecular structures are
inserted into a sufficiently large simulation cell, such that central ion and complexants lie
close to each other. Subsequently, the cell size is further increased and the simulation cell
solvated with water. The CV is defined as the coordination number (CN) of the central ion.
In PLUMED, the CN is calculated between two groups, which have to be defined in beforehand.
Here, group A corresponds to the central ion, whereas group B contains all atoms within
the complexants that potentially take part in the coordination (e.g., oxygen or nitrogen). By
using the CN as CV, the simulation passes numerous coordination configurations, yielding
the respective free energy profile as output. Assuming no coordination of the central ion as
reference (CN = 0), the free energy of complex formation, AG¢, can be determined as the
area underneath the curve.

Both workflows enable calculation of IE-related properties in a high-throughput manner.
The required inputs can be easily provided, however, when using classical MD (e.g., for large
systems or limited computational resources) adequate force fields are crucial to accurately
describe the interaction between compounds and substrate or central ion. It is noteworthy that
the workflows have not been implemented yet and only exist qualitatively so far. Nevertheless,
MD codes such as GROMACS come with a whole arsenal of useful functions that significantly
reduce the implementation effort of the proposed workflows. The molecular topologies
required within these workflows can be easily generated automatically using high-throughput

frameworks, such as STaGE.>

6.3 Computer-Aided Design of Experiments

Particularly for data-driven models, quantities such as the adsorption energy can be of
high value. Using a multitude of theoretical molecular descriptors, predictive models
based on machine learning techniques were built that allow to accurately estimate the

inhibition efficiency of yet untested compounds. Such machine learning models can also
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be based on structural similarities as determined by smooth overlap of atomic positions
(SOAP), a molecular fingerprint that incorporates the structural features of a molecule.
Based on comprehensive experimental databases, QSAR models were trained to predict the
performance of unknown molecular structures as corrosion inhibitor or electrolyte additive
in Mg batteries. Comparison between molecular descriptor-based and SOAP-based models
showed similar predictive power. When predicting the inhibition efficiency of corrosion
inhibitors for commercial purity Mg, both approaches make qualitatively correct predictions.
When predicting the key performance parameters of yet untested electrolyte additives, the
predictions of both schemes are in an acceptable range. However, it has to be mentioned that
the training database in the latter case was significantly smaller.

A great advantage of the SOAP kernel is that it allows to generate two-dimensional
structure-activity landscapes that vividly illustrate the similarity between chemical compounds.
Moreover, correlating these maps with properties of interest, such as the corrosion inhibition
efficiency or discharge potential of a battery, allows to easily identify structure-activity
relationships. Accordingly, such structure-activity relationship maps were created for
numerous tested and potential corrosion inhibitors and electrolyte additives. To further
assess the predictive power of the trained models, additional untested compounds were
selected for blind testing, based on their relative position to observed clusters. The results
confirm that the models can qualitatively predict the impact of small organic molecules
on the corrosion and discharge performance of certain magnesium-based materials, as the
predicted values are in good agreement with the experimental values. Clustering the data
already in high-dimensional space, for example using the probabilistic analysis of molecular
motifs (PAMM) approach, could increase the accuracy of cluster definitions and thus the
qualitative predictive performance of the developed model in the future.?’! Additionally,
the validation results indicate that solubility is an additional important factor that needs
to be considered in the selection process of target chemicals, where such data is available.
Furthermore, using molecular structures closer to their “mode of action”, i.e., solvated, at
correct pH or in complex formations, could significantly improve the model performance.
Here, especially the proposed high-throughput atomistic simulations (Figure 6.1) should
provide useful model input.

Elucidating structure-activity relationships within a given dataset is further facilitated by
employing methods that combine the pattern recognition capabilities and predictive power of
unsupervised and supervised learning, respectively. When used with SOAP, kernel principal
covariates regression (KPCovR) generates structure-activity landscapes that—aside from
molecular similarities—incorporate the target property in the low-dimensional projection

(cf. Sections 2.3 and 5.3). Simultaneously, the information loss and error in predicting the
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Figure 6.2: Kernel Principal Covariates Regression (KPCovR). KPCovR combines kernel principal com-
ponents analysis (KPCA) and kernel ridge regression (KRR). (a) The KPCovR projection as derived from
molecular similarities and inhibition efficiencies (IEs) of 71 training and 7 test compounds (colored dots). In
contrast to pure KPCA, KPCovR illustrates structure-activity relationship more intuitively, since the target prop-
erty is incorporated in the projection. (b) Predicted test set IEs obtained from the KPCovR model. The blue line
is a linear least square fit of the predicted and measured values. The RMSE value is in absolute percent. The
red dashed line represents ideal correlation. The error bars depict the standard deviation of the experimentally
derived |E.

target property are minimized using only the resulting latent space vectors. The potential of
KPCovR in the creation of QSAR models becomes apparent when directly compared to models
based on individual unsupervised and supervised learning techniques. Respectively training
and testing a KPCovR model on the same 71 training and 7 test structures as in Figure 5.4
yields significantly higher predictive performance than the decoupled approach using sketch-
map and kernel ridge regression (KRR). Although the two-dimensional projection does not
purely reflect the molecular similarities anymore, incorporating the inhibition efficiency
leads to a more intuitive exploration of potential structure-activity relationships (Figure 6.2).
For the given case, employing a KPCovR model also leads to a general improvement of
the quantitative prediction accuracy for the seven test structures with an R = 0.83 (KRR:
0.79) and RMSE = 24% (KRR: 36%). However, it is noteworthy that an improvement of the
regression performance using KPCovR is not necessarily the case.”

These modeling methods constitute a promising way to rapidly identify the most promising
molecules for specific target applications that have reduced toxicity, environmental impact,
and cost. However, experimental validation remains an important final step, especially
for chemicals in unlabeled regions of the structure-activity landscape. Expanding the
size, diversity, and quality of data used to train these models is a key task to improve
their robustness and domain of applicability. For that reason, the Python-based workflow
ExChem (www.exchem.de) has been developed for automated screening of large molecular

databases, using molecular similarities. In a combination of active learning and design
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of experiments, ExChem is a great asset to suggest compounds for further testing that are
similar or dissimilar to the given training database, thus either identifying potent structures,
improving the model accuracy or effectively increasing the models’ domain of applicability.
Naturally, the presented concept is not limited to Mg and can be adopted to explore the
structure-activity landscape of, e.g., Al-, Cu- and steel-based materials in a similar fashion,
given a corresponding experimental database exists to train the model. The developed
machine learning-based strategies facilitate an intuitive and fast screening of large databases
to identify similar compounds, simplifying the search for compounds with potentially useful
properties, and dramatically decreasing the time and resources required relative to those of
experimental discovery methods. By implementing the ExChem routine in an electronic lab
notebook it could become exceedingly attractive for experimentalists. A given experimental
database could be continuously extended by new experiments while the prediction accuracy
of the underlying machine learning model would increase simultaneously, thus helping to
identify, e.g., potent corrosion inhibitors.

The results presented in this thesis provide an insightful contribution to the realm of Mg
corrosion engineering and can inspire novel approaches to gain control over the degradation
behavior of Mg-based materials. Current magnesium corrosion research, however, still raises
unanswered questions, such as the exact mechanism of anodic hydrogen evolution. Although
experimental research is indispensable to gain a deeper understanding and control of the
underlying corrosion mechanisms, computational schemes proof themselves as necessary
addition to obtain a holistic view of Mg degradation. Particularly experimental design benefits
from atomistic simulations and data-driven prediction models, as they can significantly
decrease time investment, effort, resources and costs.

The continuous increase of available computational resources allows to consider ex-
ceedingly complex models. However, it is easy to create a model that consumes immense
computational resources but brings no added value. Hence, a careful design of simulations
is as important as for experiments. A possible approach to increase model size and simul-
taneously reduce computational effort is the development of reactive or machine learning
force fields that accurately describe the interaction of magnesium, magnesium oxide and
magnesium hydroxide with water, organic molecules and noble impurities. >*=> Particularly
for the proposed automated workflows employing enhanced sampling methods, such force
fields would enable high-throughput calculations of additional parameters (e.g., free energy
of adsorption or complex formation energy) that can be linked to the degradation properties.
These parameters promise to further improve the accuracy of data-driven models. Moreover,
they can serve as valuable input for multi-scale approaches.”?%=4!

The importance of computational approaches to magnesium corrosion engineering is
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likely to continue to grow. In a future scenario, the corrosion characteristics of magnesium
will have been completely understood experimentally and theoretically, thus unraveling the
full potential of magnesium-based materials in modern engineering applications. Once this
is achieved, magnesium will become an indispensable material for a sustainable future that
will help to combat the ongoing climate change and will hopefully improve the life of all

people living on our planet.
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Appendix A

COMPUTATIONAL DETAILS

To perform DFT calculations with VASP and CP2k, various input parameters have to be defined.
Although the pre-defined default parameters often yield reasonable and reliable results, some
input parameters have to be fine-tuned in convergence tests with respect to the given simulation
case. The general goal is to find a set of parameters that yields an adequate trade-off between
accuracy and computational costs. In the following, several parameter sets for VASP and CP2k
are provided that have been used in the frame of this thesis. Comprehensive descriptions
of the given parameters can be found in the respective documentations online (VASP:

https://www.vasp.at/wiki/index.php/The_VASP_Manual, CP2k: https://manual.cp2k.org/).
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Appendix A. Computational Details

A.1 VASP Settings

Table A.1: Settings for calculating the Bader charges.

Tag Value Description

GGA BO optB88-vdW as exchange-correlation functional
PARANM1 0.1833333333 optB88-vdW parameter

PARANM2 0.2200000000 optB88-vdW parameter

LUSE_VDW T optB88-vdW parameter

AGGAC 0.0000 optB88-vdW parameter

LASPH T optB88-vdW parameter

ENCUT 520 cutoff energy for the plane-wave-basis set in eV
PREC Accurate precision-mode

NELMIN 6 minimum number of electronic SCF steps.
ISMEAR -5 partial occupancy for each orbital

ALGO v specify the electronic minimisation algorithm
LREAL AUTO projection operators evaluation

EDIFF 50E-7 global break condition for the electronic SC-loop (eV)
LWAVE F writing wave functions?

LCHARG T writing charge densities?

LPLANE T plane-wise data distribution in real space?
LSCALU F parallel LU decomposition?

IDIPOL 3 monopole/dipole/quadrupole corrections to the energy
LDIPOL T corrections to the potential and forces

LAECHG T all-electron charge density
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Table A.2: Settings for nudged elastic band calculations of hydrogen evolution reactions.

Tag Value Description

GGA BO optB88-vdW as exchange-correlation functional
PARANM1 0.1833333333 optB88-vdW parameter

PARAM2 0.2200000000 optB88-vdW parameter

LUSE_VDW T optB88-vdW parameter

AGGAC 0.0000 optB88-vdW parameter

LASPH T optB88-vdW parameter

ENCUT 520 cutoff energy for the plane-wave-basis set in eV
PREC Accurate precision-mode

NELMIN 4 minimum number of electronic SCF steps.

ISMEAR 1 partial occupancy for each orbital

SIGMA 0.2 determines the width of the smearing in eV

ALGO v specify the electronic minimisation algorithm
LREAL AUTO projection operators evaluation

EDIFF 1E-6 global break condition for the electronic SC-loop (eV)
EDIFFG -0.05 break condition for the ionic relaxation loop (eV/A)
NSw 600 maximum number of ionic steps

IBRION 3 scheme to update and move ions

POTIM 0.1 step width

SMASS 2 velocity control

ISIF 2 degrees-of-freedom allowed to change

ISYM 0 treating symmetry

LWAVE F writing wave functions?

LCHARG T writing charge densities?

LPLANE T plane-wise data distribution in real space?

LSCALU F parallel LU decomposition?

IMAGES 24 number of NEB images between the fixed endpoints
SPRING -5 spring constant in eV/A? between the images
LCLIMB T climbing image algorithm

IDIPOL 3 monopole/dipole/quadrupole corrections to the energy
LDIPOL T corrections to the potential and forces
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Table A.3: Settings to calculate hydrogen evolution reaction steps upon the Mg(0001) surface. A three-
step relaxation scheme was followed. In case an input parameter changed within this scheme, three values are
given, respectively.

Tag Value Description

GGA BO optB88-vdW as exchange-correlation functional
PARANM1 0.1833333333 optB88-vdW parameter
PARAIM2 0.2200000000 optB88-vdW parameter

LUSE_VDW T optB88-vdW parameter

AGGAC 0.0000 optB88-vdW parameter

LASPH T optB88-vdW parameter

ENCUT 520 cutoff energy for the plane-wave-basis set in eV

PREC Accurate precision-mode

NELMIN 4/4/6 minimum number of electronic SCF steps.

NELMDL —/—/-10 number of non-self-consistent steps at the beginning
NELM —/—1/300 maximum number of electronic SCF steps performed.
ISMEAR 1/1/7-5 partial occupancy for each orbital

SIGMA 02/02/— determines the width of the smearing in eV

ALGO v specify the electronic minimisation algorithm

LREAL AUTO projection operators evaluation

EDIFF 50E-5/E-5/E-6 global break condition for the electronic SC-loop (eV)
EDIFFG -5E-3 break condition for the ionic relaxation loop (eV/A)
NSW 300 /300 / — maximum number of ionic steps

IBRION 2/1/— scheme to update and move ions

ISIF 2 degrees-of-freedom allowed to change

LWAVE F writing wave functions?

LCHARG T writing charge densities?

LPLANE T plane-wise data distribution in real space?

LSCALU F parallel LU decomposition?

IDIPOL 3 monopole/dipole/quadrupole corrections to the energy
LDIPOL T corrections to the potential and forces

DIPOL 0.50.504 center of the cell for calculating dipole-moment
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Table A.4: Settings for nudged elastic band calculations of Mg dissolution.

Tag Value Description

GGA BO optB88-vdW as exchange-correlation functional
PARANM1 0.1833333333 optB88-vdW parameter

PARAM2 0.2200000000 optB88-vdW parameter

LUSE_VDW T optB88-vdW parameter

AGGAC 0.0000 optB88-vdW parameter

LASPH T optB88-vdW parameter

ENCUT 520 cutoff energy for the plane-wave-basis set in eV
PREC Accurate precision-mode

NELMIN 4 minimum number of electronic SCF steps.

ISMEAR 1 partial occupancy for each orbital

SIGMA 0.2 determines the width of the smearing in eV

ALGO v specify the electronic minimisation algorithm
LREAL AUTO projection operators evaluation

EDIFF 1E-4 global break condition for the electronic SC-loop (eV)
EDIFFG -0.05 break condition for the ionic relaxation loop (eV/A)
NSw 400 maximum number of ionic steps

IBRION 3 scheme to update and move ions

POTIM 0 step width

IOPT 7 optimizer

ISIF 2 degrees-of-freedom allowed to change

ISYM 0 treating symmetry

LWAVE F writing wave functions?

LCHARG T writing charge densities?

LPLANE T plane-wise data distribution in real space?

LSCALU F parallel LU decomposition?

IMAGES 48 number of NEB images between the fixed endpoints
SPRING -5 spring constant in eV/A? between the images
LCLIMB T climbing image algorithm

IDIPOL 3 monopole/dipole/quadrupole corrections to the energy
LDIPOL T corrections to the potential and forces
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Table A.5: Settings for calculating the dynamical matrix.

Tag Value Description

GGA BO optB88-vdW as exchange-correlation functional
PARANM1 0.1833333333 optB88-vdW parameter
PARAM2 0.2200000000 optB88-vdW parameter

LUSE_VDW T optB88-vdW parameter

AGGAC 0.0000 optB88-vdW parameter

LASPH T optB88-vdW parameter

ENCUT 520 cutoff energy for the plane-wave-basis set in eV
PREC Accurate precision-mode

NELMIN 4 minimum number of electronic SCF steps.
ISMEAR 1 partial occupancy for each orbital

SIGMA 0.2 determines the width of the smearing in eV
ALGO \" specify the electronic minimisation algorithm
LREAL AUTO projection operators evaluation

EDIFF 1E-8 global break condition for the electronic SC-loop (eV)
EDIFFG -1E-8 break condition for the ionic relaxation loop (eV/A)
NSW 19 maximum number of ionic steps

IBRION 3 scheme to update and move ions

POTIM 0 step width

ICHAIN 1 Dynamical Matrix method

ISIF 2 degrees-of-freedom allowed to change

ISYM 0 treating symmetry

LWAVE F writing wave functions?

LCHARG T writing charge densities?

LPLANE T plane-wise data distribution in real space?
LSCALU F parallel LU decomposition?
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Table A.6: Settings to calculate adsorption energies of magnesium dissolution modulators upon the
MgO(100) surface. A three-step relaxation scheme was followed. In case an input parameter changed within
this scheme, three values are given, respectively.

Tag Value Description

GGA BO optB88-vdW as exchange-correlation functional
PARANM1 0.1833333333 optB88-vdW parameter

PARAM2 0.2200000000 optB88-vdW parameter

LUSE_VDW T optB88-vdW parameter

AGGAC 0.0000 optB88-vdW parameter

LASPH T optB88-vdW parameter

ENCUT 520 cutoff energy for the plane-wave-basis set in eV

PREC Accurate precision-mode

NELMIN 4/4/6 minimum number of electronic SCF steps.

NELMDL —/—/-10 number of non-self-consistent steps at the beginning
NELM —/—1/300 maximum number of electronic SCF steps performed.
ISMEAR 1/1/-5 partial occupancy for each orbital

SIGMA 02/02/— determines the width of the smearing in eV

ALGO v specify the electronic minimisation algorithm

LREAL AUTO projection operators evaluation

EDIFF 90E-5/ E-5/E-6 global break condition for the electronic SC-loop (eV)
EDIFFG -5E-3 break condition for the ionic relaxation loop (eV/A)
NSW 200/500/ — maximum number of ionic steps

IBRION 2/1/— scheme to update and move ions

ISIF 2 degrees-of-freedom allowed to change

LWAVE F writing wave functions?

LCHARG T writing charge densities?

LPLANE T plane-wise data distribution in real space?

LSCALU F parallel LU decomposition?

IDIPOL 3 monopole/dipole/quadrupole corrections to the energy
LDIPOL T corrections to the potential and forces

DIPOL 0.50.50.35 center of the cell for calculating dipole-moment
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Table A.7: Settings to calculate adsorption energies of magnesium dissolution modulators upon the
MgO(111) surface. A three-step relaxation scheme was followed. In case an input parameter changed within
this scheme, three values are given, respectively.

Tag Value Description

GGA PE PBE as exchange-correlation functional

ENCUT 520 cutoff energy for the plane-wave-basis set in eV

PREC Accurate precision-mode

NELMIN 4/4/6 minimum number of electronic SCF steps.

NELMDL —/—/-10 number of non-self-consistent steps at the beginning
NELM —/—/300 maximum number of electronic SCF steps performed.
ISMEAR 0/0/-5 partial occupancy for each orbital

SIGMA 0.05/0.05/— determines the width of the smearing in eV

ALGO V specify the electronic minimisation algorithm

LREAL AUTO projection operators evaluation

EDIFF 1E-4/1E-4/1E-6 global break condition for the electronic SC-loop (eV)
EDIFFG -5E-3 break condition for the ionic relaxation loop (eV/A)
NSW 300/300/— maximum number of ionic steps

IBRION 2/1/— scheme to update and move ions

ISIF 2 degrees-of-freedom allowed to change

LWAVE F writing wave functions?

LCHARG F writing charge densities?

LPLANE T plane-wise data distribution in real space?

LSCALU F parallel LU decomposition?
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Table A.8: Settings for isolated molecules. A two-step relaxation scheme was followed. In case an input
parameter changed within this scheme, two values are given, respectively.

Tag Value Description

GGA PE PBE as exchange-correlation functional

ENCUT 520 cutoff energy for the plane-wave-basis set in eV
PREC Accurate precision-mode

NELMIN 4 minimum number of electronic SCF steps.

ISMEAR 0 partial occupancy for each orbital

SIGMA 0.05 determines the width of the smearing in eV

ALGO V specify the electronic minimisation algorithm
LREAL AUTO projection operators evaluation

EDIFF 2E-6 global break condition for the electronic SC-loop (eV)
EDIFFG -5E-3 break condition for the ionic relaxation loop (eV/A)
NSW 3000/ 3000 maximum number of ionic steps

IBRION 2/1 scheme to update and move ions

ISIF 2 degrees-of-freedom allowed to change

LWAVE writing wave functions?

F
LCHARG F writing charge densities?

LPLANE T plane-wise data distribution in real space?

LSCALU F parallel LU decomposition?

IDIPOL 4 monopole/dipole/quadrupole corrections to the total energy
LDIPOL T corrections to the potential and forces

DIPOL 0.50.50.5 center of the cell for calculating dipole-moment

142



Appendix A.

Computational Details

(a) 203.25
203.00 1

-1

202.751
202.50 1
202.251
202.00 1

201.751

Total Energy / meV atom

201.50 1

201.254

400 600
Cutoff Energy / eV

800

(b)

-4.47 1

-4.48 1

-1

-4.49 1

-4.50 4

-4.571

-4.52 1

Total Energy / meV atom

-4.53 1
-4.541

200

400 600
Cutoff Energy / eV

800

-1

Total Energy / meV atom

NN NN
o o o =2 2
2 & ® o N

Total Energy / meV atom™!

[N
o
R

[N
=1
S

2x2

4x4

6x6
k-points

8x8

10x10

-4.4657

-4.4658

-4.4659 1

-4.4660

-4.4661

-4.4662

-2

2x2

4x4

6x6
k-points

8x8

0.598
0.596

I
o
©
r

0.592

Surface Energy / Jm~2

4

6
Number of layers

©

1.17600

1.17575 1

1.17550 4

1.17525 1

1.17500 4

1.17475

Surface Energy / Jm

1.17450

1.17425

4

6
Number of layers

o0 4

Figure A.1: Convergence tests. System energies with respect to (left) the employed cutoff energy, (middle)
the number of k-points and (right) the number of surface layers for (a) Mg(0001) and (b) MgO(100).
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A2

CP2k Settings

1 A.2.1 Born-Oppenheimer Molecular Dynamics

@set data /gpfs/home/wuerger/software/cp2k-2020/data
@set RESTART 1
3 @set PROJECT_NAME mag-wat-MD
@set COORD_FILE mg_2x2_stripe_160H_sol.xyz
&GLOBAL
PROJECT ${PROJECT_NAME}
RUN_TYPE MD

PRINT_LEVEL LOW
PREFERRED_DIAG_LIBRARY ELPA

&END

GLOBAL

3 &MOTION

&MD

ENSEMBLE NVT

&THERMOSTAT
TYPE CSVR
REGION MOLECULE
&CSVR
TIMECON 100
&END CSVR
&END THERMOSTAT

&THERMAL_REGION
&PRINT
&TEMPERATURE
&END
&END PRINT

&DEFINE_REGION #Mg
TEMPERATURE 300
TEMP_TOL 50
LIST 1..308

&END DEFINE_REGION

&DEFINE_REGION #0H+H
TEMPERATURE 300
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10 TEMP_TOL 50
41 LIST 309..356
12 &END DEFINE_REGION

44 &DEFINE_REGION #H20
45 TEMPERATURE 300
46 TEMP_TOL 50

47 LIST 357..968

48 &END DEFINE_REGION
49

50 &END THERMAL_REGION
51 TIMESTEP 0.5

52 STEPS 30000

53 TEMPERATURE 300

54 TEMP_KIND

55 TEMP_TOL 50

56

57 &PRINT

58 &ENERGY

59 &EACH

60 MD 1

61 &END EACH

62 &END ENERGY

64 &PROGRAM_RUN_INFO

65 &EACH

66 MD 10

67 &END EACH

68 &END PROGRAM_RUN_INFO
69 &END PRINT

70 &END MD

71

73 &CONSTRAINT

74 &FIXED_ATOMS

75 LIST 1..48

76 COMPONENTS_TO_FIX XYZ
77 &END

78 &END

79

80 &PRINT

81 &VELOCITIES

82 &EACH

83 MD 1
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&END EACH
&END

&TRAJECTORY
&EACH

MD 1
&END EACH
&END

&FORCES
&EACH
MD 1
&END EACH
&END

&END PRINT

&END MOTION

3 &FORCE_EVAL

METHOD Quickstep
&PRINT
&FORCES ON
&EACH
QS_SCF ©
&END
FILENAME =${PROJECT_NAME}. forces
ADD_LAST NUMERIC
&END
&DISTRIBUTION
&END
&END
&DFT
BASIS_SET_FILE_NAME ${data}/BASIS_MOLOPT
POTENTIAL_FILE_NAME ${data}/GTH_POTENTIALS
WFN_RESTART_FILE_NAME ./mag-wat-MD-RESTART.wfn

CHARGE 0

&MGRID
CUTOFF 500
NGRIDS 5
REL_CUTOFF 50.
&END MGRID
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129 &QS

130 METHOD GPW

131 EXTRAPOLATION USE_PREV_WF
132 EXTRAPOLATION_ORDER 0

133 &END QS

134

135 &SCF

136 MAX_SCF 400

137 ADDED_MOS 700

138 SCF_GUESS RESTART

139 EPS_SCF 5.0E-5

140 CHOLESKY INVERSE_DBCSR
14

142 &SMEAR ON

143 METHOD FERMI_DIRAC
144 ELECTRONIC_TEMPERATURE [K] 500
145 &END SMEAR

146 &DIAGONALIZATION

147 ALGORITHM STANDARD
148 EPS_ADAPT 0.01

149 &END DIAGONALIZATION
150 &MIXING

151 METHOD BROYDEN_MIXING
152 ALPHA 0.08

153 BETA 1.5

154 NBROYDEN 8

155 &END

156

157 &PRINT

158 &RESTART

159 &EACH

160 QS_SCF 50

161 &END EACH

162 &END RESTART

163 &END PRINT

164 &END SCF

165

166 &XC

167 &XC_FUNCTIONAL PBE

168 &END XC_FUNCTIONAL

169

170 &XC_GRID

171 XC_SMOOTH_RHO NN50

147



Appendix A. Computational Details

172 XC_DERIV NN50_SMOOTH

173 &END

174 &VDW_POTENTIAL

175 DISPERSION_FUNCTIONAL PAIR_POTENTIAL
176 &PAIR_POTENTIAL

177 TYPE DFTD3

178 PARAMETER_FILE_NAME ${data}/dftd3.dat
179 REFERENCE_FUNCTIONAL PBE

180 R_CUTOFF [angstrom] 12.0

181 &END PAIR_POTENTIAL

182 &END VDW_POTENTIAL

183 &END XC

185 &PRINT

186 &MULLIKEN

187 FILENAME=mulliken

188 COMMON_ITERATION_LEVELS 10
189 &EACH

190 MD 1

191 &END EACH

192 &END MULLIKEN

193 &END PRINT

194 &END DFT

195 &SUBSYS

196 &CELL

197 ABC 19.0156192780 22.1237201691 50
198 PERIODIC XYZ

199 &END CELL

201 &TOPOLOGY
202 COORD_FILE_NAME ./${COORD_FILE}
203 COORD_FILE_FORMAT XYZ

204 &END

205 &KIND Fe

206 BASIS_SET DZVP-MOLOPT-SR-GTH
207 POTENTIAL GTH-PBE-ql6

208 &END KIND

209

210 &KIND Mg

211 BASIS_SET DZVP-MOLOPT-SR-GTH
212 POTENTIAL GTH-PBE-ql0
213 &END

215 &KIND H
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216 BASIS_SET DZVP-MOLOPT-SR-GTH
217 POTENTIAL GTH-PBE-ql

218 &END KIND

219

220 &KIND O

221 BASIS_SET DZVP-MOLOPT-SR-GTH
222 POTENTIAL GTH-PBE-q6

223 &END KIND

225 &END SUBSYS
26 &END FORCE_EVAL

97

»ns @if ${RESTART} == 1

229 &EXT_RESTART

230 RESTART_FILE_NAME ./${PROJECT_NAME}-1l.restart
RESTART_DEFAULT F

32 RESTART_POS T

233 &END EXT_RESTART

234 @endif

&}

)
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1 A.2.2 Second Generation Car-Parrinello Molecular Dynamics

@set data /gpfs/home/wuerger/software/cp2k-2020/data
@set RESTART 1

; @set PROJECT_NAME mag-wat-MD

@set COORD_FILE mg_2x2_stripe_160H_sol.xyz

&GLOBAL
PROJECT ${PROJECT_NAME}
RUN_TYPE MD

PRINT_LEVEL LOW
PREFERRED_DIAG_LIBRARY ELPA
&END GLOBAL

3 &MOTION

&MD
ENSEMBLE LANGEVIN
TIMESTEP 0.5
STEPS 30000
TEMPERATURE 300
TEMP_KIND
TEMP_TOL 50

&LANGEVIN
GAMMA 0.005
NOISY_GAMMA 4.0E-5
&END LANGEVIN

&THERMAL_REGION
DO_LANGEVIN_DEFAULT TRUE
&PRINT

&TEMPERATURE
&END
&END PRINT

&DEFINE_REGION #Mg
TEMPERATURE 300
TEMP_TOL 50
NOISY_GAMMA_REGION 4.2E-5
LIST 1..308

&END DEFINE_REGION

&DEFINE_REGION #0H+H
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TEMPERATURE 300
TEMP_TOL 50
NOISY_GAMMA_REGION 1.6E-4
LIST 309..356

&END DEFINE_REGION

&DEFINE_REGION #H20
TEMPERATURE 300
TEMP_TOL 50
NOISY_GAMMA_REGION 1.6E-4
LIST 357..968

&END DEFINE_REGION

&END THERMAL_REGION

&PRINT
&ENERGY
&EACH
MD 1
&END EACH
&END ENERGY

&PROGRAM_RUN_INFO
&EACH
MD 10
&END EACH
&END PROGRAM_RUN_INFO
&END PRINT
&END MD

&CONSTRAINT
&FIXED_ATOMS
LIST 1..48
COMPONENTS_TO_FIX XYZ
&END
&END

&PRINT
&VELOCITIES
&EACH
MD 1
&END EACH
&END
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&TRAJECTORY
&EACH

MD 1
&END EACH
&END

&FORCES
&EACH
MD 1
&END EACH
&END

&END PRINT

&END MOTION

3 & FORCE_EVAL

METHOD Quickstep
&PRINT
&FORCES ON
&EACH
QS_SCF ©
&END

FILENAME =${PROJECT_NAME}. forces

ADD_LAST NUMERIC
&END
&DISTRIBUTION
&END
&END
&DFT

BASIS_SET_FILE_NAME ${data}/BASIS_MOLOPT
POTENTIAL_FILE_NAME ${data}/GTH_POTENTIALS

WFN_RESTART_FILE_NAME

CHARGE 0

&MGRID
CUTOFF 500
NGRIDS 5
REL_CUTOFF 50.
&END MGRID

&QS
METHOD GPW

./mag-wat-MD-RESTART .wfn
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EXTRAPOLATION ASPC
EXTRAPOLATION_ORDER @

&END QS
&SCF
MAX_SCF 50

MAX_SCF_HIST 15
SCF_GUESS RESTART

&0T ON
N_HISTORY_VEC 13
MINIMIZER DIIS
PRECONDITIONER FULL_SINGLE_INVERSE
ENERGY_GAP 0.002
STEPSIZE 0.01
CHOLESKY INVERSE_DBCSR
&END OT
&OUTER_SCF
MAX_SCF 80
EPS_SCF 5.0E-5
&END OUTER_SCF

&PRINT
&RESTART
&EACH
QS_SCF 50
&END EACH
&END RESTART
&END PRINT
&END SCF

&XC
&XC_FUNCTIONAL PBE
&END XC_FUNCTIONAL

&XC_GRID
XC_SMOOTH_RHO NN50
XC_DERIV NN50_SMOOTH
&END
&VDW_POTENTIAL
DISPERSION_FUNCTIONAL PAIR_POTENTIAL
&PAIR_POTENTIAL
TYPE DFTD3
PARAMETER_FILE_NAME ${data}/dftd3.dat
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175 REFERENCE_FUNCTIONAL PBE
176 R_CUTOFF [angstrom] 12.0
177 &END PAIR_POTENTIAL

178 &END VDW_POTENTIAL

179 &END XC

181 &PRINT

182 &MULLIKEN

183 FILENAME=mulliken

184 COMMON_ITERATION_LEVELS 10
185 &EACH

186 MD 1

187 &END EACH

188 &END MULLIKEN

189 &END PRINT

190 &END DFT

191 &SUBSYS

192 &CELL

3 ABC 19.0156192780 22.1237201691 50
194 PERIODIC XYZ

195 &END CELL

196

197 &TOPOLOGY

198 COORD_FILE_NAME ./${COORD_FILE}
199 COORD_FILE_FORMAT XYZ

200 &END

201 &KIND Fe

202 BASIS_SET DZVP-MOLOPT-SR-GTH
203 POTENTIAL GTH-PBE-ql6

204 &END KIND

206 &KIND Mg

207 BASIS_SET DZVP-MOLOPT-SR-GTH
208 POTENTIAL GTH-PBE-ql0

209 &END

211 &KIND H
212 BASIS_SET DZVP-MOLOPT-SR-GTH
213 POTENTIAL GTH-PBE-ql

214 &END KIND

215

216 &KIND O

217 BASIS_SET DZVP-MOLOPT-SR-GTH
218 POTENTIAL GTH-PBE-qg6
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219 &END KIND

221 &END SUBSYS
2> &END FORCE_EVAL

24 @if ${RESTART} == 1

225 &EXT_RESTART

226 RESTART_FILE_NAME ./${PROJECT_NAME}-1l.restart
227 RESTART_DEFAULT T

28 # RESTART_VEL T

29 # RESTART_POS T

230 &END EXT_RESTART

231 @endif
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1 A.2.3 Well-Tempered Metadynamics with PLUMED

RESTART

3 mg: GROUP ATOMS=296
oatoms: GROUP ATOMS=309-324,357-966:3

'S

mgsur: GROUP ATOMS=241-288
cl: COM ATOMS=241-288

]

dl: DISTANCE ATOMS=cl,mg COMPONENTS NOPBC
10 coor: COORDINATION GROUPA=mg GROUPB=mgsur R_0=0.34 NOPBC

2 # Activate well-tempered metadynamics

13 metad: METAD ARG=dl.z,coor

14 PACE=100 HEIGHT=3.0 # Deposit a Gaussian every 100 time steps, with
initial height equal to 3.0 kJ/mol.

15 BIASFACTOR=20.0

16 SIGMA=0.05,0.1

17 FILE=HILLS GRID_MIN=0,0 GRID_MAX=6,12

18 TEMP=300.0

21 # Print both collective variables and the value of the bias potential on
COLVAR file
> PRINT ARG=dl.z,coor,metad.bias FILE=COLVAR STRIDE=1
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SUPPLEMENTARY SIMULATION INFORMATION

B.1 Charge Evolution in Magnesium Corrosion

Bader charge / e Bader charge / e Bader charge / e
0.0 -0.96  0.72 0.0 -1.29

c

clean surface

‘Hzoad

Bader charge / e Bader charge / e
0.0 -1.60 . 0.0

‘OHad

Figure B.1: Surface Bader charges. (a) clean Mg(0001) surface, (b) adsorbed hydrogen, (c) adsorbed water,
(d) adsorbed hydroxide and (e) adsorbed hydroxide and hydrogen. Note that the color scales correspond to the
respective maximum and minimum values.
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Figure B.2: Bader charge evolution during the NEB simulation of the Volmer step (including one water
bilayer). Characteristic reaction steps (a-f) were visualized without the surrounding water bilayer. Atoms which
appear to take part in the reaction were labeled, and their bader charge was plotted with respect to the reaction
coordinate.
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2nd layer hcp sites
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Figure B.3: Bader charge evolution during the NEB simulation of the Tafel step (including one water
bilayer). Characteristic reaction steps (a-f) were visualized without the surrounding water bilayer. Atoms which
appear to take part in the reaction were labeled, and their bader charge was plotted with respect to the reaction
coordinate.
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2nd layer hcp sites
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Figure B.4: Bader charge evolution during the NEB simulation of the Heyrovski step (including one
water bilayer). Characteristic reaction steps (a-f) were visualized without the surrounding water bilayer. Atoms
which appear to take part in the reaction were labeled, and their bader charge was plotted with respect to the
reaction coordinate.
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Figure B.5: Complex formation energies of Mg and Mg(OH)2 with water. CN = coordination number. Driving
force for the formation of Mg(OH), (inlay).
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Figure B.6: Minimum energy pathway and bader charge evolution of Mg dissolution (including four
water bilayers). Characteristic reaction steps were visualized including the first solvation shell of the Mg ion.
The bader charge of the dissolving Mg ion was plotted with respect to the reaction coordinate.
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Figure B.7: Mg dissolution model for the NEB calculation. (left) Initial state. (right) Final state. Interpola-
tion with 48 NEB images between both states defines the band for modeling the dissolution pathway.
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B.2 Surface Adsorption

Table B.1: Adsorption energies and corrosion inhibition efficiencies of 45 compounds.

Compound SMILES IE/ % E,q/eV
1,2-Hydroxyethylpiperazine C1CN(CCNI1)CCO -96 -1.41
2,3-Pyrazinedicarboxylic acid  clcnc(c(nl)C(=0)0)C(=0)O 59 -3.85
2-Amino-5-methylbenzoic acid clc(c(cc(c1)C)C(=0)O)N 78 -2.53
3,4-Dihydroxybenzoic acid cle(eee(c10)0)C(=0)0 -12 -2.54
3,5-Dimethylpyrazole cl(cc(n[nH]1)C) 27 -0.35
3,5-Dinitrosalicylic acid cl(c(c(ce(c1)N(=0)=0) 48 -3.41
C(=0)0O)0O)N(=0)=0
3-Amino-1,2,4-triazole cl[nH]nc(nl)N 23 -0.19
3-Methylcatechol cl(c(c(cec1)O)0)C -1 -0.17
3-Methylsalicylic acid cl(c(c(cecl)C(=0)0)0)C 97 -2.99
4-Aminosalicylic acid cle(c(cecIN)C(=0)O)O 85 -2.82
4-Hydroxybenzoic acid cle(eee(c1)O)C(=0)0 10 -2.53
Acetamide CC(=0)N 2 -0.35
Acetohydroxamic acid CC(=O)NO 6 -0.23
Alanine [C@H](C)(C(=0)O)N -21 -2.62
Benzoic acid clee(ececl)C(=0)0 34 -2.58
Benzotriazole clcee2e(cl)nn[nH]2 23 -0.44
Bipyridine cl(cceenl)cleccenl 31 -0.56
Bismuthiol cl(nnc(s1)S)S 55 -0.70
Diglycolic acid C(=0)(C)COCC(=0)C 86 -4.26
Ethylendiamine C(CN)N -61 -0.08
Fumaric acid C(=C\C(=0)0)/C(=0)0 84 -4.00
Gluconic acid C(C(C(C(C(C(=0)0)0)0)O0)O)O 58 -2.49
Glycine C(C(=0)O)N -43 -2.37
Glycolic acid C(=0)(O)CO 65 -2.74
Kojic acid cl(cc(=0)c(col)0)CO 46 -1.97
Leucine [C@H](CC(C)C)(C(=0)O)N -17 -2.49
Malonic acid C(=0)(0)CC(=0)O -26 -3.91
Mandelic acid cleec(ecl)[C@ @H](C(=0)0)0O 61 -2.88
Oxalic acid C(=0)(0)C(=0)0 86 -3.66
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Panthenol

Phenylalanine

Phtahlic acid

Picolinic acid

Piperazine

Proline

Pyridazine
Pyridine-2,5-dicarboxylic acid
Pyridine-2,6-dicarboxylic acid
Quinic acid

Salicylaldehyde

Salicylic acid
Triethylentetraamine

Tris

Uracil

Valine

CC(O)(CO)C(C(=0)NCCCO)O
[C@H](Cclcceecl)(C(=0)O)N
clc(e(cec)C(=0)0)C(=0)0
cl(cccenl)C(=0)O
CI1CNCCNI1

C1CC[C@ @H](C(=0O)O)N1
clenncel
cl(cce(C(=0)0)cnl)C(=0)O
cl(ccee(n1)C(=0)O)C(=0)0
C1C(C(C(CC1(C(=0)0)0)0)0)O
cle(e(ecec1)C=0)0
cle(e(eecl)C(=0)0)0
C(CNCCNCCN)N
C(CO)(CO)(CO)N
[nH]1cce(=0O)[nH]c1=0
[C@H](C(C)C)(C(=0)O)N

-8
16
41
21
-34
-34
29
83
90
59

-0.23
-2.47
-3.85
-2.34
-0.07
-2.10
-0.84
-3.80
-3.80
-2.717
-2.46
-2.26
-0.30
-0.26
-0.84
-2.21
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EXPERIMENTAL DETAILS

C.1 Corrosion Inhibition Experiments

In corrosion experiments, hydrogen evolution is measured in the presence of modulators and
referenced to the sodium chloride electrolyte in the absence of these compounds. The effect
of a modulator is quantified by the corrosion inhibition efficiency, Equation (2.50), which is
positive for corrosion inhibitors and negative for corrosion accelerators (cf. Section 2.3):
0 mod
~ Va, =V,

IE = 212 100%. (C.1)

H»
Eudiometers (Art. No. 259110-500 from Neubert-Glas, Germany) were used for these
investigations. A flask below the eudiometer was filled with a piece of the bulk Mg sample
and 500 ml of electrolyte (0.5 wt.% NaCl) without (denoted hereafter as reference) and with
addition of a dissolution modulator. The reference value was determined from the normalized
volume of hydrogen evolved (Vo u,) after 20 h of immersion. Most Mg samples were exposed
to an electrolyte solution containing 0.05 m of dissolution modulator for 20 h with the initial
pH being adjusted by NaOH/HCl to 6.8 + 0.5 and the volume of evolved hydrogen quantified
(Vmod,H,)- In additional experiments extending the given database, water displaced by
evolved hydrogen was automatically quantified (SKX series from OHAUS coupled with
USB data logger OHAUS 30268984) and the data recorded for further processing using an

t.l7

in-house Python script.'’ The testing time is considered to be sufficient as the hydrogen

evolution rate is in a steady state after roughly 10h. %!’

Table C.2: Experimental results of the performed hydrogen evolution experiments for validation of the
KRR model. Inhibition efficiency is abbreviated as IE; a, b and ¢ define the length, width, and thickness of the
CPMg220 bulk sample, respectively.
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Compound H, H, IE final a b ¢ surface

/mL /mLcm™2 /% pH /mm /mm /mm /cm™>
0.5% NaCl 83.53 18.25 — 1038 13.30 11.84 2.84 4.58

95.74 26.87 — 1042 1044 9.71 3.81 3.56

118.19  25.36 — 10.56 13.33 11.82 3.00 4.66
Reference — 23.49 — — — — — —
Dimethyl- 73.36 14.63 37.70 9.20 13.68 1241 3.10 5.01
5-hydroxyiso- 45.07 12.78 45.60 9.17 1030 9.44 4.01 3.53
phthalate 112.31  22.79 3.00 9.29 12.63 13.19 3.09 4.93
1,2,3,4- 67.76 14.68 37.50 9.57 1325 11.77 299 4.62
Butanetetra- 60.93 17.64 2490 7.71 1033 9.53 3.74 3.45

carboxylic acid 90.63 18.84 19.80 10.05 13.15 1237 3.05 4.81

B-Alanine 20645 44.66 -90.10 10.06 11.76 1332 297 4.62
14294  41.28 -75.70 10.01 1030 9.24 399 3.46
208.62 4490 -91.10 10.14 11.79 1330 3.01 4.65

2-Nitro- 38.96 8.07 65.60 1095 13.07 1240 3.11 4.83
terephthalic acid 25.48 6.89 70.70 10.88 10.46 9.62 4.20 3.70
37.17 7.78 6690 10.89 13.33 11.75 3.28 4.78

2-Aminopyridine- | 49.95 10.72 5440 10.45 13.30 11.80 3.03 4.66
3-carboxylic acid | 40.44 11.20 5230 8.54 1041 9.62 4.01 3.61
50.31 10.77 5420 9.34 1332 11.83 3.02 4.67

Pyrazine- 64.32 14.53 38.20 10.58 11.64 13.14 2776 4.43
carboxylic acid 215772 3492 -48.60 10.61 15.58 14.40 2.82 6.18
140.28  29.33 -24.80 10.67 13.21 1253 286 4.78
63.62 14.49 38.30 10.32 12.08 1335 229 4.39

Benzamide 42420 37779 -60.90 10.59 19.13 19.86 4.65 11.22
24492  40.05 -70.50 10.56 14.36 1551 278 6.12
11046  24.15 -2.80 10.62 13.36 11.87 2.78 4.57
214.03 3271 -39.20 1030 14.50 1628 296 6.54

Dimethyl-2,6- 24.11 509 7830 8.82 12.23 1337 2.86 4.73
pyridine- 49.00 1038 55.80 8.80 12.25 1324 290 4.72
dicarboxylate 48.59 9.99 5750 8.65 12.69 12.60 3.29 4.86
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1,2-Hexanediol 99.22 21.27 940 1037 11.72 1325 3.12 4.66
155.92  26.84 -14.30 10.35 13.81 1528 2.73 5.8l
108.5 21.15 10.00 10.38 13.23 12.89 3.29 5.13

N,N’-Trimethyl- 230.61 34.14 -45.30 10.59 14.39 1556 3.80 6.75
eneurea 337.54 3226 -37.30 10.56 18.66 20.52 3.58 10.46
371.35 38.00 -61.80 10.62 19.03 19.05 3.31 9.77
172.50 2458 -4.60 10.29 16.44 1445 3.67 7.02
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Table C.1: Elemental composition. The elemental composition of commercially pure Mg containing 220 ppm
iron impurities (CPMg220). Balance Mg.

Element content / wt. %o
Fe Cu Ni Al Mn Ce Zn Si Ca Zr
0.220 0.005 < 0.002 0.130 0.150 < 0.004 0.004 0.053 0.004 0.005
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Table C.3: Experimental results of the performed hydrogen evolution experiments for validation of the
similarity-based discovery workflow. Inhibition efficiency is abbreviated as IE; a, b and c define the length,
width, and thickness of the CPMg220 bulk sample, respectively.

Compound H, H, IE final a b ¢ surface
/mL /mLcm™2 /% pH /mm /mm /mm /cm™>
0.5% NaCl 83.53 18.25 — 10.38 13.30 11.84 2.84 4.58
95.74 26.87 — 1042 1044 9.71 3.81 3.56
118.19 25.36 — 10.56 13.33 11.82 3.00 4.66
Reference — 23.49 — — — — — —
2-nitrobenzoic 95.59 14.80 37.10 10.77 14.72 16.18 2.76 6.47
acid 136.27 2420 -3.20 1093 15.57 13.92 2.18 5.62
84.41 15.10 35.60 11.10 15.55 14.72 1.66 5.58
3-nitrophthalic 43,74 7.80 66.80 11.17 14.47 1293 341 5.61
acid 33.07 5.17 78.00 11.19 1542 16.03 230 6.39
36.24 572 7570 11.17 16.26 1496 236 6.34
1-2-4-benzene 28.84 5.60 76.20 11.08 13.65 11.83 3.77 5.15

tricarboxylic acid | 19.73 413 8240 11.09 13.47 13.07 237 4.78
24.15 4.14 8240 11.11 1523 1483 220 5.84

4-nitrophthalic 54.06 11.09 52.80 11.08 13.96 11.29 341 4.87
acid 28.66 4.61 8040 11.11 1643 14.65 225 6.21
26.67 573 75.60 11.10 13.70 12.60 2.29 4.66

3-hydroxy-4-nitro | 118.68 17.75 2440 9.62 1930 8.85 5.81 6.69
benzoic acid 184.14 2930 -24.70 9.51 14.89 1647 220 6.28
95.36 1448 3840 9.12 1953 872 563 6.59
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C.2 Discharge Experiments

The underlying discharge experiments were performed using a multi-channel IVIUM OctoStat
in the conventional three-electrode arrangement. The experimental setup is illustrated in
Figure C.1. An as-cast Mg-0.15Ca alloy was adopted as working electrode (elemental
composition: 21 ppm Al, 14 ppm Fe, 2 ppm Ni, 2 ppm Cu, 160 ppm Mn, 56 ppm Si, and
2 ppm Zn) and embedded into resin. A surface area of 2.25 cm? was left exposed and was
ground with SiC emery papers of up to 1200 grit. An Ag/AgCl electrode and coiled Pt
wire were employed as the reference and the counter electrode, respectively. A solution
of 3.5 wt.% NaCl was used as reference electrolyte. For each testing electrolyte, 0.1 M of
electrolyte additive was added into NaCl solution, resulting in a total volume of 350 ml.
All electrolytes were prepared with deionized water. Almost all the additive-containing
electrolytes were neutralized to pH 7.0 = 0.1 by adding 0.1 M NaOH, except for 1,4-bis(2-
hydroxyethyl)piperazine (initial pH 10.17) and triethanolamine (initial pH 9.81). The
discharge curves were recorded for 4 h at a constant current density of 5mA cm™2. During
this period, the electrolyte was continuously stirred at 350 rpm. The discharge tests for each
additive-containing electrolyte were repeated for three times to ensure reproducibility. Then,
DP was determined as the average value of the observed discharge potential and UE was

calculated according to
Wiheo

act

UE =

- 100%. (C.2)

Here, Wineo and W, represent theoretical and actual weight loss of the anode, respectively.

Wiheo 18 calculated according to Faraday’s second law in electrolysis:

Wiheo =

7o (C.3)
where [ is the applied current, ¢ the discharge time, and F' the Faraday constant. M and n
represent the atomic mass and the ionic valence of the anode material, respectively. After the
discharge products were removed by immersion in chromic acid for 5 min, W, was obtained
as the weight difference of the anode before and after the discharge test.

In the experiment, compound II.1 (4-isopropylbenzoic acid) showed unusual discharge
behavior, resulting in an abnormal discharge potential (DP). The results from three parallel
discharge tests are shown in Figure C.2. The DP of a Mg-0.15Ca anode in 4-isopropylbenzoate-
containing electrolyte continuously jumps between -1.2 and -0.2 V vs. Ag/AgCl. 4-
isopropylbenzoate is reported as an efficient corrosion inhibitor for pure Mg and AZ-series

Mg alloys. '“ It is very likely that the gradual positive shift of discharge potential is caused
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Discharge
Potential
DPinV

vs. Ag/AgCl
Utilization
Efficiency
UEin %

<7 =

W =

Figure C.1: Experimental setup for half-cell measurements. (1) PC; (2) potentiostat; (3) 3.5 wt.% NaCl;
(4) electrolyte additives; (5) counter electrode (Pt wire); (6) working electrode (Mg-Ca alloys); (7) reference
electrode (Ag/AgCl); (8) stir bar.

by the formation of a passive layer on the electrode surface. The sudden negative shift of
discharge potential is due to the self-peeling of this passive layer after the accumulation of
discharge products on the electrode surface. During the experiment, passive layer formation

and self-peeling alternate, leading to the observed discharge behavior.

Discharge potential DP / V vs. Ag/AgCl
)
[o2]

00 05 10 15 20 25 30 35 40
Discharge timet/h

Figure C.2: Discharge curves for 4-isopropylbenzoic acid (compound Il.1). Results are shown for three
samples.
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Table C.4: Experimental results of the performed discharge experiments. The horizontal line denotes the

start of the test set.

Utilization Efficiency

Discharge Potential

Additive

!/ % /'Vvs. Ag/AgCl
8-HQ-5-Sulfonic acid 59.72 + 3.66 -1.55 £ 0.01
Salicylic acid 59.00 + 3.22 -1.60 + 0.01
L-Lysine 52.70 + 8.44 -1.59 £ 0.02
2-hydroxy-5-nitrobenzoic acid 51.00 + 1.83 -1.52 £ 0.02
3.5% NaCL 51.78 £2.98 -1.55 £ 0.02
Fumaric acid 52.13 +2.88 -1.44 + 0.03
ACES 40.79 £ 5.17 -1.72 £ 0.06
Malonic acid 46.39 +3.43 -1.53 £ 0.02
5-Aminosalicylic acid 46.73 = 1.80 -1.55 £ 0.01
Diglycolic acid 47.94 + 4.75 -1.55 £ 0.01
5-methyl-2-nitrobenzoic acid 41.08 + 8.31 -1.54 £ 0.01
Tapso 32.88 + 3.65 -1.80 + 0.03
Citric acid 46.48 + 1.83 -1.56 £ 0.01
Maleic acid 42,73 +2.94 -1.46 + 0.01
Ascorbic acid 41.15 £ 4.09 -1.55 £ 0.01
CHES 31.85 +1.88 -1.84 + 0.01
EDTA 35.39 + 2.66 -1.61 £ 0.02
L-Cysteine 36.54 + 3.35 -1.63 £ 0.10
Thiosalicylic acid 41.76 = 1.90 -1.57 £ 0.01
Oxalic acid 4522 +5.23 -1.38 = 0.08
5-Sulfosalicylic acid 39.23 £ 1.14 -1.65 £ 0.02
Tricine 32.26 + 1.65 -1.61 = 0.01
Triethylenetetramine 38.14 + 6.52 -1.56 + 0.01
3,5-DHB 3935+ 1.35 -1.65 £ 0.04
Tris 38.92 + 1.27 -1.54 £ 0.03
3.4-Dimethylbenzoic acid 38.90 +4.70 -1.50 £ 0.04
HEPES 28.63 + 2.61 -1.85 +0.03
4-HBA 38.69 £ 0.75 -1.58 £ 0.01
NTA 29.43 +4.46 -1.63 + 0.03
2,6-DHB 38.45 +£2.85 -1.61 £ 0.01
3,4-DHB 33.75 £2.22 -1.64 + 0.00
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2,3-DHB 31.11 £ 3.88 -1.61 £ 0.02
5-Methylsalicylic acid 35.90 £ 3.71 -1.54 £ 0.01
Bicine 26.08 £ 0.92 -1.71 £ 0.05
EGTA 25.93 + 0.64 -1.61 + 0.01
DTPA 25.74 + 1.80 -1.61 £ 0.01
3-Methylsalicylic acid 33.78 +2.31 -1.27 £ 0.13
Tiron 16.35 £ 0.10 -1.68 = 0.03
Taurine 2452 +1.74 -1.86 + 0.05
1,3,4-Thiadiazole-2,5-dithiol 40.61 = 3.71 -1.64 £ 0.22
dipotassium salt

Sodium-4-hydroxybenzenesulfonate 25.57 £ 1.03 -1.77 £ 0.04
Hydroquinonesulfonic acid 44.05 £5.82 -1.65 £ 0.04
3-Amino-4-hydroxybezenesulfonaic 28.98 +2.26 -1.85 £ 0.04
acid

BES 33.00 + 4.07 -1.81 £ 0.04
MOPS 29.60 + 7.27 -1.81 + 0.05
Sodium-1-butanesulfonate 41.74 £ 5.50 -1.54 £ 0.02
TES 30.12 £ 4.34 -1.84 + 0.03
MES 44.19 £ 5.67 -1.56 £ 0.01
Sulfonllic acid 42.19 +4.17 -1.54 + 0.01
3-Nitrobezenesulfonic acid 35.06 + 1.29 -1.53 £ 0.01
1,4-Benzenedimethanol 41.44 + 8.85 -1.55+£0.02
1,4-Bis(2-hydroxyethyl)piperazine 46.19 £ 5.31 -1.57 £ 0.01
4-Amino-3-hydroxy-1-naphthalene- 40.78 + 7.46 -1.78 £ 0.03
sulfonic acid

1-Pentanesulfonic acid 61.13 +£4.51 -1.55 £ 0.01
4-Aminobutyric acid 42.50 £ 0.85 -1.69 + 0.03
4-Isopropylbenzoic acid 38.71 +£ 3.83 -0.74 £ 0.03
CAPS 49.87 + 6.40 -1.61 + 0.01
Gallic acid 39.37 £7.67 -1.62 £ 0.01
Triethanolamine 44.43 + 1.56 -1.56 £ 0.01
2-Methoxybenzoic acid 50.67 £ 2.51 -1.54 £ 0.01
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MACHINE LEARNING MODELS

D.1 Corrosion Inhibition Efficiency
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Figure D.1: Experimental data distribution of corrosion inhibitors. (a) Commercial purity magnesium with
220 ppm iron impurities. (b) Magnesium alloy ZE41.
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Figure D.2: Hyperparameter tuning of kernel ridge regression model to predict the IE. To minimize the
prediction error for the inhibition efficiency, a number of hyperparameters for the SOAP-REMatch kernel and for
the kernel ridge regression model are optimized using grid search with k-fold cross-validation.
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Figure D.3: Errors of the kernel ridge regression model predicting the IE. Training (gray) and test error
(blue) by means of a linear least squares fit of the predicted and measured values. The training and test set
include 78 and 10 structures, respectively. The red, dashed line represents a perfect correlation. Benzamide
was omitted because of precipitation during the experiment.
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Figure D.4: Performance evaluation of the KRR model. Comparison of the prediction accuracy of the kernel
ridge regression (KRR) (depicted in blue), based on the SOAP-REMatch kernel, and the developed artificial
neural network (ANN) approach (depicted in gray) by means of a linear least squares fit of the predicted and
measured values. The red, dashed line represents a perfect correlation.
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Figure D.5: K-means clustering of a sketch-map comprising 152 structures. After screening the sum of
squared error and the silhouette coefficient with respect to the number of clusters, an optimal number of nine
clusters was determined (centroids denoted as gray circles). Generally, the determined clusters agree well
with the clusters already defined by visual inspection. Differences are that the orange cluster was split into

a cluster a and b as cluster a solely consists out of yet untested structures. The k-means algorithm assigns
four additional structures to cluster e that were not considered during the visual inspection due to a noticeable
gap. Parts of the remaining clusters identified by the k-means algorithm are included in cluster f that was
loosely defined based on the varying inhibition efficiencies within the cluster. Due to the nature of the k-means
clustering algorithm, several structures that were not assigned to any cluster during visual inspection, are now
assigned to a cluster. It is noteworthy that other clustering algorithms presumably would lead to differing cluster
definitions.
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Figure D.6: Sketch-map comprising structures of the QM7b database and 152 individual chemicals
(7363 structures in total). The dots are colored according to predicted IEs by means of KRR. The KRR model
was trained on 78 experimental IEs (black-rimmed dots). For the sake of clarity, four outliers of the individual
dataset and two of the QM7b database have been excluded from the visualization. By referencing the selected
compound 5 (large black-rimmed dot) to the underlying SOAP kernel, five highly similar molecules can be
determined (dashed black-rimmed dots) along with their predicted IE values.
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Table D.1: List of all 152 compounds included in the sketch-map along with their SMILES strings. For
structures where no experimental inhibition efficiency |Eex, is available a predicted inhibition efficiency IExrr
based on kernel ridge regression (KRR) is presented. For the blind validation test structures, both values are
shown.

Compound SMILES IEexp / % IEkrr
! %o
2-Amino-5-methyl-salicylic acid cle(c(ee(c1)C)C(=0)O)N 78
3-Amino-1,2,4-triazole cl[nH]nc(nl)N 23
3-Methyl-salicylic acid cl(c(c(cecl)C(=0)0)0)C 97
3-Methyl-catechol cl(c(c(ecec1)O)O)C -1
4-Amino-salicylic acid cle(e(ecccIN)C(=0)0)O 85
4-Hydroxybenzoic acid cle(eee(c1)O)C(=0)0 10
5-Amino-salicylic acid cle(e(ec(c1)N)C(=0)0)0O 86
5-Methyl-salicylic acid cle(e(ee(c1)C)C(=0)0)0 72
5-Nitrobarbituric acid C1(=0)C(C(=0O)NC(=O)N1) 82
N(=0)=0
3.4-Dipicolinic acid cl(c(ccenl)C(=0)0O)C(=0)0 64
2,5-Dipicolinic acid cl(cce(C(=0)0)enl)C(=0)0O 83
2,6-Dipicolinic acid cl(ccee(nl)C(=0)0)C(=0)0 90
3.4-Hydroxybenzoic acid cle(eee(c10)0)C(=0)0 -12
3,5-Dimethyl-pyrazole cl(cc(n[nH]1)C) 27
5,5-Dimethylhydation C1(CNC(=O)N1)(C)C -28
3,5-Dinitro-salicylic acid cl(c(c(ce(c1)N(=0)=0)C(=0)0)0) 48
N(=0)=0
Acetohydroxamic acid CC(=O)NO 6
Alanine [C@H](C)(C(=0)O)N -21
Asparagine [C@H](CC(=0)N)(C(=0)O)N 1
Aspartic acid [C@H](CC(=0)O)(C(=0)O)N 14
Benzoic acid clee(eecl)C(=0)0 34
Benzotriazole clcec2e(cl)nn[nH]2 23
Bipyridine cl(cccenl)cleceenl 31
Bismuthiol cl(nnc(s1)S)S 55
Citric acid C(C(CC(=0)0)(C(=0)0)0) 65
C(=0)0
Cystein [C@H](CS)(C(=0)O)N 29
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CyDTA

Dodecylbenzenesulfonic acid

Dimethylglyoxime
Diglycolic acid
Ethylenediamine
EDTA

Fumaric acid

Gluconic acid

Glutamic acid
Glycine
Glycolic acid
Histidine
Kojic acid

Lauroylsarcosine

Leucine
Lysine
Maleic acid
Malonic acid
Maltol
Mandelic acid
Methionine

Nicotinic acid

Nitrilotriacetic acid

Oxalic acid

para-tert-Butylbenzoic acid

para-Toluic acid

Panthenol

Phenylalanine
Phthalic acid

Picolinic acid

CICCC(C(CI)N(CC(=0)O)CC
(=0)O)N(CC(=0)0O)CC(=0)O
cl(cce(ec)CCCCCCCCCCCO)
S(=0)(=0)0O
C(=N\O)(/C(=N/O)/C)C
C(=0)(C)COCC(=0)C

C(CN)N
C(CN(CC(=0)O)CC(=0)0)
N(CC(=0)O)CC(=0)O
C(=C\C(=0)0)/C(=0)0O
[C@H]([C@@H]([C@H]([C@H]
(CO)0)0)0)(C(=0)0)O
[C@H](CCC(=0)O)(C(=0)O)N
C(C(=0)O)N

C(=0)(O)CO
[C@H](Cc1[nH]cnc1)(C(=0)O)N
cl(cc(=0)c(col)O)CO
C(=0)(O)CN(C)C(=0) cccecce-
CCCcCcCC
[C@H](CC(C)C)(C(=0)O)N
[C@H](CCCCN)(C(=0)O)N
C(=C\C(=0)O)\C(=0)0O
C(=0)(0)CC(=0)0O
cl(c(c(=0)ccol)O)C
cleec(ecl)[C@ @H](C(=0)0O)O
[C@H](CCSC)(C(=0)O)N
cle(cecenl)C(=0)O
N(CC(=0)0)(CC(=0)0)CC(=0)0O
C(=0)(0)C(=0)0
clc(eee(c1)C(C)(C)O)C(=0)O
cle(cee(c1)C)C(=0)0
C(=0)(NCCCO)[C@H](C(C)
(CO)O)O
[C@H](Cclcceecl)(C(=0)O)N
clc(e(cecl)C(=0)0)C(=0)0
cl(ccecenl)C(=0)O
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Piperazine C1CNCCNI1 -34 -
Proline C1CC[C@ @H](C(=0)O)N1 -34 -
Quinaldic acid cl(cec2e(nl)ceec2)C(=0)0 85 -
Quinic acid [C@@]1(CC[C@H]([C@@H] 59 -
([C@@H]10)0)0)(0)C(=0)O
Salicylaldehyde cle(c(eecl)C=0)0 98 -
Salicylaldoxime cle(e(eecl)/C=N/O)O 55 -
Salicylhydroxamic acid cle(e(eecl)C(=0)NO)O 75 -
Salicylic acid cle(c(cec)C(=0)0)0 92 -
Serine [C@H](CO)(C(=0)O)N 14 -
Tartaric acid [C@H](J]C@H](C(=0)0)0) 64 -
(C(=0)0)O
Threonine [C@H]([C@ @H](C)O)(C(=0)O)» 42 -
Triethylentetraamine C(CNCCNCCN)N -67 -
Tris(hydroxymethyl)aminomethane ~ C(CO)(CO)(CO)N =72 -
Uracil [nH]1cce(=0)[nH]c1=0 -26 -
Valine [C@H](C(C)C)(C(=0)O)N -23 -
Trimesic acid clc(ce(ec1C(=0)0)C(=0)0) 90+ 9 -
C(=0)0
n-Octyl gallate cl(c(c(ce(c])C(=0)OCCCC 89 + 8 -
CCCC)0)0)0
Dimethylolpropionic acid C(C(=0)0)(C)(Co)Co 54 + 23 -
Acetamide CC(=0O)N 2+ 19 -
Pyridazine clennecl 29 +8 -
2,3-Pyrazinedicarboxylic acid clene(c(nl)C(=0)0)C(=0)0 59 +13 -
1-(2-Hydroxyethyl)piperazine CICN(CCND)CCO -96 + 43 -
Dimethyl-2-5-pyridine-dicarboxylate COC(=0O)clccc(ncl)C(=0)0C - 58
Dimethyl-2-6-pyridinedicarboxylate COC(=0)clccee(nl)C(=0)OC 64+19 63
Methyl-pyridazine-4-carboxylate COC(=0O)clcenncl - 53
Pyrazinecarboxylic acid OC(=0O)clencenl 1+41 18
Pyrimidine-2-carboxylic acid OC(=0O)clnccenl - 20
4-Pyridazinecarboxylic acid OC(=0O)clcenncl - 43
Pyridazine-3-carboxylic acid OC(=0O)clccennl - 42
2-3-Pyrazinedicarbonitrile N#Cclncenc1 C#N - 52
Pyrimidine clenencl - -1
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4-4-Dimethoxy-2-2-bipyridine
2-2-Bipyridine-4-4-dicarboxylic acid

2-2-Bipyridyl
2-Ethyl-1-3-hexanediol
2-4-Diethyl-1-5-pentanediol
1-5-Hexanediol

2-Ethyl-1-hexanol
3-Methyl-1-5-pentanediol
1-2-Hexanediol

1-2-6-Hexanetriol
N-Methyldiethanolamine
B-Alanine

2-6-Pyridinedimethanol
1-2-Dihydroxybenzene
Isopentylamine
2-Methylbutylamine
1-4-Benzodioxan-6-amine
3-4-Dimethoxyaniline
1-4-Benzodioxan-5-carboxylic acid
3-5-Dimethoxyaniline
Piperonylamine
3-4-Dimethoxybenzylamine
6-Aminopyridine-3-carboxylic acid
5-Aminopyridine-2-carboxylic acid
2-Aminopyridine-3-carboxylic acid
2-Amino-isonicotinic acid
4-Amino-nicotinic acid
N,N’-Trimethyleneurea
N,N’-Bis(hydroxymethyl)urea
2-Hydroxyethylurea
D-(+)-Mannose

D-(+)-Galactose

4(5)-Hydroxymethylimidazole

COclcene(cl)-c2ce(OC)cen2
OC(=0O)clcenc(cl)-
c2cc(cen2)C(0)=0
clcee(nel)-c2cccen2
CCCC(O)Cc(coeo
CCC(Cco)cccoyeo
CC(o)cececo
CCCcc(co)co
CC(Cco)cco
CCCCC(o)co
OCCCCCcO)Cco
CN(CCO)CCO
NCCC(0)=0
OCclccec(CO)nl
OclcceeclO
CC(O)CCN
CCC(C)CN
Nclecec20CCOc2c1
COclccc(N)ec1OC
OC(=0)clcecc20CCOc12
COclcc(N)cc(OCO)cl
NCclcec20COc2cl
COclccc(CN)ecl10C
Nclcee(enl)C(0O)=0
Nclcee(nel)C(0)=0
Nclnccec1C(O)=0
Nclcc(cenl)C(O)=0
Nclcenec1C(O)=0
O=CINCCCNI1
OCNC(=0)NCO
NC(=O)NCCO

OC[C@H]10C(0)[C@ @H](O)

[C@@H](0)[C@ @H]10

OC[C@ @H](O)[C@H](O)[C@H]

(0O)[C@ @H](0)C=0
OCclc[nH]enl
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4-Methoxy-pyridine-2-carboxylic acid COclccne(c1)C(0)=0 -

Terephthalic acid
2-5-Dihydroxyterephthalic acid
Isophthalic acid
2-Aminoterephthalic acid
2-Nitroterephthalic acid

5-Methoxyisophthalic acid
Dimethyl-5-methoxyisophthalate
4-Methoxyisophthalic acid
Dimethyl-5-hydroxyisophthalate
5-Methylisophthalic acid
5-tert-Butylisophthalic acid

5-Methoxyisophthalic acid
2-Hydroxyterephthalic acid

1-2-4-Benzenetricarboxylic acid

Mellitic acid

1-2-3-4-Butanetetracarboxylic acid

tricarballylic acid
1-2-4-Butanetricarboxylic acid

1-2-4-5-Benzenetetracarboxylic acid

1-4-Bis(2-hydroxyethyl)piperazine
N-N’-Bis(2-
hydroxyethyl)ethylenediamine
1-[N,N-Bis(2-hydroxyethyl)amino]-
2-propanol

Acetanilide

Benzamide

4-Nitroacetanilide

OC(=0)clcce(ecl)C(0)=0 -
OC(=0)clcc(0O)c(cc10)C(0)=0 -
OC(=0)clccee(c1)C(0)=0 -
Nclee(cee1C(0)=0)C(0)=0
OC(=0)clcec(C(0)=0)c(cl)
[N+]([O-D=0O
COclcce(ce(c1)C(0)=0)C(0)=0 -
COC(=0)clcc(0OC)ce(c1)C(=0)0( -
COclccec(ec1C(0)=0)C(0)=0 -
COC(=0)clcc(O)ce(c])C(=0)0OC  29+24
Cclcee(ce(c1)C(0)=0)C(0)=0 -
CC(C)(C)clcee(ee(cl)C(0)=0) -
C(0)=0

COclcc(ce(c)C(0)=0)C(0)=0 -
OC(=0)clcec(C(0)=0)c(O)cl -
OC(C1=C(C(0)=0)C=C(C(0)=0) -
C=C1)=0
OC(=0)c1c(C(0)=0)c(C(0)=0)
¢(C(0)=0)c(C(0)=0)c1C(0)=0
OC(=0)CC(C(CC(0)=0)C(0)=0)
C(0)=0
OC(=0)CC(CC(0)=0)C(0)=0
OC(=0)CCC(CC(0)=0)C(0)=0
OC(=0)clcc(C(0)=0)c -
(cc1C(0)=0)C(0)=0
OCCNICCN(CCcO)CC1 -
OCCNCCNCCO -

27+17

CC(O)CN(CCO)CCO -

CC(=0O)Nclcceecel -
NC(=O)clcecccld -43+30
CC(=0O)Nclcee(cc)[N+]([O- -
D=0
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Appendix D. Machine Learning Models

3-Nitroacetanilide

3-Aminoacetanilide
2-Aminoacetanilide
4-Aminoacetanilide
ortho-Toluic acid

2-Methoxybenzoic acid

CC(=0)Nclceee(cl)[N+]([O-
D=0

CC(=0O)Nclccec(N)cl
CC(=O)NclcceecIN
CC(=0O)Nclcec(N)cel
Cclcecee1C(0)=0
COclcceec1C(0)=0

41

26
21
24
35
50
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D.2 Battery Anode Performance

Discharge potential DP Utilization efficiency UE
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Figure D.7: RMSE of DP and UE predictions with respect to the number of features. The RMSEs were
determined by PCov-CUR matrix decomposition in a 5-fold cross validation. Results are shown for different
mixing factors used to balance the KPCA and KRR components of the KPCovR model. Training and test errors
are marked as blue and orange, respectively. Model training on 12 features leads to a minimal test error for DP
and UE.

Table D.2: Hyperparameter tuning results for the battery anode performance models. Hyperparameters
are given for the SOAP-based S- and distinct descriptor-based D-model. Parameter definitions and their
associated equations are based on Musil et al.”® and Helfrecht et al.”®

Parameter Sk Dk

cutoff radius r, 8.0 -
Gaussian width & 0.3 -
power { 2.0 -
regularization parameter A 0.05 0.30

mixing parameter a 0.5 0.5
number of features n - 12
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(@
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Figure D.8: Uncertainty estimation for the predictions of the battery anode performance models, Sk
and Dg. (a) M random subsets are selected from the training dataset and used to train M S- and D-models.
The target is predicted by the committee model, defined as the average of all M subset predictions. The single
point uncertainty can be calculated and calibrated as described by Musil et al. 7% and Imbalzano et al. 226 (b)

Distribution of features for M = 50 subset models during training of Dk. For each subset model, 12 features
were selected by PCov-CUR matrix decomposition.
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