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Summary

Amorphous silica is a widely used material with many applications. Industrially, it has found common
use as a catalyst support or adsorbent. As it is an amorphous material, the lack of long-range periodicity
makes it difficult to reason what its surface looks like. As a consequence, when we want to make atomic
models there is difficultly determining if they are representative. Furthermore, this difficulty extends
to the active sites as there are many different possibilities with different local topologies and varying
amounts of strain. This makes the computational modeling of the material a challenge to modern
chemistry. This work aims to generate periodic models of amorphous silica of varying roughness and
strain and use the topological features of the createdmodels as descriptors for strain. To generate these
models, classical molecular dynamics is used to generate bulks and equilibrate surfaces cleaved using
a randomly generated stochastic Fourier expansion. DFT is then used to optimize the geometry of the
resulting surfaces and their saturated counterparts. The calculated energies are compared to those of
the most relaxed states of the substituents the surfaces are composed of.

It was found that themethod of cleaving surfaces resulted in varying roughness after re-equilibration
and that roughness has a correlation with strain. Varying the roughness had greatest effect on the
amount of strained topological features in the model. Algorithmically saturating models showed that
strain is generally decreased through the addition of water and strain is most effectively decreased
through the removal of two membered rings on the surface. The main result of this study is that, using
purely topological features, the strain of a model can be predicted using a multivariate linear regression.
Using the coordination of O atoms, average bond lengths and angles as descriptors, multivariate linear
regression was found to result in an R2 of 0.925.
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1
Introduction

In chemistry there is a desire to know the molecular structure of what is being studied as it allows
for discussion about molecular, physical properties, or reactivity.5–7 Moreover, through the power of
computational modeling these properties can be predicted or determined through simulation and cal-
culation.5,8 Partially through these reasons, x-ray crystallography is considered one of the preeminent
structural analysis techniques as there is little ambiguity in structure if the spacial positioning of all
atoms in a sample can be determined.9 For crystals this allows for the construction of representative
models through identifying a unit that repeats periodically to give a definable long-range structure. This
is a unit cell of the material. However, there are materials for which this long-range periodicity cannot
be defined as there is none. These are named amorphous materials.

One such example is silica (SiO2). Fortunately. it does have structures where there is known
periodic order. Examples include the polymorphs of SiO2, α-quartz10 and β-cristobalite,11 or zeolites.12

Yet, the forms of SiO2 which are encountered daily, like the glass in our windows, or that which are
used in our agriculture13 or medicine,14 are amorphous. Applying the structures of the perfect crystals
is possible, and done within research2, however the produced results deviate from experimentally
determined values.1,2. This is why viable amorphous models of SiO2 are desired. Especially when
considering larger systems, the structural uncertainty of these amorphous materials grows drastically.
Hence, despite the clear practical use and multitudes of applications, understanding the structure and
surface of amorphous materials remains a challenge to modern chemistry.

Within industrial catalysis, amorphous SiO2 is a common support upon which the catalyst can be
dispersed.15–17 To aid with understanding, computational modeling of the catalytic system is done to
gain insight into the energy barriers, intermediates, and pathways that form the chemical reaction.18–21

There are challenges specific to the creation of a single model but also related to the active site of the
reaction. The challenge related to the creation of a model is two-fold: 1) the exact structure of amor-
phous SiO2 is not known, so what is a representative model? 2) How does one create a representative
reduced-model as there is no long-range periodic structure in the system and eon can only have so
many atoms present in the simulation before it becomes too computationally expensive? As for those
related to the active site, as there is no regularity in the structure, the active site of the catalytic reac-
tion can plausibly take a on myriads of different local structures. This issue is further amplified when
considering that there is likely no one single active site which is dominant in the contribution to the
macroscopically observed rate.2 Frameworks do exist to take into account the different contribution
to the overall rate of each individual active site.22 Nevertheless, to be applied they still rely on being
able to identify, generate, and model a range of active sites. With these considerations, being able to
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2

generate models of amorphous SiO2 which can be viably used in computational modeling will improve
understanding of the molecular and physical properties of the system and allow for more accurate
modeling of the reactions happening on its surface.

The modeling of amorphous SiO2 currently has two approaches: cluster type models and periodic
slabs.23 Cluster-type models consist of a fragment of silica which is cut from a larger, solid, surface
with the dangling bonds saturated by hydrogen and assuming that this will be representative. The main
advantages of this method is that they are, one, computationally less expensive and, two, easier to
generate than periodic slabs. To create these structures one popular method is to cut out a ”bowl” of
non-hydrogen atoms from a larger amorphous bulk and saturate the dangling atoms (figure 1.1a),1 or to
use a fragment of silica such as silsesquioxane molecules2 (figure 1.1b). Through modeling the system
in this fashion, non-physical relaxations happen at the edges as there are no interactions with a bulk
beyond the atoms explicitly modelled. This is where periodic slabs (figure 1.1c) differ. Periodic slabs
employ periodic boundary conditions (PBC) such that the structure is, essentially, infinite in the specified
directions through using virtual copies. This prevents the artificial relaxation that cluster models fall
victim to. These PBC’s also make them computationally more expensive compared to cluster models
and as such limit the size of the system which can reasonably be modeled given specific computational
resources. The model must also be made large enough such that there is no artificial interaction
between the catalyst and its virtual copies.2

(a) (b) (c)

Figure 1.1: Examples of amorphous silica models a) cluster-model bowl (taken from Caricato) 1 b) cluster-model crystal (from
Goldsmith et al.) 2 c) periodic slab (taken from Comas-Vives) 3

The most common method employed when generating a periodic slab is referred to as a ”melt and
quench” and in practice is a form of simulated annealing.3,24–26 This entails melting a crystal of SiO2
containing the desired amount of Si and O atoms to a high temperature, commonly above 4000 K, then
cooling the system at a specified rate, commonly 1 K/ps, to approximately room temperature. This
generates a distorted crystal structure which is subsequently cleaved followed by the saturation of the
dangling bonds. The simulation for this procedure is carried out though the use of classical molecular
dynamics (CMD). Cleaving the surfaces is commonly done on the basis of a flat plane defined by chosen
Miller indices.3 This method of cleaving has the drawbacks of artificially reducing the surface area of the
model and having no way with which the surface roughness can be tuned. To remedy this, two methods
have been proposed. One by Wimalasiri et al.26 which uses the rate of cooling to influence the surface
topology. Another by Nguyen and Laird24 which uses a stochastic Fourier expansion to cleave a rough
surface for the periodic slab. The main issues when employing the former method is that the variation
which can be achieved is relatively limited and it does not work for potentials which become unstable at
extreme temperatures.26 The latter, however, shows promise as it does not fall to the aforementioned
short-comings and the surface roughness is controlled through a empirical parameter which can be
specified.24

Beyond simply generating the SiO2 structures, the hydroxylation is a necessary step for the cre-
ation of an accurate model. Within certain industrial applications, highly dehydroxylated silica (circa.
1 OH/nm2) is formed due to the high temperatures employed or simply through the synthesis of the
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support.3 However for computational modeling, silanol groups must be intentionally added or removed,
preferably in amatter that leaves themodel representative of the larger system. Creating these hydroxy-
lated models has been achieved previously through manually saturating molecules then systematically
removing silanol groups which look like they could react to leave the surface as water.3 After each sub-
sequent removal, DFT geometry optimizations are done. Put all together, this method leads to a fair
amount of manual labor, computational time, and human bias. Nguyen and Laird24 introduced silanol
groups through adding bulks of water on top of and below the dry model and using a reactive force-field,
ReaxFF,27 to simulate how the water will react with the surface. In principle, obtaining a specific silanol
density is possible through simply choosing a frame which has reached the desired silanol density. An
algorithmic method of saturating and functionalizing the surface is employed byWimalasiri et al.26 They
employed a probing method which finds Si-O bonds on the surface of their models and algorithmically
added H2O across said bond. Their method could either be altered to start with the longest Si-O bonds
found on the surface or randomly selecting bonds and attempting to functionalize them through the use
of a Monte Carlo method. One drawback of this method is that, as currently described in its implemen-
tation, once a bond is found to be able to be broken, it is. There is no comparison between the breaking
of different bonds and which will lead to the more stable structure. While this may not necessarily lead
to less-than physically realistic surfaces for higher silanol density surfaces, it might for lower; this in the
sense that more strained bonds are more likely to be functionalized in practice.

The generation of surfaces with varying amounts of strain has also not been extensively studied.
In this context, strain can be explained from the viewpoint of classical molecular modeling. When
explicitly defining bonds for a CMD simulation, bonds and the angles which they make between each
other are commonly described as harmonic oscillators.8 The potential energy stored in these bonds
and bond angles is defined relative to the equilibrium position. So, the energy calculated is an energy
penalty for not being in its most relaxed state, it is the strain in the system. Experimental data has
provided evidence that the reactivity of a SiO2 surface can be increased through straining Si-O bonds.28

Furthermore, Ab-initio computational studies have shown that a Si-O bond is not reactive until its angle
has been brought far enough from its equilibrium state29 and CMD studies using ReaxFF have shown
that the hydroxylation of the Si-O bond is more favorable in a locally strained environment.30 Thus,
the importance of strain for a model’s overall reactivity is understood however the generation of new
models and quantifying their strain, or even showing what possible descriptors can be used to infer a
model’s overall strain, has not been explored as of yet.

This study aims to develop and build upon current methods of generating realistic models for amor-
phous SiO2 surfaces and attempting to quantify their strain using topological descriptors. Semiempiri-
cal methods of electronic structure determination will also be screened. To do this, surfaces of varying
roughness will be generated using a method like that of Nguyen and Laird.24 and functionalized. Two
methods of functionalization will be used: reactive force-fields or genetic algorithm. For both function-
alized and dry surfaces descriptors for the strain of the model will be explored. Models of varying size
will also be generated to test if the methods proposed can be applied independent of the desired size of
model. This report is structured as follows: The theoretical background of the computational methods
used to gather data is explained. This entails the background of both classical molecular dynamics
and density functional theory. After this the methods used to generate data are described and subse-
quently results from said data are presented and discussed. Ultimately, conclusions from the results
of the research and outlook on future possibilities are given.
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Theory

In this chapter the underlying theory of the methods used for this thesis are described. First, the theo-
retical basis of classical molecular dynamics is explained then following that the necessary background
of DFT is given. Finally, a brief description of the machine-learning tool, ROBERT, which was used for
aspects of data analysis is given.

2.1. Classical Molecular Dynamics
When modeling at the atomic scale, the most accurate description is that of quantum mechanics. A
drawback of this simulation method is the associated high computational costs for large systems. Thus,
to model these larger systems an alternative approach must be taken. One such approach is handling
the atoms within the given system as classically behaving particles. In many situations, this is possible
because the particles behave close to classically at the desired thermodynamic conditions and scale.31

In this section, the relevant theory behind classical molecular dynamics (CMD) simulations is de-
scribed. This encompasses Newton’s classical laws of motion, force fields, many-particles systems and
how to determine macroscopic properties from them, and how temperature and pressure are controlled
in these classical simulations.

2.1.1. Classical mechanics
In 1687 Sir Isaac Newton determined three physical laws which describe the relation between the
motion of particles and the forces which act upon them.32 They are the following:

1. An object maintains its motion until acted upon by an unbalanced, external force.

2. The net force on a given body is equivalent to its mass multiplied by its acceleration (equation
2.1).

#»

F i = mi
#»a i (2.1)

3. If two bodies interact with one another, the resulting force upon each body is equal in magnitude
but opposite in direction.

These three laws are what formulate the basis ofNewtonian mechanics. The goal of CMD is to compute
the evolution of the positions, speeds, and forces of all atoms over time using these equations.

The mass of each atom is known and the acceleration of an atom is derived from its movement.
The question then is how to determine the force acting on a given atom. As the atoms in the system

4



2.1. Classical Molecular Dynamics 5

are correlated through their interactions, collectively referred to the their interatomic potentials, these
are used to derive the force which they experience at a given moment in time.31 It can be shown that
force can be calculated through the local gradient of the potential where an atom is positioned (equation
2.2) which, when combined with equation 2.1, results in equation 2.3. Now knowing the force an atom
experiences, their motion over time can be determined. With a method to determine an atom’s motion,
all that remains is determining the potential at the position an atom is located.

#»

F i = ∇i V (ri) (2.2)

mi
#»a i = ∇i V (ri) (2.3)

2.1.2. Force Fields and Motion
A forcefield is a collection of functions which describe all interatomic potentials between the atoms
in a simulation. They are parameterized such that the behaviour of the atoms, as time evolves, is
as similar to that of bodies handled in a quantum matter as possible.31 A universal example of one
of these interatomic potentials is coulomb interaction (equation 2.4) where ke is a constant, Z is the
nuclear charge of particles i and j, and rij is the distance between said particles. This equation is
universal between all particles, granted they are charged, and is parameterized such that Z is the
effective charge of the given particle. Only using this equation leaves out all dispersion and electronic
interactions between the atoms. These forces are, in many cases, the primary determinants of the
bonding and ultimate structure of a given collection of atoms.

#»

F (r) = ke
Zi Zj

r2ij
(2.4)

To represent remaining forces there are various semi-empirical equations, which are referred to
as force fields. Examples include: the Lennard-Jones potential33 (equation 2.5) and the Buckingham
potential34 (equation 2.6). The variables ϵij , σij , Aij , bij , and Cij are all parameters that can be
optimized to yield physically accurate behaviour between atoms i and j. For a CMD simulation these
forcefield potentials need to be defined for interaction between all possible combinations of atoms which
are found in the simulation. Qualitatively, the two example functions tend towards 0 relatively quickly
as the separation of the atoms increases. If the potential between two atoms is close to 0 then it can be
neglected. The distance beyond which interactions are neglected is referred to as the cut-off distance
and is determined by the one who configures the simulation. If a given atom is beyond the determined
cut-off distance from another then its contribution to the potential at ”far away” distances is not calculated
which allows for computation to be done more efficiently. From this general description structural and
thermodynamic properties can be derived however it is not effective at describing reactions or specific
changes in bonding, in general31. For this, reactive force fields have been developed.

VLJ (rij) = 4ϵij

[(
σij

rij

)12

−
(
σij

rij

)6
]

(2.5)

VBUCK(rij) = Aije
−bijrij − Cij

r6ij
(2.6)

First presented in 2001, ReaxFF is meant to be an intermediate step between CMD and quantum
mechanical calculations when describing reactions.27 This is achieved through ascribing and recalcu-
lating of charge and bond order of each atom at each timestep of the CMD simulation. The total energy
of the system (Esys) is calculated as the sum of 9 different energy contributions (equation 2.7).

Esys = Ebond + Eover + Eunder + Eval + Epen + Etors + Econj + EvdW + Ecoul (2.7)
ReaxFF retains terms accounting for coulomb interactions (Ecoul) and van der Waal’s interactions
(EvdW ), just like normal force fields in CMD. The seven remaining terms are ones accounting for
bonding energy (Ebond), over/under-coordination (Eover & Eunder respectively), valence angle (Eval), a
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”penalty” term to recreate the stability of atoms which share a double bond (Epen), torsion angle (Etors),
and a correction term for to account for the stability of conjugated system (Econj). All 9 of these terms
are dependant on the bond order between two given atoms.

As what is being simulated is a many-body system, an exact analytical form for the trajectory of
each atom over time cannot be determined. Hence, numerical integration over time is necessary. A
commonly used algorithm for CMD is the velocity-Verlet algorithm35 (equations 2.8) where ri(t+∆t) is
updated position of atom i after time step ∆t, #»v i(t+∆t) is the updated velocity, and ri(t), #»v i(t), #»a i(t)

are the current position, velocity, and acceleration respectively. Since its introduction it has become
a preferred method of time-integration due to its numerical stability and relatively simple calculation
procedure.31

ri(t+∆t) = ri(t)− #»v i(t)∆t+
1

2
#»a i(t)(∆t)2 (2.8a)

#»v i(t+∆t) = #»v i(t) +
#»a i(t) +

#»a i(t+∆t)

2
∆t (2.8b)

2.1.3. Many-Particle Systems
From statistical thermodynamics it is possible to calculate macroscopic properties from the individual
states of the particles within a system.36 In the context of this study, the macroscopic properties of
interest are the temperature of the simulated system and its pressure.

Using the equipartition theorem, is can be proven that the expected kinetic energy (⟨EKIN ⟩) of a
system can be written as a function directly proportional to its temperature (T ).31 Alternatively, through
rewriting this equation, the temperature of a system can be written as a function dependant on the
individual velocities of each particle, as stated in equation 2.9. Here kB is the Boltzmann constant, N
is the total number of particles in the system, andmi and #»v i are the mass and velocity of particle iwhich
is being simulated. As velocity is necessarily calculated for time integration, T is a readily calculated as
well. Knowing the temperature also allows for the calculation of various thermodynamic properties,36

such as pressure.

⟨EKIN ⟩ = 3

2
kBT ⇒ T =

2N

3 kB

⟨
N∑
i=1

1

2
mi

#»v i

⟩
(2.9)

In the simplest sense, pressure (P ) is the amount of perpendicular force a system of particles
exerts on a surface ( #»F · n̂) per unit area (A). This is expressed in equation 2.10. Within the context
of CMD, it is preferable to derive a value of P from ⟨EKIN ⟩ (or T ) of the system as to save time on
calculation. It can be shown that this is possible and that the pressure of a system can in fact possible.
P can be calculated from ⟨EKIN ⟩, the volume (V) of the simulation box, and the dot product between
the forces and distances ( #»F ij · rij) between every particle.31 This equation is commonly referred to as
the viral equation of state (2.11).

P =

#»

F · n̂
A

(2.10)

P =
2

3V
⟨EKIN ⟩+ 1

3V

N∑
ij

#»

F ij · rij (2.11)

2.1.4. Fluctuations in Temperature and Pressure
From statistical thermodynamics, CMD borrows the idea of ensembles. An ensemble, within the context
of statistical thermodynamics, is a collection of virtual systems, all of which are possible states for the
corresponding macroscopic system. To fix the possible states a system at equilibrium can take on, one
must fix one of the three pairs of variables bellow:36
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1. Number of particles (N ) or chemical potential (µ)

2. Volume of the system (V ) or pressure (P )

3. Temperature (T ) or total energy (E)

Short-hand naming of these possible systems is done by abbreviating the properties which are fix. For
example: a system of fixed N , V , and T is referred to as an NVT ensemble. Ensembles within CMD
refer to which of the 3 pairs of system properties have been fixed. In reality, for the fixed thermodynamic
properties, there is still a chance that these values fluctuate from their specified values.36

For CMD, there is compete control over the system. So, if for some reason these fluctuations are
unwanted, they can be excluded. Nonetheless, there will be slight variation over time in, for example,
T due to numerical error arising from time integration. Due to all derivatives and integrals being done
numerically, there are small errors in the updated velocities which themachine calculates. These can be
decreased through taking smaller time steps, however this increases the computational time required
to reach a given total time and there are still errors regardless. This example is commonly referred to
as ”temperature drift”.

To help prevent temperature drift, a thermostat can be applied to the system. A thermostat is also
commonly used to control T for simulations which call for the heating or cooling of the system. A direct
method of doing this is through applying a scaling factor (λ) to the velocity in equation 2.9. The simplest
approach is to directly scale from the newly calculated temperature (Tnew) to the desired temperature
(T0) (equation 2.12). This approach is now always ideal as it does not allow for the aforementioned fluc-
tuations in temperature a natural system experiences.31 For this reason the Berendsen thermostat37 is
more commonly employed to calculate the scaling factor (equation 2.13). The derivation of this scaling
starts by assuming that the system is coupled to a heat bath of the desired system temperature to
which the strength of coupling is determine by a time constant (τT ). Through this method of scaling the
temperature of the system is allowed to fluctuate, like that of natural systems, and how aggressively
the system is regulated can be controlled through τT . A larger τT leads to more aggressive damping
of temperature fluctuations.

λ =

√
Tnew

T0
(2.12)

λ =

[
1 +

∆t

τT

(
T0

Tnew
− 1

)] 1
2

(2.13)

The same approach may also be taken for P when applying a barostat to regulate the pressure
of the system. In natural systems this thermodynamic variable also fluctuates. Furthermore, when the
system is heated, the P increases as well. For values of T which can be considered extreme, the forces
between particles can cause the simulation to break-down if the simulation box is not scaled in size.24 To
regulate pressure, instead of the velocities being scaled to approach the desired value, the dimensions
of the simulation box are multiplied by a scaling constant (µ). To regulate pressure Berendsen et al.37

also proposed a barostat derived from similar logic to that of their thermostat. The system is coupled
to a pressure bath of the desired pressure (P0) with a given coupling strength (τP ) (equation 2.14).
The variable β is the isothermal compressibility of the material being simulated. Note, in the derivation
there is no mention of a specific dimension being scaled, let alone that all dimensions must be scaled
equally. Thus, the simulation box can be isotropically (the expansion of a given direction is equal in the
positive and negative direction) or anisotropically (the scaling of the positive and negative direction of a
dimension is done independently from one another) expanded or contracted and each dimension can
be independently scaled from one another. With the simulation box constantly changing dimension, it
is possible that a given contraction of the box may cause particles to find themselves outside of it. For
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this reason, periodic boundary conditions are required when regulating pressure.

µ = 1− β ∆t

τP
(P0 − P ) (2.14)

2.1.5. Simulated Annealing
The aim of simulated annealing is to find the global energy minimum on the potential energy surface
through a random search.8 For this CMD is commonly employed and the fact that temperature can be
controlled in a simulation is leveraged. Raising the temperature of the system allows greater potential
barriers to be over come but, in some situations, could lead to unwanted alterations in the system:
changes in bonding, fragmentation. It is then subsequently cooled in a predetermined fashion, a cooling
”schedule”, in the hope that it will fall into the global energy minimum.38 If this cooling is slow enough
such that the system stays in equilibrium with its so-called surroundings, statistical thermodynamics
states that the global minimum will be found with the relative probability 1 and any higher energy state
according to equation 2.15. Here ∆Eref,i is the energy of the state i referenced to that of the energy
of global minimum, kB is the Boltzmann constant.

Pi = exp
−∆Eref,i

kBT
(2.15)

2.2. Density Functional Theory
In reality, atomic systems are not truly classical in their physics. This realization gave birth to quantum
mechanics. How to calculate the energy of such non-classical systems was first realized by Erwin
Schrödinger in 1926.39 From first principles, it is calculated from the time-independent, non-relativistic
Schrödinger equation (equation 2.16)

ĤΨi = EiΨi (2.16)
where Ei is an eigenvalue which corresponds to the energy of the system found when the Hamiltonian
operator (Ĥ) acts upon awave function (Ψi) which itself is an eigenfunction of said operator. Ĥ contains
all contributions to both the kinetic and the potential energy within a system. For a molecular system
of N electrons, of massm, and K nuclei, of mass andM and nuclear charge Z, the full Hamiltonian in
atomic units is given in equation 2.17a (short-hand in equation 2.17b)

Ĥ = −
N∑
i=1

1

2me
∇2

i −
K∑

g=1

1

2Mg
∇2

i −
N∑
i=1

K∑
g=1

Zg

rig
+

N∑
i=1

N∑
j>i

1

rij
+

N∑
g=1

N∑
h>g

ZgZh

rgh
(2.17a)

Ĥ = T̂e + T̂n + V̂en + V̂ee + V̂nn (2.17b)
where, from left to right, the kinetic energy of the electrons in the system (T̂e), the kinetic energy of the
nuclei in the system (T̂n), attraction between each electron with each nuclei (V̂en), repulsion between
every electron pair (V̂ee) and the repulsion between each nuclei (V̂nn).

To simplify equations 2.17 the Born-Oppenheimer approximation can be applied. This states that
the nuclei are positioned in the potential created by the electrons of the system.40 This approximation
can be reasonably applied as the nuclei move on a much slower time-scale than the electrons due to
being much heavier. This allows for the separation of the total wave function into a product of wave
functions. One wave function which describes the electrons and one which describes the nuclei of
the system. This separation of wave function also leads to the ability of describing the energy of the
system using two different Hamiltonian operators, one for the energy of the electrons (the electronic
Hamiltonian) and one for the energy of the nuclei. The electronic Hamiltonian (Ĥe) is given by equation
2.18 where V̂ext is an external potential exerted by the nuclei of the system on the electrons.

Ĥe = T̂e + T̂n + V̂ee + V̂ext (2.18)
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In principle, finding an analytical solution to the time-independent Schrödinger equation, making
use of the electronic Hamiltonian, will give the exact electronic energy of the system. However, this
equation cannot be solved for systems containing more than one nucleus and one electron. As such,
finding the exact electronic energy of a many-particle system is technically impossible.

2.2.1. The Kohn-Sham Equations
To find an approximate electronic energy for a structure, various methods have been developed. The
method of interest for this work is that built upon the theorems proposed by Hohenberg and Kohn.41

These form the theoretical basis for the equations put forth by Kohn and Sham42 which themselves are
the ground work for density functional theory (DFT).

The first Hohenberg-Kohn theorem proves that V̂ext(r) is a unique functional of the electronic
density (ρ(r)). Since V̂ext(r) determines Ĥ, and Ĥ determines the wave function, the ground state of
a system is uniquely determined by V̂ext(r). A functional is a function that takes another function as
its independent variable. The second theorem proves that the variational principle is applicable to this
problem. In this context, the essence of the variational principle is that any trial density (ρ̃(r)) will have a
corresponding energy (E[ρ̃]) that is greater than or equal to the energy associated with the true ground
state density and as such the ρ̃(r) with the lowest energy is the one closest ρ(r). A consequence of
these theorems and their proofs is that DFT, in principle, is an exact method; the ground state electronic
energy can be solved for exactly.

So, from the first theorem of Hohenberg and Kohn we know that a given ρ(r)maps to a given Ψ(r)

and the second theorem gives a guideline on how to choose the best approximation for ρ(r). However,
the theorems give no method of, one, how to actually map the density to a wave function and, two, how
to vary ρ̃(r) to get closer to ρ(r). Further more, if ρ(r) were to be converted into a wave function then
there would be no simplification in the solving of this problem since the final step would be solving the
Schrödinger equation.8 These problems where addressed in 1964 through the proposal of the Kohn-
Sham self-consistent field approach by Kohn and Sham.42 This approach involves taking a fictitious
system of non-interacting electrons which has the same ρ(r) as the real system where the electrons do
interact. Since ρ(r) is identical for both the real and fictitious system the position and atomic number of
the nuclei in both systemsmust be identical as well. Since we are assuming a system of non-interacting
particles, we can write the Hamiltonian of the full system as a sum of Hamiltonians for each individual
electron. This also has the beneficial consequence that the Hamiltonian of the system has eigenfunc-
tions which are Slater determinants of each one-electron Hamiltonian and eigenvalues which are sums
of the individual eigenvalues of the one-electron Hamiltonians.43 Another beneficial consequence of
this method is that it reduces the dimensionality of the problem from 4 degrees of freedom per elec-
tron, the cartesian coordinates and spin required to describe them, to exactly 3 dimensions, the three
cartesian coordinates required to describe every point in the electron density.

Mathematically, the Kohn-Sham energy functional is split into the following respective components
E[ρ(r)] = Tni[ρ(r)] + Vne[ρ(r)] + Vee[ρ(r)] + ∆T [ρ(r)] + ∆V ee[ρ(r)] (2.19)

where the terms on the right-hand side of the equation, from left to right, are: the kinetic energy of the
non-interacting electrons, the nuclear-electron attraction, the classical electron-electron repulsion, a
correction term on the kinetic energy of the electrons to account for their interactions, and a correction
term that account for any non-classical behaviour of the electrons. As stated earlier, DFT is an exact
method and if all 5 of the terms in equation 2.19 can be found - exactly - for a given ρ(r) then the
exact electronic ground state energy of that density is known. The energies associated with the first
three terms can be found exactly. The difficulty lies in the final two terms, which are generally grouped
together and commonly denoted as EXC [ρ(r)], which are referred to as the exchange-correlation func-
tional which gives the exchange-correlation energy (EXC ).
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There are various EXC [ρ(r)] which can be split into groups depending on their general degree of
mathematical complexity for computing EXC . These are summarized through Jacob’s ladder (figure
2.1), proposed by Perdew44. For the purposes of this report, a ”generalized gradient approximation”
functional will be used. This calculates EXC through taking both the electron density at a specific point
and its local gradient (∇ρ(r)). This method provides a compromise between computational accuracy
and efficiency.

Figure 2.1: Illustration of Jacob’s ladder

2.2.2. Basis Sets
To calculate the energy associated with a given ρ̃(r) using a chosen EXC [ρ(r)] a mathematical descrip-
tion of the density must be made. This problem consists of approximating the molecular orbitals (MOs)
of each electron within the system. To carry out this approximation a set of pre-defined mathematical
functions is chosen. This set of functions is referred to as the basis set. The choice of these functions
is freely up to the one who constructs the basis set but one popular choice is a basis set consisting of
Gaussian type orbitals (GTO)8 as they are efficient to integrate. The ability of a program to construct
a realistic ρ(r) is dependant on the choice of basis-set. At the same time, a larger basis set will lead to
longer computation times as, while an increase in basis functions can improve accuracy, every electron
for which the increased basis set in defined adds one additional coefficient to vary from the variational
principle.

One way of decreasing the number of MOs to calculate is make use of pseudopotentials. Using the
Si atom as an example, the core electrons - those in filled orbitals - are not particularly affected by the
electrons in the valence shell (figure 2.2). If the contributions of the core electrons stays almost constant,
then it is reasonable to only vary valence electrons and replace all core electrons with relatively accurate
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Figure 2.2: Radial profile of the electron density of the Si atom after 0 ionizations (black), 1 ionization (red), 2 ionizations
(green), and 3 ionizations (blue). Adapted from Garcia 4

analytical functions.8

Within the software package CP2K45, the Gaussian plane-wave (GPW) method is used when deal-
ing with periodic systems. This entails describing the valence electrons using Gaussian functions which,
along with the Pseudopotentials, are converted into a plane-wave description.46 This conversion into
plane-waves is done because, one, they are inherently periodic which allows them to describe periodic
systems and, two, they have beneficial mathematical properties which allow for efficient calculations to
be done for said periodic systems.46

2.2.3. Dispersion Correction
With DFT being based on electron density, it does not fully account for dispersion forces. These forces
are a result of induced dipole moments within the system. For larger systems this causes a deviation
in the accuracy of the calculations. Examples of methods to correct for dispersion are the D347 and
D3BJ48 correction schemes of Grimme. The D3 method entails adding a correction term to the energy
calculated through the Kohn-Sham self-consistency method which encompasses all disperse interac-
tions (equation 2.20) where EDFT−D3 is the corrected electronic energy after dispersion interactions
are taken into account, EKS−DFT is the electronic energy as calculated through Kohn-Sham DFT, and
Edisp is the energy correction for dispersion interactions.

EDFT−D3 = EKS−DFT − Edisp (2.20)
Edisp is calculated through equation 2.21a where E(2) is the two-body correction term and E(3) is the
three-body correction term. The two-body correction term is calculated through equation 2.21b where
sn is an empirically determined scaling dependant on the n taken, CAB

n is the nth order dispersion con-
stant determined through time-dependant-DFT between atoms A and B, rnAB is the distance between
atoms A and B, and fd,n(rAB) is a damping function. fd,n(rAB) is necessary so that the correction
gives repulsive values when the atoms get too close together; without fd,n(rAB) equation 2.21b would
give larger and larger attractive values as the atoms get closer and closer together. The correction is
truncated after terms corresponding to n = 8 because the inclusion of terms of larger n led to numerical
instability. E(3) is calculated between all triplets of atoms. EABC is calculated using CABC

9 , which is
the negative of the geometric average between all C6 terms between each possible pair of atoms A,
B, and C and θi which is equal to the internal angle of the triangle created those atoms.

Edisp = E(2) + E(3) (2.21a)

E(2) =
∑
AB

∑
n=6,8

sn
CAB

n

rnAB

fd,n(rAB) (2.21b)
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E(3) =
∑
ABC

fd,(3)(r̄ABD)EABC (2.21c)

EABC =
CABC

9 (3 cos(θa) cos(θb) cos(θc) + 1)

(rABrBCrCA)3
(2.21d)

D3BJ builds upon D3 through altering the damping function used to that of Becke and Johnson.48

2.2.4. Semi-empirical DFT
With CMD being physically inaccurate and DFT costing a significant amount of resources, using semi-
empirical DFT is a quicker method of simulating large systemswhile still retaining non-classical phenom-
ena. This approach replaces costly two-electron integrals with either approximations fitted to experi-
mental data or approximate analytical functions.49 These simplifications make it considerably faster
than true DFT. For this work, focus is put on self-consistent charge density-functional tight binding
(SCC-DFTB).50

Built upon the work of Porezag et al.51, SCC-DFTB aims to bring self-consistency into the method-
ology of DFTB. DFTB in its purest implementation takes a given density, determined through whatever
method is deemed fitting, and optimizes the Kohn-Sham orbitals to fit said density.8 From these orbitals
a new density is not calculated and as such is not self-consistent. However, adding a step when the
partials atomic charge is calculated based on the Kohn-Sham orbitals reintroduces a self-consistency
requirement in the optimization process. SCC-DFTB has been found to compare favorably to the MP2
method and the true DFT functional B3LYP for specific biological systems.8. This goes to show that
the assumptions and approximations made when using semi-empirical methods can provide relatively
accurate predictions as to what the electronic energy is.

2.3. ROBERT
ROBERT52 is a collection of automated machine learning workflows aimed at simplifying the task of
applying machine learning to cheminformatics problems. It is capable of automated curation of data,
model selection, prediction based on the givenmodel, and verification of the results. Verification is done
through various methods such as y-shuffle and y-mean tests, and k-fold cross-validation.53 ROBERT is
a particularly useful tool when working with descriptors which may not necessarily have linear relations
to the target property.



3
Methods

In this chapter the computational details are given regarding the computational methods employed for
the generation of data used for this thesis. Following that the definition used to calculate the strain of
a given model is given and the method used for cleaving bulk SiO2to generate surfaces is described.
Lastly, a general overview of the algorithm used to saturate models is given.

3.1. Computational Details
3.1.1. Classical Molecular Dynamics
Classical molecular dynamics simulation were carried out using the Large scale Atomic/Molecular Mas-
sively Parallel Simulator (LAMMPS) software package.54 The Buckingham (cut-off 5.5 Å) and Lennard-
Jones (cutoff 1.2 Å for Si-O and 1.6 Å for O-O) potentials were chosen as force fields with parameters
identical to that of Nguyen and Laird24 (table 3.1). Charges for coulomb interactions (cut-ff 8 Å) can
also be found in Table 3.1. Throughout all simulations periodic boundary conditions in x, y, and, when
stated, z directions where enforced. All simulations had fixed xy cross-sectional dimensions of 21.5 Å.
A Berendsen thermostat (damping constant of 1 ps) and Berendsen barostat (damping constant 1 ps,
modulus 360000 atm) where also employed to control the temperature and pressure. These above-
mentioned details will be referred to as the NPZAT ensemble. A time step of 0.5 fs was used along with
the velocity-Verlet integration scheme. Ewald summation55 (desired relative error of 10-4) was used to
account long-range periodic coulomb forces.

Table 3.1: Buckingham, Lennard-Jones forcefield parameters and assigned charges of atoms

Buckingham parameters Charge Lennard-Jones parameters

i-j Aij(eV ) bij( Å−1) Cij(eV Å−6) qi(e) ϵij(eV ) σij( Å−1)

Si-Si 0 0 0 2.4 0 0

O-O 1388.7730 2.76000 175.0000 -1.2 2.0 1.2

Si-O 18,003.7572 4.87318 133.5381 - 2.6 1.6

To generate the amorphous bulks, a 3 by 3 by N unit cells of β-cristobalite11 was generated. N
being the number of repeating units in the z-direction. This perfect crystal was heated to 8000 K then
subsequently cooled to 298 K at a rate of 1 K/ps. This structure was saved to be reused as the staring

13
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point for if more distorted crystals were desired. The saved structure was then heated to 4000 K within
200 ps then, again, cooled at a rate of 1 K/ps. In total 750 models were generated. 600 were of N = 3,
60 were of N = 1 and 2, and 30 for N = 4.

To equilibrate cleaved bulk, simulations were done at 298 K for 2 ns under an NVT ensemble where
the z-directions of the unit cell was expanded in each direction by 20 Å. The Change in ensemble from
NPZAT to NVT was done to prevent contraction of the simulation box leading to periodic interactions in
the z-direction. The damping constant of the Berendsen barostat was removed however the modulus
was kept as is.

To functionalized the surfaces using LAMMPS, ReaxFF was employed. ReaxFF parametrization
from the work of Yeon and van Duin30 was taken. The simulation was set up as follows: a block of
200 water molecules was placed above and bellow the cleaved surface with at least 2.5 Å between the
interfaces then allowed to simulated for 1ns. These blocks of water were generated using Packmol.56

3.1.2. DFT Geometry Optimizations
All DFT calculations were carried out using the CP2K software package45 using periodic boundary con-
ditions identical to the CMD simulations with the z-direction expanded to 80 Å as to minimize periodic
interactions in that direction. The GPW method of calculation was used with the PBE functional and
D3BJ dispersion correction48. GTH-pseudo potentials57–59 and the DZVP basis-set60 was used for Si,
O, and H and the cutoff for plane waves was 300 Ry for dry surfaces and 450 Ry for saturated ones.
SCF calculations were converged to 10-4 Eh.

3.1.3. Semiempirical DFT Geometry Optimizations
Semiempirical calculations were done using SCC-DFTB50 method as implemented in the CP2K45 soft-
ware package. The semiempirical parameters, optimized for aluminosilicate nanotubes of imogolite,
used were taken from the work of Guimarães et al.61 An Ewald summation55 was used to calculate
long-range coulomb forces and remaining details were identical to that of DFT optimizations.

3.2. Cleaving of Amorphous Bulk
To cleave the amorphous silica bulks, inspiration was taken from the method of Nguyen and Laird.24

Surfaces were cleaved using random functions generated using the following formula, a stochastic
Fourier series

z(x, y) =

mmax∑
m=1

nmax∑
n=1

bmn sin

(
mπx

Lx

)
sin

(
nπy

Ly

)
(3.1)

where m and n are the number of Fourier modes for the given function, bmn is the Fourier coefficient
corresponding to a givenmwith n, and Lx and Ly are the x and y dimensions of the simulation box. The
maximum values of m and n, mmax and nmax, were chosen such that the minimum half-wavelength
a given maximum mode is approximately 1.8 Å. This resulted in 12 Fourier modes in both the x- and
y-direction.

The Fourier coefficients for a given m and n where randomly sampled from the following normal
distribution

P (bmn) =

√
α(m2 + n2)

2π
exp

[
−α(m2 + n2)

2
b2mn

]
(3.2)

where α is introduced as an empirical roughness parameter which can be freely chosen. As the value
of α increases the cleaving functions generally become more planar as the standard deviation of the
distribution becomes smaller. A normal distribution is sampled because there is not yet physical evi-
dence to suggest a more suitable.24 For this work values of 0.01, 0.02, 0.03, 0.04, 0.05, and 0.1 were
chosen and equally represented within each different N.
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3.3. Algorithmic Saturation of Amorphous Surfaces
The algorithm coded was genetic in genetic in nature in the sense that it uses the ”optimal” structures
previously generated as the basis for new ones. The procedure coded to saturate surfaces can be put
broadly into the following four steps:

1. Determine all over/under-coordinated atoms.

2. Saturate until a full generation has been made.

3. Calculate the single-point energies of all structures and chose the parents for the following gen-
eration.

4. Output most stable structures after the whole list of over/under-coordinated atoms is exhausted.

These steps are made such that the most stable structures are carried onto the step generation and
ultimately get approximately the most stable structure possible. This also lays the frame-work for further
saturation when breaking Si-O bonds of correctly-coordinated Si’s and O’s. A visual overview of the
algorithm can be found in Figure 3.1

Step one, in more detail, determines the coordination of a given atom as the number of atoms
within a 2.0 Å sphere are it. This cutoff is derived form the work of Wells et al.62 and is approximately
62% of the sum of the van der Waal’s radii of the two atoms. All Si and O which are found to have
more or less than 4 other atoms or 2 other atoms within this sphere, respectively, are added to the list
of over/under-coordinated atoms.

Next, an under-coordinated Si and O are chosen together at random and they are saturated with
OH and H, respectively. The indexing number of the atoms chosen are then appended to a list to keep
track of which atoms have already been saturated. This list is specific to the structure and stays with
it for entire process. Once pairs under-coordinated atoms are no longer available, over coordinated
atoms are chosen. These atoms are not directly saturated but the bond between them and another
atom is broken and the newly under-coordinated atom is saturated. For over-coordinated Si’s, the O
farthest away from it, within the 2.0 Å tolerance, is chosen and moved away such that it is at least 2.5 Å
away from the Si it was previously bound to and more than 2 Å away from any other atoms. These
numbers were determined empirically through visual testing. This O is then saturated with a H. For
over-coordinated O’s, they are moved away from the farthest Si until just outside of the 2.0 Å cut-off
radius. The Si which it was moved away from is subsequently saturated with a OH group. This process
of saturation is done until a predetermined number, a ”generation”, of structures are created with one
water molecule added to them compared to their parents.

Once a generation is filled, the single-point energies of each structure is calculated using the
GFNFF63 method as implemented by xTB.64 This force field method was chosen as it was easily
implementable. The structures with the lowest energies are then chosen as the parents of the next
generation, the structures which the next generation is based upon. This creation and energy calcula-
tion of structures is repeated until all atoms within the initial list of over- and under-coordinated atoms
have been exhausted at which point the algorithm outputs the structures with the lowest energies.

For the saturation of surfaces, only the sizes of 2- and 3- unit cells thick were chosen as they find
a balance between being representative models and computational efficiency.

3.4. Determination of Strain
The strain of a surface (∆Estrain) was determined using equation 3.3 where Esurface is the electronic
energy of the surface, Eα−quartz and EH2O and the electronic energies of α-quartz and water, respec-
tively, as calculated by a given method. m is the number of α-quartz units cells required to build model
and n is the number of water molecules use to saturate the model, if applicable. α-quartz was chosen
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Figure 3.1: Visualization of algorithm for saturating the surface.

as it is the most stable polymorph of SiO2.
∆Estrain = Esurface − nEα−quartz −mEH2O (3.3)

Strain is an accumulated property. The more atoms and bonds a model has, the more strain a
model can build-up. In order to compare models of differing N, the strain must be normalized. For this
work that was done through taking the strain per Si-O bond (∆Eper Si−O). On a conceptual level, this
was the easiest way to reason about differences of total strain between models and the magnitude of
these differences.



4
Results and Discussion

In this chapter, the results of the gathered data are presented and discussed. The surface roughness
and expected values for topological features are compared between varying values of α. Following this,
the strain of dry and saturated surfaces is presented. Descriptors are then explored to predict these
values of strain. Lastly, the results of screening of semi-empiric DFT are presented.

4.1. Creation of surfaces
4.1.1. Roughness of Generated Models
Bulk amorphous SiO2 was made through distorting β-cristobalite crystals tiled three times in the z-
direction (N = 3) through simulated annealing. These bulks were turned into models for the surface of
amorphous SiO2 through cleaving using a randomly generated stochastic Fourier series through which
roughness can be controlled through an empirical parameter (α). As this method is random, multiple
models were made to assess what expectation values for given αmight be and how well the roughness,
as determined through the mean-square deviation (MSD) of the surface is controlled through it. This
is measured through equation 4.1 where n is the number of atoms on the surface, z̄ is the average
z-coordinate of the surface atoms, and zi(x, y) is the z-coordinate of a given atom i on the surface of
the model. Figure 4.1a shows the average MSD for the varying values of α for the top (blue dots) and
bottom (Orange dots) surfaces of the generated models. For the models of N = 3, the trend of greater
α leading to lower average MSD is observed. This decrease looks to follow a logarithmic decrease,
exactly as Nguyen and Laird as observed.24 This means that the implemented method functions as
intended. α can be used to directly influence the expected surface roughness when generating models.

MSD =
1

n

n∑
i=1

(zi(x, y)− z̄)2 (4.1)

As models of difference sizes were also of interest, more were made starting with different N using
the same values if α as before. In Figure 4.1b the same trend of increasing alpha leading to decreasing
MSD is seen. Furthermore, the same logarithmic trend is observed for N = 2 and the resulting values
of MSD are similar to that for N = 3 but it does not seem to follow it as closely. This could be due
to there being one-tenth the models of N = 2, and N = 1 for that matter, and as such average values
maybe not result in exactly the expected trend. Models generated of size 1 have average MSDs which
deviate comparably far from the other two values of N and have a much less significant decrease in
MSD across the range of α. This could be due to how the cleaving function ranges between -10 Å
and 10 Å in the z-direction. Models of N = 1 unit cell are approximately 7 Å in height and as such a

17
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relatively greater number of atoms are displaced than that of larger models. In other words, models of
N = 1 unit-cell are too small to effectively be made using this method as they are cleaved to too great an
extent. This could also be argued for models of N = 2 unit-cell however Figure 4.1b provide evidence
to the contrary; they still follow the expected trend for MSD roughness.

(a) (b)

Figure 4.1: Mean-square displacement roughness compared to alpha of varying initial bulk thicknesses for a) models of N = 3
b) models of N = 1, 2

Analytically, Nguyen and Laird showed that the expected MSD roughness of the cleaving function
tends towards 0 as α tends towards infinity.24 For the surfaces of N = 2 and 3 the MSD looks to
plateau around 10 Å2 as α increases. Amorphous SiO2 exist as discrete atoms which are usually
spaced out by at least 1.6 Å so there will always be some intrinsic surface roughness and deviation from
expected MSD. Furthermore, during the re-equilibration after cleaving, the surfaces will reconstruct as
to decrease the number of dangling atoms which were induced and this should also decrease the
roughness of the model. Regardless, a plateauing at an MSD of 10 Å is arguably high. This could be
explained through the cleaving function cutting a nano-pore-like structure into the model which is not
closed during re-equilibration. With the probing method used to identify surface atoms, atoms in this
hole would be defined as part of the surface.

4.1.2. Topology of Generated Models
Surfaces can not only be characterized through their roughness but also their topology, that is: bond
lengths, bond angles, rings, defects. For this reason, these properties were extracted from the models
and averaged for given N and α to analyse the effect of these variables. Any differences in average
values between differing N is likely because of the relative number of displaced atoms being greater for
smaller models and as such more atom recombining during re-equilibration. Furthermore, as observed
earlier in the MSD, models of sizes other than 3 likely have too few models to meaningfully make
conclusions based on their average values. For these reasons, only analysis done on models of N = 3
will be discussed. Graphs and tables for the remaining values of N can be found in appendix B.

Starting with the hypothesis that lowerαwill lead tomore defects within themodel as there aremore
atoms displaced and dangling bonds induced when cleaving with rougher functions. In this context, a
defect is defined as any over/under-coordinated atom remaining in the model after re-equilibration. For
Si atoms these are 3- or 5-coordinated atoms (3Si, 5Si) and for O this is 1- or 3-coordinated atoms (1O,
3O). The coordination of a given atom was determined through counting the number of atoms within a
2 Å radius. The average percentage of each defect and the total number of defect Si and O are given
in Table 4.1. Between the two types of defects, over-coordination is found to occur more frequently for
both atoms. For the total number of defect atoms there is no strong correlation with α. For the most
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part is it decreasing however to say that defects are directly related α is a stretch. There is also not a
large decrease in the total number of defect atoms as there is a range of 2 Si and 3.5 O between the
maximum and minimum of each. These two facts lead to the conclusion that α did not have a strong
influence on the rate of defects forming when creating the models.

Table 4.1: Average percentage of defects for surfaces of N = 3

α ( Å-2) % 3Si % 5Si number Si defects % 1O % 3O number O defects

0.01 1.47 2.55 8.7 2.17 2.71 21.1

0.02 1.50 2.92 9.5 2.21 2.91 22.1

0.03 1.53 2.56 8.8 2.25 2.78 21.7

0.04 1.25 2.69 8.5 1.98 2.70 20.2

0.05 1.29 2.44 8.1 2.08 2.66 20.5

0.1 1.38 2.08 7.5 1.98 2.33 18.6

Not only the number of defects but also their positions relative to other notable surfaces features is
interesting. It has previously been suggested that 5Si are generally found in 3-membered rings (3-MR)
and occasionally 2-membered rings (2-MR).65 The reason for this has been attributed to 5Si having a
lower energy of formation when part of a strained ring compared to when they are not.66 The generated
models agree as 60% of 5Si are found in 3-MR which increases to 73% when taking those in 2-MR
into account (Table B.1). 3Si were found to have higher energies of formation, especially when within
strained 2- or 3-MR. Through the same analysis it appears that 7% of 3Si are found participating in
2-MR while 60% are found in rings larger than 4 (Table B.1). These higher energies of formation for
3Si also explain why they are less frequently found in models than 5Si.

Greater fractions of 2- and 3-MR should be identifiable from the distribution of bond angles for a
given model.24 Thus the reasoning that comparing the average distribution of bond angles across α’s
should give a qualitative indication as to the average number of rings found in models. The distributions
of Si-O-Si bond angles for the different values of α is shown in Figure 4.2a and that for O-Si-O in Figure
4.2b. The difference over α is more pronounced for the Si-O-Si with a clear decrease in the secondary
peak and a shift in the primary peak to the right. The decrease in the secondary peak has been
attributed to an increased fraction of 2-MR and the described shift corresponds to an increased fraction
of 3-MR and 4-MR.67 This agrees with Figure 4.3 which shows the average number of 2-MR and 3-MR
decreasing as α increases. As such, the distribution of bond angles is reasonably affected through the
rings present in the model and according to the distribution of bond-angles, α has a systematic effect
on strained rings present in models.

Beginning with the hypothesis that 3-MR are responsible for increased surface roughness, Figures
4.1 and 4.3 are compared. From Figure 4.3 the amount of 3-MR is seen decreasing in a fashion similar
to that of the average MSD with α. It also has a similar effect on the number of 2-MR. The decrease
in rings for lower values of α can also be argued to be due to the cleaving itself as lower values will
induce less unsaturated atoms on the surface which can recombine and form strained rings during
re-equilibration.67 Thus, the conclusion that one of the mechanisms through which α controls surface
roughness is through promoting the formation of strained rings during the re-equilibration after cleaving.

The final topological property of the models which was analyzed was the lengths of Si-O bonds
and their relation to α. These probability distributions are plotted in Figure 4.2c. The bond lengths of
the generated models look to be distributed normally with mean values close to 1.625 Å. Changes in α
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(a) (b) (c)

Figure 4.2: Probability distributions for a) Si-O-Si bond angles (◦), b) O-Si-O bond angles (◦), c) all Si-O bond lengths ( Å),
across all models of N = 3

are seen to slightly effect the distribution of bond lengths. Primarily, a very small shift in the maximum
of the distribution towards a longer bond length and a small decrease in its probability as α increases.
This also leads to a slight decrease in the average bond length for as α decreases. The total change
in average bond length from α = 0.01 to 0.1 is a decrease of 0.026 Å. As such, from this data, it is
concluded that the roughness of cleaving function used it make the models has little, but still noticeable,
impact on the bond lengths of the resulting model.

Figure 4.3: Number of two-membered (blue) and three-membered (orange) rings averaged across surfaces of given α

4.1.3. Saturation of Generated Models
For the saturation of models, it was considered ideal to still be able to use CMD. This was seen as an im-
provement over manually saturating the surfaces and would remove the human-bias when introducing
silanol groups through breaking bonds. For this ReaxFF was employed. After running the simulation
and removing all molecules not bound to the SiO2 model, it was found that the majority of the time the
resulting surface was positively charged. The hydroxide ions necessary to keep the system charge
neutral were generally found to be in the water bulk. Comparing to the results of Nguyen and Laird
it was found that their models had the same issue. This is not physically reasonable as naturally oc-
curring solids are not charged on the macroscopic scale. For this reason, the surfaces were saturated
algorithmically, as described in section 3.3.

Due to its empiric nature, no meaningful topological analysis can be done on the surfaces imme-
diately after they have been saturated using the algorithm. Moreover, comparing the topologies of
structures which are a result of DFT to those of CMD is also not reasonable as they are very different
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methods in how they influence the structure of the model. As such, the results of the DFT optimizations
only qualitatively analyzed.

Due to the algorithm being designed to try and bring all atoms to their preferred coordination, after
DFT optimization, it was expected that over/under-coordinated atoms would no longer be present in
the model with perhaps the exception of one or atom. Moving forward with this expectation, the coordi-
nation of each atom within the new structure was recalculated and analyzed. The resulting structures
generated through the algorithm had almost 0 remaining under-coordinated atoms after geometry opti-
mization. However, the number of 5Si is maintained. The average across all models decreases only by
0.4 after saturation, from 5.5 to 5.1. The occurrence of 6Si within models was also observed for the first
time. 6Si are not inherently non-physical as they are naturally occurring within the mineral stishovite.68

What is of greater interesting is the excess of 5Si within the models. Qualitatively, a fair amount of
the 5Si were found to have a -OH group bound to them (Figure 4.4a), some even sharing this group
between with another Si atom as seen in Figure 4.4b. This cannot be ruled as inherently non-physical
due to the unknown general structure of amorphous SiO2. However, this occurs relatively frequently
with some structures containing this shared-hydroxyl motif in excess of 5 times. It is possible that this
is a consequence of the DFT optimization, not the method of the algorithm. For geometry optimization
the system is simulated at exactly 0 K so it has no more dynamic movement. As such, different results
might be achieved through using simulated annealing in place of geometry optimization and this over-
coordination need not be due to the method of saturation. Regardless, the algorithm is effective at
removing the energetically less favorable under-coordinated atoms while over-coordinated seem more
difficult remove through saturating the model. Considering their relative stability of over-coordinated
atom, it might not even be necessary to go beyond removing under-coordinated atoms for a physically
reasonable model.

(a) (b)

Figure 4.4: structures of Si (orange), O (red) and H (grey). 5Si found in saturated structures where a) the silanol is attached to
the 5Si and b) the silanol is shared between Si atoms.

4.2. Strain
4.2.1. Strain of Dry Surfaces
Much like for surface roughness, a relationship between the strain defined in equation 3.3 and the
roughness parameter, α, was also expected. This stems from the realization that α influences the
number of strained rings within a model. From Figure 4.5, strain is observed to be inversely proportional
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to α. Along with that, the decrease in the mean values of strain seems to decrease similarly to the
number of 3-MR and 2-MR. The range of strain for each α spans about 3000 to 4000 kJ/mol and there
is a relatively large degree of overlap in these ranges when comparing between α. This brings into
mind that if a given strain, or surface topology, is desired then multiple models should be made as the
method. This is exemplified through the highest strained surface of α = 0.1 is fairly close to that for α
= 0.02.

Figure 4.5: Total strain of models N = 3 units for given values of α

From the observation that strain follows similar trends to roughness, it was hypothesized that model
of N = 2 would have similar strain to those of N = 3 and N = 1 would have less. However, since the
models of different sizes they were compared on the basis of their strain per Si-O bond (∆Eper Si−O) as
strain is an accumulated in every bond and every angles; the more there are the more opportunities to
accumulate. In figure 4.6 the different values of ∆Eper Si−O shown for the values of N. What is initially
noticeable is that the average strain inversely proportional to model size, contrary to expectations. The
average values of ∆Eper Si−O decrease from 16.5 to 12 to around 9 kJ/mol from N = 1 to 2 to 3 and
4, respectively. The overlap in the calculated ∆Eper Si−O is initially the lower quartile of N = 1 and the
upper quartile of N = 2. For larger N the overlap in ranges increases with higher N overlapping more
with each other. The inverse relationship between N and ∆Eper Si−O was postulated to be due to the
difference in the proportion of atoms displaced during cleaving. As the range of the cleaving function
frequently encompasses the full thickness of bulks, especially for N = 1 and N = 2, smaller models have
less atoms which are left unaffected by the cleaving. With ”unaffected” it is meant that an atom is not
shifted or given dangling bonds. This greater number of unaffected atoms means that there are less
which will have to recombine during re-equilibration and more which will stay in close to the same state
as to before cleaving.

With the hypothesis that the higher ∆Eper Si−O of smaller models is due to less of the initial amor-
phous bulk being unaffected by cleaving, an estimate for ∆Eper Si−O of amorphous SiO2 bulk was
calculated. As the system being modelled is amorphous, there is no exact way of determining its intrin-
sic average amount of∆Eper Si−O as there is no long-range periodic order to the structure. We cannot
be sure of how the bulk looks like. However, as larger and larger models are considered calculations of
∆Eper Si−O should converge to an average value, grated the models are physically reasonable. Under
this assumption, the bulk model generated to create the N = 3 models was optimized using DFT and
it’s ∆Eper Si−O, when compared to the reference states given in equation 3.3, is 0.21 kJ/mol. When
comparing this number to the full dataset, it is considerable smaller than the lowest ∆Eper Si−O of 5.5
kJ/mol and two orders of magnitude smaller than the largest value. From this it can be concluded that
the major contribution to the∆Eper Si−O of the models is the fact that they are no long amorphous bulks
and have been given strained features from cleaving.
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Figure 4.6: Range of ∆Eper Si−O for models of sizes N = 1, 2, 3, 4 unit cells thick

4.2.2. Strain of Saturated Surfaces
The algorithm made is empirical in the manner which it saturates models and the method of choosing
which structures are carried forward for the next generation is the single-point energy as calculated
through GFN-FF. For these reasons it may not always effectively create and choose models. In an
attempt to assess the performance of the algorithm, a structure of N = 3 was chosen at random and
the lowest energy structure in each generation had its geometry optimized. After each successive
saturation the strain of the surfaces looks to decrease linearly (figure 4.7). On average, each addition
of H2O decreases the ∆Eper Si−O by 0.45 kJ/mol. There are deviations from this trend. Namely, after
adding 5 H2O molecules and between 8 and 11 H2O molecules. Here the strain either increases
compared to the previous structure or decreases at double the average amount.

Figure 4.7: ∆Eper Si−O of selected structure as the surface is saturated by the algorithm

These increases in energy seem to happen when a 2-MR is broken through the displacement of
3O, as shown in figure 4.8. This results in a remaining bond angle which is typical for the 2-MR but
otherwise smaller than a standard a Si-O-Si angle. This would cause the surrounding to relax during
the DFT optimization as there is clearly some force driving the two Si of the 2-MR apart. As there is a
greater amount of potential energy the GFN-FF single-point calculation resulting in a higher energy. For
this reason, it is likely better practice to make use of geometry optimizations when generating structures
in place of single-point energy calculations so that the structure is allowed to reach a relaxed state.
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(a) (b)

Figure 4.8: 2-MR of a) generation 10, before saturation, and b) generation 11, after saturation. Si (orange), O (red), H (grey)

Figure 4.9: ∆Eper Si−O after adding 9 and 19 water molecules algorithmically (blue) and manually breaking two-membered
rings (orange)

With the algorithm only taking atom coordination into account, it is possible that a lower energy
state can easily be achieved through functionalizing strained features such as 2-MR. Thus, the structure
ofN = 2 with the highest strain was chosen and further saturated through randomly adding water across
bonds at the bottom of the surface. This was done through slightly extending the capabilities of the
already existing algorithm. Ultimately, 10 more H2O molecules were added on top of the 9 already
used to saturate the surface. What was noticed is that the resulting structure decreased ∆Eper Si−O

by approximately 0.75 kJ/mol after adding all the remaining H2O (figure 4.9). This is much less than
saturating over/under-coordinated atoms. Upon visually inspecting the resulting surface it was found
that 2-MR were generally left untouched and there 4 were remaining in the model, all relatively spaced
away from each other.

2-MR are causes of higher local strain and they are most likely to be some of the first features
that react with water.30 Thus, the remaining 4 rings were functionalized. One ring was broken at a time
and the structure was optimized using DFT. After adding water to the first two 2-MR, the ∆Eper Si−O is
seen to decrease by a further 0.75 kJ/mol and after the removal of the two remaining rings ∆Eper Si−O

stays essentially the same at around 7.50 kJ/mol. This result highlights a few things: two possible
improvements to the algorithm and not all 2-MR are equally strained. One of the improvements is that
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geometry optimization should be used, again. It is rather likely that the 2-MR were left untouched as the
remaining structure after functionalizing the Si-O bond of a 2-MR leaves behind a unnaturally strained
structure. The other improvement is that, if geometry optimizations are not implemented, the algorithm
should be made to prioritize strained rings or they should be manually broken at the minimum. Finally,
when breaking bonds, the amount of strain is also affected by the local environment of said bond. If
breaking a 2-MRwere to always lead to a consistent decrease in∆Eper Si−O they, this would have been
seen in Figure 4.9. Instead, there is an increase in ∆Eper Si−O after breaking the third ring followed by
a decrease which results in a similar value of ∆Eper Si−O as before the increase in energy. There is no
immediate reason as to why this would be unique to 2-MR and as such the postulation that the local
amount of strain it important when considering the strain of amodel after a saturation or functionalization
is done.

As saturated surfaces are likely the ones which are better representations of the systems which
are the interest of study, their strain is arguably of more concern than that of dry surfaces. Predicting
the strain of a saturated, or functionalized, model from the strain of the corresponding dry model would
be ideal as this would decrease the computational resources required to know if a model of desired
strain and roughness is achieved. To see if this prediction of strain from the dry model is possible if the
surface is saturated using the algorithm the ∆Eper Si−O of saturated surfaces is compared to that of
the dry surfaces to see if there is a correlation. This can be seen in Figure 4.10 for surfaces of N = 2
and 3. Here it can be seen that surfaces of higher strain when dry lead to surfaces of higher strain after
saturation. The algorithm only considers under/over-coordinated atoms when saturating the surface.
As such, bonds within strained features are not broken unless they contain an over-coordinated atom.
Thus, any energy in these features is not released and still present after saturation. This makes it
logical that there is an approximate relationship between the strain of the dry and saturated surfaces.
It also makes it possible to have an estimate of what the strain of a saturated surface will before further
processing it.

Figure 4.10: ∆Eper Si−O of saturated surfaces plotted against strain of corresponding dry surface for N = 2 (orange) and 3
(blue) unit cells

4.2.3. Descriptors for the Strain of Dry Surfaces
When bonds are explicitly defined in CMD their associated energies are frequently described through
the harmonic oscillator. Likewise for bond angles. This leads to not calculating an actual energy of a
system but a predicted energy penalty when comparing to the equilibrium state of each bond and angle,
essentially the strain the system is under. Taking inspiration from this, linear descriptors for∆Eper Si−O

in form of the topological features discussed earlier were applied to attempt to predict it. This includes
the coordination of atoms, average bond length and average Si-O-Si bond angle. All linear relations
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can be found in appendix C. Of the Si and O atoms, the latter seem to generally give a better fit, R2

= 0.11 and 0.24 for 1O and 3O respectively (Figures C.1, C.2), than that of Si, R2 = 0.05 and 0.27 for
3Si and 5Si respectively (Figures C.3, C.4). As a whole, none of those linear fits are great. However,
there are twice as many O atoms as there are Si atoms in the model so there is also a greater range
in values of defect O. Average bond length has an R2 of 0.11 and has a trend of longer average bond
lengths leading to higher ∆Eper Si−O. The R2 is lower than expected considering that this is one of the
sources of additional energy within the molecular modeling. However, the trend of the fit does make
physical sense. Models with longer bond lengths are likely, on average, farther from their equilibrium
bond length than those with shorter. The best individual descriptor is the average Si-O-Si bond angle
with a R2 of 0.7 and the fit shows that ∆Eper Si−O is inversely proportional to average bond angle.
This makes sense as a larger secondary peak would lead to a lower average and larger number of
strained rings leads to a larger secondary peak. Using average Si-O-Si bond angles alone to predict
strain would likely lead to significant deviations. This is argued from the points at the lower bond angles.
Here they deviate from the trend line rather significantly with the regression being 5 kJ/mol off of the
true ∆Eper Si−O. This number alone is not significantly larger however it is per bond. Even for the
smaller of models at N = 1 this is nearly 1500 kJ/mol away from the true value. So, there is arguably
no one descriptor that can predict strain on it own.

Considering there are likely multiple sources of strain within a model, one single descriptor that
can accurately predict ∆Eper Si−O would imply that there is one major source of it and the remaining
contributions are either minimal or get canceled out by one another. As such, a multivariate model
would be more fitting. Conceptually, applying a multivariate linear regression in this context can be
though of as summing total contributions and deductions from the descriptor to total ∆Eper Si−O. For
this O atoms were chosen as they have a greater range of values which would hopefully allow for better
fitting. The average bond length and average bond angle were taken as well. Combining all of these
descriptors into one model results in the fit outlined in Table 4.2. The R2 of the model is 0.925 with
it claiming that greater 1O and average bond length leads to greater ∆Eper Si−O with the remaining
descriptors leading to lower values. All of them have significance within the model below that of the
conventional standard p = 0.05. The coefficient associated with the average bond length is three orders
of magnitude larger than that of the others. Due to the small range in values average this descriptor
can take, small changes imply relatively significant changes in strain. Thus, the conclusion earlier that
the difference in average bond lengths was likely incorrect.

Table 4.2: Coefficients, t-values, significance of t-values for multivariate linear regression describing ∆Eper Si−O of all dry
surfaces involving given independent variables. Original statsmodel reports can be found in figure D.1

R2 = 0.925

independent variables coef t P|t|

intercept -302 -7.75 0.00

1O 0.457 14.0 0.00

2O -0.0181 -14.5 0.00

3O -0.147 -3.35 0.00

Avg bond length 226 9.34 0.00

Avg Si-O-Si angle -0.350 -11.3 0.00
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To visualize the model, the∆Eper Si−O predicted by this model against that calculated through DFT
was plotted. This is seen in Figure 4.11. What is apparent from the figure is that when themodel predicts
∆Eper Si−O greater than 15 kJ/mol the accuracy diminishes. These data points primarily correspond to
models of N = 1. This could be due to higher ∆Eper Si−O being less represented within the data set,
as they are only frequently reached by models of N = 1, and as such it is fit to better predict values
below this value. As these smaller models are not large enough to be effectively made through the
used methodology, the fact that their ∆Eper Si−O is not as accurately predicted is not considered an
issue. Thus, the conclusion that linear regressions seem to be able to effectively predict ∆Eper Si−O

when combining multiple topological features of a given model of amorphous SiO2.

Figure 4.11: Predicted ∆Eper Si−O from the multivariate linear regression model against the calculated from DFT
∆Eper Si−O

Even with linear regressions working effectively, there is no reason for them to necessarily be the
most accurate description of the relationship between the descriptors and∆Eper Si−O. One example is
the average bond length. With chemical bonds being accurately described by the harmonic oscillator,
it can be reasonable that a quadratic relationship between it a strain is more effective when combined
with the rest. Furthermore, there is no immediately obvious physical logic as to why coordination should
be linearly related with ∆Eper Si−O. ROBERT, an automated machine learning protocol, was applied
to the data set for this reason. Doing this, a model of resulting in an R2 = 0.94 was found using a
multivariate linear regression model (Figure D.2). This at least confirms that the model that was initially
proposed is satisfactory. Implicitly, it also suggests that all descriptors are best fit to the data linearly.
For bond lengths it can be argued that the given range of the values in the dataset is so small that they
are essentially linear anyway; given a small enough range any function can be accurately approximated
as linear. The data set is unbalanced as there are more models with N = 3 unit cells than N = 1 and N
= 2 combined. ROBERT can over-fit to this majority in the dataset. This is seen in the outliers as they
consist primarily of models of N = 1, noticeably also of higher values of α of 0.04 and 0.05. This is the
same as could be seen in Figure 4.11.

With the current multivariate linear regression model appearing to be the most effective way to
reasonably predict ∆Eper Si−O, the values corresponding to the specific values were shuffled. The
purpose of this is to seewhether they aremeaningful to the description the data, together; how important
the specific combination of values is to the prediction. If the R2 significantly drops significantly then the
value of every descriptor matters to the model. Doing this shuffling does cause the R2 to reach a value
close to 0 (figure D.3). With this it is concluded that the multivariate linear regression model is definitely
using topological descriptors of a surface to predict it’s ∆Eper Si−O.
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What is worthwhile to discuss is the descriptor of 2O. As seen in figure 4.12, the number of 2O are
very heavily clustered just bellow the values 432, 288, and 144. These are the number of O atoms that
each size of model contains. While the R2 is 0.82 that value itself is meaningless due 2O, in essence
almost, being a categorical variable and alone having a very clear indication of ∆Eper Si−O. However,
from Figure 4.6 it is very apparent that there is a fairly broad range in the possible values of∆Eper Si−O

for a given N. Consequently, including 2O may give a better fit however it is arguably unreasonable to
use it for this data set due to the rigid model sizes. This reasoning is partially supported when applying
the same shuffling mentioned previously and the value ofR2 staying above 0.8 (D.4). Before definitively
taking 2O as a descriptor more intermediate model sizes would need to be added to the set of data.

Figure 4.12: Linear trend between the number of average bond angle and the strain per bond for the given model.

As 2O may be leading to an artificial improvement in the model, it was removed to see what the
impact on the model would be. Doing this resulted in a model with an R2 of 0.86. The trends in the
coefficients stay the same (figure D.5) and the resulting R2 is still considered more than acceptable.
This categorization, in combination with the∆Eper Si−O barely overlapping between different N (Figure
4.6), leads to the argument that the data set should not be analyzed together as it has until now but
separately and that the resulting R2 is not the most accurate measure of performance.

Because of the observation that 2O is rather categorical, the differentN were analyzed separately in
the same fashion to see if the previous results could still be replicated. As a result, the new multivariate
linear regression had values of R2 between 0.74 and 0.8 (table 4.3) and shuffling descriptors again
gave R2 close to 0 (figures D.10, D.11, D.12). This is still an acceptable explained variance however
the significance of each variable in each fit is not always above 0.05 and the values of the coefficients
are, intuitively, not always physical. For model of 1 and 2 unit cells thick there are no issues, the same
descriptors can be used as they are. However, for surfaces of 3 unit cells thick the significance of three
of the five descriptors rises to above 0.5. Removing any of the three descriptors based on coordination
of O atoms fixes this, and regardless of choice, the R2 comes out to 0.77. The coefficients of the new
regressions do not all share the same trends. There are negative coefficients for the descriptor of 1O
for surface of 1 and 2 thickness and a positive coefficient for 2O for surfaces of 3 thickness. This leads
to the conclusion that the method is not always strictly physical. Intuitively, 1O would not be considered
a species lower in energy that that of an O in α-quartz due to its charge. However, this does not
necessarily mean that it is incapable of predicting strain and does not detract from the proposal that
topological features can be used to predict the strain of a given structure.
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Table 4.3: Coefficients for multivariate linear regressions describing ∆Eper Si−O of dry surfaces of specified
thickness involving given independent variables. Original statsmodel reports can be found in appendix D

coeff

N R2 intercept 1O 2O 3O Avg bond length Avg Si-O-Si angle

1 0.74 -0.0426 -1.14 -2.30 -2.70 235 -0.280

2 0.807 -0.0161 -1.03 -1.68 -1.93 336 -0.387

3 0.773 -321 0.1081 -0.2701 -0.4041 299 -0.280

32 0.773 -494 0.510 0.113 - 298 -0.282
1 Independent variable has p-value above 0.5
2 Descriptor 3O removed from regression

4.2.4. Screening Semi-empirical DFT
Another method of predicting the strain would be to use cheaper calculations to determine electronic
energy such as DFTB. Before doing this is must be known if the given method and parametrization
corresponds to DFT data. In figures 4.13 the correlation between the strain as calculated by DFTB and
DFT has an R2 of 0.91 for surfaces of size N = 2 and N = 3 unit cells. DFTB seems to systematically
under-estimate the strain of a surface. However, the goal is not to get the exact value of strain but rather
to be able to predict the relative strain between two or more surfaces. Considering these calculations
are comparably cheap, they could be used in place of descriptors.

(a) (b)

Figure 4.13: Correlation between DFTB calculated electronic energy and DFT calculated electronic energy for dry surfaces of
a) 3 units cells and b) 2 unit cells thick

This approach can also be applied to saturated surfaces. Again, DFBT seems to systematically
under-estimate the strain of saturated surfaces as well (figures 4.14. The correlation is also not as
great as that of the dry surfaces but nonetheless adequate at R2 of 0.83 for both. With semi-empirical
DFT providing an adequate degree of accuracy this makes it possible to apply computationally more
expensive tasks, such as simulated annealing using non-force field method to calculate force, when
creating surfaces.
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(a) (b)

Figure 4.14: Correlation between DFTB calculated electronic energy and DFT calculated electronic energy for saturated
surfaces of a) 3 units-cells and b) 2 unit cells thick



5
Conclusion

5.1. Conclusion
The goal of this study was to create and characterize models for the surface of amorphous SiO2. Sur-
faces were generated using classical molecular dynamics to distort crystals of β-cristobalite through
simulated annealing. These distorted crystals were turned into surfaces by cleaving using a random
stochastic Fourier expansion, for which surface roughness can be controlled through the empiric param-
eter α, and re-equilibrating the system. This was done for models of varying thickness in the z-direction
(N). The resulting surface roughness and topology of the models was analyzed and compared to pre-
vious studies to rationalize results and confirm the method was implemented properly. To introduce
silanol groups, models were saturated algorithmically as using force fields led to non-physical, charged
models. The strain of the dry and saturated surfaces was compared and the effect of varyingN on strain
was also analyzed. Using the topological characteristics and features of the surfaces, descriptors were
then explored using multivariate linear regression and automated machine-learning programs to find
relations which could be used to predict the strain of a given model. To see if these descriptor models
were the best method of predicting strain, the accuracy of DFTB was also determined.

From the generated models it was concluded that the proposed method of cleaving does work and
is generally applicable various sizes of models. They were observed to follow a logarithmic decrease in
mean-squared displacement, an indicator of surface roughness, as α got larger. However, below a N
of 1 the cleaving function displaces too many atoms for there to be any meaningful difference in surface
roughness after re-equilibration. This was characterized with the aforementioned logarithmic decrease
no longer being as apparent. Using lower values of α led to models with more strained features, 2-MR
and 3-MR. But, the amount of defect atoms was not greatly effected as they decrease by 3.5 and 2,
for O and Si respectively. Average bond length was found to vary almost negligibly with α, a range of
0.026 Å, but was shown to have a significant impact when describing strain. In general, lower values
of α led to higher values of strain however the range of possible values for a given roughness was
approximately 3000 to 4000 kJ/mol leading to large overlaps between the values of α. From this the
conclusion that multiple surfaces should be generated when looking to create a model of specific strain
and surface topology. Surface size was also found to greatly impact the amount of strain within a model
when applying the method outlined in this work with the average strain per Si-O bond decreasing from
16.5 to 12 to 9 kJ/mol going from N = 1 to 2 to 3 or 4.

Saturating defect atoms led to strains which generally correlate with that of the dry surfaces, R2

of 0.62. The total number of under-coordinated atoms decreased to essentially 0 however there were
still 5.1 over-coordinated Si being present in a model, on average. This was explained through over-
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coordinated Si being energetically more stable than their under-coordinated counter parts and the con-
clusion that it might not even be necessary to algorithmically remove over-coordinated atoms. Further
saturation of the surfaces showed that it can continue to decrease strain but simply adding more water
will not necessarily lead to a lower strain. Rather, what is saturated is important. Manually saturating 2
2-MR decreased strain per bond by 0.75 kJ/mol. Thus was concluded that, indeed, breaking strained
features such as 2-MR is crucial when wishing to decrease strain within a model.

It was shown that strain can be predicted purely from the topology of a model. Using 1O, 2O, 3O,
average bond length, and average bond angle as descriptors resulted in anR2 of 0.925, p-values all well
below 0.05, when all data was analyzed together. It was concluded analyzing all models of all values
of N together might be a wrong choice due to the descriptor of 2O almost being categorical. However,
even removing this descriptor, the linear model maintained a relatively high R2 of 0.86. Analyzing each
value of N separately led to R2 between 0.74 and 0.8. Regardless of how the data set was analyzed,
shuffling the values of the descriptors between the given values of strain led to values of R2 close to 0.
To check for non-linear relations between the descriptors and strain, machine-learning was applied to
the data set. The best model was still one of multi-variate linear regression. This concludes that linear
models are an effective way of describing the relationship between said descriptors and a model’s
strain.

5.2. Outlook
Based on the results and conclusion of this research the following suggestions are thought to be pos-
sibilities for further research:

• Stemming from industrial applications, amorphous aluminosilicates are also popular catalyst sup-
ports. While this method has been developed for amorphous SiO2 there is nothing in inherently
restrictive in the model of surfaces it may be able to generate. This would entail using force fields
which are able to describe the structure of aluminosilicates or developing a method of converting
the currently generated models. This also poses a question of how to describe strain in the sense
that there is no immediate simple unit cell of an aluminosilicate to which the energy of the surface
can be compared. Undertaking this would lead to a method which is able to different classes of
models for which the method may be more generalizable to amorphous structures.

• The current set of data is relatively rigid in the size of models it contains. Expanding this to not
strictly conform to multiples of the initial unit cell would allow for more analysis which could lead
to a model, like the one proposed, which is more generally able to predict the strain of a surface.

• The current method of describing strain is relatively simplistic. While it works as proof of concept,
it may not be readily applicable to models of all sizes. To remedy this, a more complex model
could be developed perhaps based on the categorization of Si atoms. Instead of simply taking the
coordination of the Si atom more in-depth analysis could be done categorize them, individually,
according to how strained they are and perhaps to the strain of their local environment. Doing
this could also lead the way to describing the local strain of a given area of a model instead of
purely the global strain as this work does now.

• General improvements to the algorithm used for saturation could also be made. The ones which
are most readily apparent is improving the capability of the model when breaking bonds. Specifi-
cally, have it focus on strained features instead of randomly selecting atoms on the surface. Fur-
thermore, the improvement of how it determines the energies of the models it generates could be
done either through the annealing of the structures or simply using geometry optimizations over
single-point energy calculations when evaluating the energy of a child.
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B
Remaining Topological Information

(a) (b)

Figure B.1: Probability distribution of bond lengths of a) N = 2 and b) N = 1
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(a) (b)

Figure B.2: Probability distribution of Si-O-Si bond angles of a) N = 2 and b) N = 1

(a) (b)

Figure B.3: Probability distribution of O-Si-O bond angles of a) N = 2 and b) N = 1

(a) (b)

Figure B.4: Average number of rings for a) N = 2 and b) N = 1
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Table B.1: Average number of 3Si, 4Si, and 5Si participating in 2-MR, 3-MR, both types of rings and in none of the previously
named rings. And, the probabilty of finding specific Si in a given type of ring

Atom type average number percentage

3Si lone 1.81 0.84

conditional

probability

percentage

chance

4Si lone 128 59 P(3-MR|5Si) 61

5Si lone 1.46 0.68 P(2-MR|3Si) 7.5

3Si in 2-MR 0.223 0.104

4Si in 2-MR 15.9 7.4

5Si in 2-MR 0.676 0.313

3Si in 3-MR 0.993 0.46

4Si in 3-MR 54.5 25

5Si in 3-MR 1.71 0.79

3Si in both 0.00668 0.0031

4Si in both 8.76 4.1

5Si both 1.63 0.76



C
Single Variable Linear Regressions

Figure C.1: Linear trend between the number of 1-coordinate O atoms and the strain per bond for the given model.
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Figure C.2: Linear trend between the number of 3-coordinate O atoms and the strain per bond for the given model.

Figure C.3: Linear trend between the number of 3-coordinate Si atoms and the strain per bond for the given model.
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Figure C.4: Linear trend between the number of 5-coordinate Si atoms and the strain per bond for the given model.

Figure C.5: Linear trend between the number of average bond length and the strain per bond for the given model.
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Figure C.6: Linear trend between the number of average bond angle and the strain per bond for the given model.



D
Full statistical models Reports

Figure D.1: Original report from stats-model for the strain per bond of all surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle).
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Figure D.2: Performance of ROBERT proposed model.

Figure D.3: Original report from stats-model for the strain per bond of all surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle)

after shuffling all values except for 2O (O_three_coord)
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Figure D.4: Original report from stats-model for the strain per bond of all surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle)

after shuffling values of descriptors except .

Figure D.5: Original report from stats-model for the strain per bond of all surfaces as function of 1O (O_one_coord) 3O
(O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle).
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Figure D.6: Original report from stats-model for the strain per bond of N = 1 surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle).

Figure D.7: Original report from stats-model for the strain per bond of N = 2 surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle).
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Figure D.8: Original report from stats-model for the strain per bond of N = 3 surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle).

Figure D.9: Original report from stats-model for the strain per bond of N = 3 surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle).
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Figure D.10: Original report from stats-model for the strain per bond of N = 1 surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle)

after shuffling values of descriptors

Figure D.11: Original report from stats-model for the strain per bond of N = 2 surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle)

after shuffling values of descriptors
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Figure D.12: Original report from stats-model for the strain per bond of N = 3 surfaces as function of 1O (O_one_coord), 2O
(O_two_coord), 3O (O_three_coord), average Si-O bond length (AVG_BL_ALL), and average Si-O-Si bond length (avg_angle)

after shuffling values of descriptors
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