A SCREENING STUDY OF TRIBOLOGICAL PROPERTIES FOR THIN FILMS

By

Co Dai Quach

Thesis
Submitted to the Faculty of the
Graduate School of Vanderbilt University
in partial fulfillment of the requirements

for the degree of

MASTERS OF SCIENCE
in
Chemical Engineering

March 31, 2023

Nashville, Tennessee

Approved:

Clare McCabe, Ph.D.

Peter Cummings, Ph.D.



Copyright © 2023 Co Dai Quach
All Rights Reserved

ii



To my friends and family whose support made this possible.

iii



ACKNOWLEDGMENTS

Funding for this work is provided by the National Science Foundation (NSF) through Grants OAC-1835874
and DMR-1852157. This research used resources provided by the Office of Science of the Department of
Energy at the Oak Ridge Leadership Computing Facility operated under Contract DE-AC05-000R22725 via
an award from the INCITE program and the National Energy Research Scientific Computing Center (NERSC)
operated under Contract DE-AC02-05CH11231.

iv



B.1  Toluene

TABLE OF CONTENTS

LISTOF TABLES . . . . .
LISTOF FIGURES . . . . . e e
1 Introduction . .. ... . ... ...
1.1 Thin Films Coatings as Lubricants . . . . . . . . . . .. ... ... ... ...

1.2 Molecular Dynamics and High-throughput Screening . . . . . . . .. ... .. ... ...

1.3 Machine Learning Integration . . . . . . . . . . . ... Lo

1.4 Prior Work and Scopeof Study . . . . . . . . . ...

2 Methods . . .. ... .
2.1  Molecular Dynamics Setup . . . . . . . . . ... e e e

2.2 High-Throughput Screening Workflow . . . . .. ... ... ... ... ... .......

2.3 Calculation of Frictional Properties . . . . . . ... ... ... ... ... ... ... .

2.4  Machine Learning Model . . . . . . . . ...
24.1  Random Forest Regressor Algorithm . . . . . .. ... ... .. ... .......

242  Molecular Fingerprint . . . . . . . . . . . . e

243  EvaluationoftheModel . . . . . . ... ... ..o oo

2.5 Integration of ML with High-Throughput Screening . . . . . ... ... .. ... .....

3 Results and Discussion: High-throughput Screening . . . . . . ... ... ... .......
3.1 Results OVerview . . . . . . . . . oo e
3.2 Notable Homogeneous Monolayer Terminal Group Chemistries . . . . . . . .. ... ...
3.2.1 Cyano Terminated Monolayer . . . . . . . ... ... . ... ... ........

3.2.2  Isopropyl Terminated Monolayer . . . . . . .. ... ... ... .. ........

3.3 Effect of Different Mixing Ratio . . . . . .. .. ... ... ... ... ...

34 Conclusion . . . . . . ..

4 Results and Discussion: Machine Learning . . . . . . ... .. ... . ... .
4.1  Comparing The Accuracy of ML Predictive Models . . . . . ... ... ... ... . ...
4.2 Screening of A Small Molecule Library . . . . . . . .. ... ... .. ... ... ...
4.3  Integration of ML to Accelerate High-throughput Screening . . . . . . . . ... ... ...
4.4  Conclusion . . . . . .. L e e e e e

A Accessingthesourcecodeanddata . . . . ... ... ...
A.1 Usingthereleased Repository . . . . . . . . . . . .. L
A1l MacOS . ... ... e

AL2  LENUX ...

A.2  Cloning the repository and creating the python environment . . . . . . . .. ... .. ...
A3 Utilizing the repository . . . . . . . . . .. e

B  Additional Force Field Details . . . . .. ... ... ... ... .. ... ... ...,

Page

vii

viii

B D=

(o2}



B.2 Phenol . . . . . . e 44

B.3 Diuoromethyl. . . . . . . . e 46
C Additional High-throughput Screening Result . . . . . . .. .. ... ... ... ...... 47

C.1 Hydroxyl Terminated Monolayer . . . . . . . . . . . . . . . . e a7
C.2 Methyl Terminated Monolayer . . . . . . . . . . . . . . . . e 49
C.3 Isopropyl Terminated Monolayer . . . . . . . . . . . . . . . ... 50
C.4 Nitro Terminated Monolayer . . . . . . . . . . . e 51
C.5 Peruoromethyl Terminated Monolayer. . . . . . . . . . . ... ... .. .. ....... 52
C.6  Fluorophenyl Terminated Monolayer . . . . . . . . . . .. .. . ... ... ..., 53
C.7 Carboxyl Terminated Monolayer . . . . . . . .. . . .. ... . ... . ... 54
C.8 Diuoromethyl Terminated Monolayer . . . . . . .. .. .. .. ... ... ........ 55

C.9 Phenol Terminated Monolayer . . . . . . . . . . . . . ... . 56
C.10 Toluene Terminated Monolayer . . . . . . . . . . . . e 57
C.11 Acetyl Terminated Monolayer . . . . . . . . . . . . . . . . e 58
C.12 Amino Terminated Monolayer . . . . . . . . . . . . . . e 59
C.13 Cyano Terminated Monolayer . . . . . . . . . . . e 60
C.14 Cyclopropyl Terminated Monolayer . . . . . . . . . . . . ... ... ... . ... ..., 61
C.15 Ethylene Terminated Monolayer . . . . . . . . . . . . . . ... ... 62
C.16 Methoxy Terminated Monolayer . . . . . . . . . . . . . . . . .. 63
C.17 Nitrophenyl Terminated Monolayer . . . . . . . . . . . . . . ... . . ..., 64
C.18 Phenyl Terminated Monolayer. . . . . . . . . . . . . . . . . . 65
C.19 Pyrrole Terminated Monolayer . . . . . . . . . . . . . e 66

D Molecular Descriptors . . . . . . . . e e e 67

Vi



Table

3.1

4.1

B.1
B.2
B.3
B.4
B.5
B.6
B.7
B.8
B.9
B.10
B.11
B.12
B.13
B.14

D.1

LIST OF TABLES

Page

22 most-favorable systems as determined by the intersection of the top 500 systems ranked
by coef cient of friction (COF) and the top 500 systems ranked by adhesive féte (

The COF and~ mean values and standard deviation (std.) are calculated from the three
replicate simulations. . . . . . . . ... 18

20 best performing systems as determined by the intersection of the top 2000 systems
ranked by coef cient of friction (COF) and the top 2000 systems ranked by adhesive force
(Fo). The properties were predicted using the ML models trained with 7816 data points,

asdescribedinsection4.1. . . . . . ... e e e 29
Toluene nonbonded parameters. . . . . . . . . . . . .. 42
Toluene bonded parameters. . . . . . . . . . . ... e 42
Toluene angle parameters. . . . . . . . . . e 42
Toluene dihedral parameters. . . . . . . . . . . . . 43
Toluene improper parameters. . . . . . . . . . . e 43
Phenol nonbonded parameters. . . . . . . . .. L 44
Phenol bonded parameters. . . . . . . . . . .. 44
Phenol angle parameters. . . . . . . . . ... e 44
Phenol dihedral parameters. . . . . . . . . . 44
Phenol improper parameters. . . . . . . . . ... 45
Di uoromethyl nonbonded parameters. . . . . . . . . ... L L. 46
Di uoromethyl bonded parameters. . . . . . . . .. ... ... ... oo 46
Diuoromethyl angle parameters. . . . . . . . . . . . . . 46
Di uoromethyl dihedral parameters. . . . . . . . . . ... 46
Molecular descriptors from RDKit . . . . . . . . . ... 67

vii



Figure

1.1

21

2.2

2.3

2.4

3.1

3.2

3.3

3.4

LIST OF FIGURES

Page

Visualization of monolayer thin Ims studied with optimizable componeaty, terminal
group, backbone, backbone chain length, degree of crosslinking, and Im composition.

Snapshot of dual-monolayer system (di uoro-terminated on both top and bottom mono-
layer) during the energy minimization (a) and shearing (b)stage . . . . . . . ... .. ..
(a) Simpli ed schematic of the systems studied. The top monolayer is a mixture of two
types of terminal groups chemistries (A and B), studied at two different mixing ratios
(0.25:0.75, 0.5:0.5), while the bottom monolayer is homogeneous (chemistry C). (b) De-
piction of the 19 different chemistries considered. From top to bottom, left to right, the
terminal groups are amino, hydroxyl, methyl, acetyl, carboxyl, isopropyl, cyano, ethy-
lene, methoxy, nitro, di uoromethyl, per uoromethyl, cyclopropyl, pyrrole, phenyl, uo-
rophenyl, nitrophenyl, toluene, phenol. . . . . . . .. ... oo oo
High-throughput screening work ow utilizing all open-source software. Speci cally, the
MoSDeF software suite is utilized to automatically perform system initialization, while
GROMACS and LAMMPS are used to perform the molecular dynamics simulation, whose
results are analyzed with MDTraj; the workspace and work ow as a whole is managed by

signac and signac- OW. . . . . . . . . . 10

Process of generating the molecular descriptors ( ngerprints) of the dual monolayer sys-
tems. Component terminal group chemistries of each top and bottom monolayer are rep-
resented by an H-terminated and methyl (CH3)-terminated SMILES string, which can
be used by RDKit to calculate corresponding molecular descriptors. For this study, we
consider a total of 53 descriptors (listed in Appendix D), which can be grouped into 4 cat-
egories, namely, shape, size, charge distribution, and complexity. The weighted averages
of these descriptors are then calculated to represent their corresponding surface, which
in turn, will be used to determine the ngerprint of each system. Figure adapted from

Summersetall? . . . 13

Distribution of simulated systems based on their COF Bndalues. The 22 most-
favorable systems, listed in Table 3.1, corresponds to data points con ned within the red
dashed box in the lower left quadrantof the gure. . . . . . ... ... ... ... ....
Distribution of (a) COF and (b, for systems considered in this study, obtained from MD

15

simulations . . . . . . . e e e e e 16

Heatmaps showing the COF (a, c) &gdb, d) of systems whose bottom monolayer con-
sists of only cyano terminal group (chemistry C in Figure 2.2 a), while the top monolayer
is a mixture of two different terminal group (group A and B in Figure 2.2 a). Their rela-
tive composition is annotated in each individual gure. The dotted lines between gures
(a)-(c) and (b)-(d) highlight groups whose increase in relative composition have a visible
effect on the tribological properties of the system. . . . . . .. ... ... ... .....
Heatmaps showing the COF (a, c) drd(b, d) of systems whose bottom monolayer
consists of only isopropyl terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal group (group A and B in Figure 2.2 a).
Their relative composition is annotated in each individual gure. The dotted lines between
gures (a)-(c) and (b)-(d) highlight groups whose increase in relative composition have a
visible effect the tribological properties of the systems. . . . . . . ... ... ... .. ..

viii

22



4.1

4.2

4.3

4.4

Ci1

C2

C3

C4

C5

C.6

C.7

C.8

C.9

C.10

Predicted-versus-simulated plots for COF &gndlor models trained with 100 simulation

data points for uniform monolayers from Summetsal}? data set (a and b) and trained

with 7816 data points as described in subsection 2.4.3 (c and d). The dotted line in the
middle represents perfect predictign= x). The outer two lines represents the 15% varia-

tion from a perfect predictiory(= 1:15x andy = 0:85x). The coef cient of determination

(R?) and mean absolute percentage error (MAPE) areincluded. . . . . ... ....... 24
Feature importance of Summetsal., model for (a) COF and (bfyy in comparison with

those of ML models trained with data generated from this study for (¢) COF arg} (d) 26
Distribution of (a) COF and (I#} predicted by the ML models for 193,131 unique systems
created with molecules from ChEMBL small molecules library. . . . . . ... ... ... 27
The amount of systems in the top 500 systems, ranked by either their simulated COF
properties of properties, that is captured by a hypothetical iterative integration of ML

model to the high-throughput screening process. . . . . . . . . . .. ... ... .. ... 31

Heatmaps showing the COF (a, c) drd(b, d) of systems whose bottom monolayer
consists of only hydroxyl terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2 a).
Their relative composition annotated in each individual gure . . . . .. ... ...... 48
Heatmaps showing the COF (a, ¢) dgdb, d) of systems whose bottom monolayer con-

sists of only methyl terminal group (chemistry C in Figure 2.2 a), while the top monolayer

is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . . . .. ... ... 0oL 49
Heatmaps showing the COF (a, c) drd(b, d) of systems whose bottom monolayer
consists of only isopropyl terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2 a).
Their relative composition annotated in each individual gure . . . . . ... ... .... 50
Heatmaps showing the COF (a, c) drd(b, d) of systems whose bottom monolayer
consists of only nitro terminal group (chemistry C in Figure 2.2 a), while the top monolayer

is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . . . ... ... ... ... ... 51
Heatmaps showing the COF (a, c) drd(b, d) of systems whose bottom monolayer
consists of only per uoromethyl terminal group (chemistry C in Figure 2.2 a), while the

top monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2

a). Their relative composition annotated in each individual gure . . . . . ... ... .. 52
Heatmaps showing the COF (a, c) drd(b, d) of systems whose bottom monolayer
consists of only uorophenyl terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2 a).
Their relative composition annotated in each individual gure . . . . . .. ... ... .. 53
Heatmaps showing the COF (a, c) drd(b, d) of systems whose bottom monolayer
consists of only carboxyl terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2 a).
Their relative composition annotated in each individual gure . . . . . ... ... .... 54
Heatmaps showing the COF (a, c) drd(b, d) of systems whose bottom monolayer
consists of only di uoromethyl terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2 a).
Their relative composition annotated in each individual gure . . . . . ... ... .... 55
Heatmaps showing the COF (a, c¢) &gdb, d) of systems whose bottom monolayer con-

sists of only phenol terminal group (chemistry C in Figure 2.2 a), while the top monolayer

is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . . ... ... ... ... ...... 56
Heatmaps showing the COF (a, ¢) &db, d) of systems whose bottom monolayer con-

sists of only toluene terminal group (chemistry C in Figure 2.2 a), while the top monolayer

is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . . . ... ... ... 57



c1

C.12

C.13

C.14

C.15

C.16

Cc.17

C.18

C.19

Heatmaps showing the COF (a, ¢) &db, d) of systems whose bottom monolayer con-
sists of only acetyl terminal group (chemistry C in Figure 2.2 a), while the top monolayer
is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . .. .. ... ... .........
Heatmaps showing the COF (a, ¢) &db, d) of systems whose bottom monolayer con-
sists of only amino terminal group (chemistry C in Figure 2.2 a), while the top monolayer
is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . . .. ... .. ... .. .. ....
Heatmaps showing the COF (a, ¢) &db, d) of systems whose bottom monolayer con-
sists of only cyano terminal group (chemistry C in Figure 2.2 a), while the top monolayer
is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . . . .. ... ... ... ... ...
Heatmaps showing the COF (a, c) dpd(b, d) of systems whose bottom monolayer
consists of only cyclopropyl terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2 a).
Their relative composition annotated in each individual gure . . . . . ... ... ....
Heatmaps showing the COF (a, ¢) &db, d) of systems whose bottom monolayer con-
sists of only ethylene terminal group (chemistry C in Figure 2.2 a), while the top mono-
layer is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their
relative composition annotated in each individual gure . . . .. ... ... ... .. ..
Heatmaps showing the COF (a, c¢) drd(b, d) of systems whose bottom monolayer
consists of only methoxy terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2 a).
Their relative composition annotated in each individual gure . . . . . . ... ... ...
Heatmaps showing the COF (a, c¢) dd(b, d) of systems whose bottom monolayer
consists of only nitrophenyl terminal group (chemistry C in Figure 2.2 a), while the top
monolayer is a mixture of two different terminal groups (group A and B in Figure 2.2 a).
Their relative composition annotated in each individual gure . . . . . .. ... ... ..
Heatmaps showing the COF (a, c) &db, d) of systems whose bottom monolayer con-
sists of only phenyl terminal group (chemistry C in Figure 2.2 a), while the top monolayer
is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . . . ... ... ... ...
Heatmaps showing the COF (a, ¢) &db, d) of systems whose bottom monolayer con-
sists of only pyrrole terminal group (chemistry C in Figure 2.2 a), while the top monolayer
is a mixture of two different terminal groups (group A and B in Figure 2.2 a). Their relative
composition annotated in each individual gure . . . .. ... ... ... ........

58

59

60

61

62

63

64

65



CHAPTER 1

Introduction

Microelectromechanical systems (MEMS) and nanoelectromechanical systems (NEMS) are devices on the
scale of a few micrometers or even nanometers. These systems play an important role in a wide range of
applications, including medical, automotive, aerospace, consumer electeteicEhe micro/nano scale of

MEMS and NEMS devices presents unique challenges to the design and operation of these devices. Due to
their minuscule size, these devices are affected by interfacial forces and the atomic-level roughness of the
surfaces, leading to stiction and wear isshéJhe high surface-to-volume ratio also makes these devices
more susceptible to contamination, which can further exacerbate the wear and stiction pfoblems.

Ongoing research and development efforts are addressing these issues and improving the performance
of these devices in various applications. Unfortunately, traditional lubricants, such as long-chain alkanes,
are ineffective at this scale. These lubricants undergo a phase transition in a nano-con ned gap and be-
come too viscous to reach all of the crevices of MEMS and NEMternative materials and fabrication
techniques that can reduce surface roughness and improve tribological properties are being explored and de-
veloped. For example, using nanoscale coatings and surface treatments, such as diamond-Ik& aacbon
tetra uoroethylené, can help reduce degradation. Additionally, the development of novel lubricants, such
as graphene-basé¥and self-assembled monolayer lubricaht8;} has shown promise in improving the

tribological performance of these devices.

1.1 Thin Films Coatings as Lubricants

A lubricant aids in transmitting forces, particles, or energy between two surfaces, and lower frictional forces
of surfaces in contacts. The effectiveness of the lubricants can be measured by their ability to minimize
frictional forces, and can be measured by the force of adhesig)naqd coef cient of friction (COF) as
depicted in Equation 2.1. Force of adhesion, also referred to as adhesive force, measures the force required
to pull two surfaces in contact apart. While COF is a metric quantifying the amount of a resisting force
divided by the force in the perpendicular direction pushing the surfaces together. Some examples of common
COF's are static, kinetic, deformation, molecular, and rolling coef cients. In this work, we are measuring
the kinetic COF, which quanti es the force restricting movement of one surface relative to its neighboring
surface. Among the alternative lubrication schemes, thin Im coatings are seen as a promising solution
for reducing friction and wear in mechanical devices that have micro and nanoscale surface sepdrations.

These Ims can be ne-tuned through changes in their terminal group chemistries, backbone chain length,



backbone chemistry, and Im composition. All have impacted their lubricating effectiveness along with other
properties, such as durability, solvent interactions, and thermal respbttse.

Particularly, the terminal group, as shown in various experimental and computational studies, has a signif-
icant impact on the tribological response of the thin Im coating. For example, phenyl-terminated monolayer
thin Ims have been shown to yield higher frictional forces than methyl-terminated Ims, explained by the
twisting ability of the phenyl groups, hampering movement during shiesteanwhile, hydroxylated and
carboxylated Ims had higher frictional and adhesive forces compared to methyl-terminated Ims, at-
tributed by their capability to form inter-monolayer hydrogen bonds. In addition to traditional experiments,
computational studies have also reported similar tréAd$Having more than one chemistry at an interface
introduces additional cross-interactions that could alter the lubricating properties. Experiments by Brewer
et al. demonstrated that a methyl-functionalized microscope tip in contact with either hydroxyl or carboxyl
terminated monolayers results in a lower COF compared to the same tip in contact with a methyl terminated
monolayer* Furthermore, introducing heterogeneity to individual monolayer lires, having two or more
terminal group chemistries within the same surface or layer, offers the potential to get better lubricating per-
formance. Computational studies conducted by Leial. for monolayers composed of methyl-terminated
alkanes mixed with per uoroalkanes demonstrate a regime where the COF is reduced compared to either
pure component systetA.The cross-interactions between the multitude of terminal groups in these systems
are complex, as hinted by Let al1® However, this presents an information-rich parameter space that could
offer more insight into how to design a perfect lubricating thin Im.

All of these studies, whether experimental or computational, con rm the prominent role of terminal
groups in the lubricating ability of monolayer Ims. Only examining terminal group chemistry creates a
vast realm of research to explore on its own where different chemical parameters can be used to optimize
Im properties. However, when combining this plethora of information with the monolayer Im design, it
will provide thousands of lubricating properties. By collecting this database of knowledge, we can better

understand the quantitative structure-property relationships (QSPR) of thes&h¥3

1.2 Molecular Dynamics and High-throughput Screening

Despite the many bene ts, investigating a vast parameter space which could range from thousands to tens of
thousands combinations, poses an overwhelming challenge for any researcher. The shear number of potential
thin Im design makes it practically impossible to be studied using traditional experimental methods. exper-
imental methods can be incredibly expensive, time-consuming, and highly prone to error. Thus, in order to
make a dent in the many combinations, we can apply computational techniques, which can be scaled up by

the ever-increasing availability of computing resources.



Figure 1.1: Visualization of monolayer thin Ims studied with optimizable componengg,terminal group,
backbone, backbone chain length, degree of crosslinking, and Im composition.

As computing resources become more advanced and integrated into all science elds, we can simulate
more systems in record times. MD simulations, a popular method of study, are increasingly being utilized
as a powerful tool for studying complex chemical and physical systems. This avoids the need to develop
experimental synthesis techniques, which may be non-trivial and time intensive. One of the key bene ts of
MD simulations is their ability to perform large-scale sweeps of the accessible parameter space.

To study these thin Ims on the nanoscale, MD simulations are an excellent candidate to quickly and
effectively reveal the intrinsic properties associated with defect-free Ims on pristine contaminant-free sur-
faces. Such approach has been utilized by Summiead. to study and optimize various parameters de-
scribing the monolayer, including backbone chain length, chain densities, and a small collection of terminal
chemistries-? Recent development of the Molecular Simulation and Design Framework (Mo$teete) the
Signac Framewor® enables the systematic and automated large-scale screening of soft matter systems. This
allows for reproducible initialization and parameterization of systems in order to manage these large data
spaces. These tools have been used to design and perform large scale molecular dynamics screening studies
in several recent studi¥s?1??as well as used to fully capture the provenance of simulation work ows for
increased reproducibility in other wofR:24 The idea of maintaining repeatability in molecular simulations is
an obvious and yet until recently, unregulated subject. Many simulations fail to fully disclose the parameters,
necessary codes, data analysis, etc., in regard to their systems of interest. Even if the work is transparent

and all the materials accessible to others, if the resources are not transferable from one computer to another,



this constitutes the work as not reproducible. Adopting open-source tools and standards, those that have un-
dergone extensive review and testing, is essential to mitigate the reproducibility issue that is lurking in the

computational community.

1.3 Machine Learning Integration

The optimization of monolayer Ims using merely brute force computational screening, at certain point, can
become impractical. As the parameter space is further expandgedvhen more variables are introduced,

the number of system con gurations to be considered could increase to near in nite, making it impossible to
be fully surveyed. Instead, a more ef cient approach can be achieved by combining computational screening
with machine learning (ML) techniques, where data generated from MD simulations are used to train pre-
dictive models. These models help mitigate the workload for the high-throughput screening by extrapolating
trends found from small subsets of data to predict properties for the entire parameter space. This information
can be used to guide subsequent steps to either only focus on systems with a high likelihood of possessing
desirable properties or strategically simulating systems that best improve the understanding of underlying
QSPR trends. As a result, this saves time and resources that may have been wasted simulating con gurations
that offer little value.

ML is a technique with ever-increasing popularity, operating as a branch of arti cial intelligence (Al),
which utilizes data and algorithms to imitate how humans learn and apply thought processes. These tech-
nigues have been applied in conjunction with other traditional computational simulation techréques,

MD and Density Functional Theory (DFT), in various subjects, including protein folirig,polymers/-
monomers optimizatioR®—3° molecular properties predictiot;*2 all with great success. Depending on the
speci ¢ quantity of interest, different machine learning algorithms can be applied. Relevant to this work,
Neural NetworR%32 and Random Fored;®3 are useful methods that exhibit the great bene ts of applying

ML to analyze and projedh silico data. As the use ah silico data in predictive designs continues to in-
crease, the ability to rapidly generate, screen, learn, and predict from this data will be valuable tools for both

computational and experimental researchers.

1.4 Prior Work and Scope of Study

In prior work, we developed a screening framework to explore the role of terminal group chemistry on thin
Im frictional properties under shear. The study focused on uniform monolayers with 16 different terminal
group chemistries, with each monolayer terminal group chemistry independently varied to study trends and
combinations of chemistries that provided favorable tribological properties. The COFRyamere used to

quantify the system¥ Data from 100 different monolayer combinations were analyzed with the random for-



est regression model, creating ML models that predict COFRarslely from the chemistry of the terminal

group. ML models need a certain amount of training data in order to be accurate. Too little training data and
the model loses accuracy; too much training data and the algorithm over-predicts and wastes resources. De-
spite the limited amount of data available for training, the ML models still exhibit good predicting capability.
The success of the models suggest the bene t of utilizing a similar approach to pre-screen parameter space
and accelerate the discovery of monolayer combinations with desirable properties.

Expanding upon the previous results, this stuehil consider a larger parameter space by introducing a
heterogeneous monolayeg., having two terminal group chemistries in one surface. Speci cally, we con-
sider systems in which one monolayer consists of a single homogeneous or uniform terminal group (C in
Figure 2.2), while the other monolayer is made up of two chemistries (A and B in Figure 2.2 a), with varying
relative compositions. The study considers a pool of 19 different chemistries, creating 9747 unique dual-
monolayer systems, when accounting for the mixing ratio of terminal groups in the mixed monolayer. With
the generated data, the ML random forest algorithm will be employed to create a predictive model, allowing
for the further projection of the screened data. In chapter 2 we provide an overview of the computational
approach, focusing on the simulation work ow, analysis methods, and the ML model. In the results section
of chapter 3, we present the data generated from the MD screening and identify key terminal groups and
combinations associated with improved tribological performance. In chapter 4, we will investigate suitable
strategies for utilizing ML models to guide future work. This includes creating predictive models and apply
them toward screening of even larger data spaces (193,131 unique systems, created from 621 chemistries
from the CheMBL library?*39) Finally, we experiment with hypothetical scenarios where ML is further inte-
grated with the high-throughput screening process to speed up similar high-throughput screening processes,
reducing required time and computing resources. All relevant information to maintain reproducibility in gen-
erating this data and work ow is readily available and adaptable for others to use, following the principle of
TRUE (Transferable, Reproducible, Usable by others and Extensible) simulations described by Thetmpson

al..22 The instructions to access the accompanied GitHub repository is described in Appendix A.

1This work is adapted and reproduced with permission from AIP Publishing from the following work (Quach, C. D., Gilmer, J. B.,
Pert, D. O., Mason-Hogans, A., lacovella, C. R., Cummings, P. T. & McCabe, C. High-Throughput Screening of Tribological Properties
of Monolayer Films Using Molecular Dynamics and Machine LearniFige Journal of Chemical Physids,00808381ssN: 0021-9606,
1089-7690 [Feb. 2022])



CHAPTER 2

Methods

2.1 Molecular Dynamics Setup

MD is a computer simulation method used in computational chemistry to study the behavior and interactions
of molecules. It uses numerical methods to integrate the equations of motion for a system of atoms or
molecules, taking into account their interactions with each other and with their environment, over a period
of time. The output from an MD simulation is a series of snapshots that describe the positions and motions
of the atoms or molecules in the system, allowing researchers to study the molecular-scale behavior and
properties of the system. This method can help provide insights into the behavior of complex molecular
systems that are dif cult to study experimentally, as well as predict properties and behaviors of a molecular
system. MD simulations allow researcher to screen through a vast parameter space, studying the various
properties whether thermodynamic or dynamic in operating under different conditions.

In this study, we are considering a system that is made up of two opposing amorphous silica surfaces, each
coated with an alkylsilane monolayer, forming a dual-monolayer. Each surface, sinexi 5nm is created
followed the procedure described by Summedral. 6 and is available in the form of a Python script, with the
instructions to access available in the Appendix A. The silica surfaces have an average surface roughness of
0.11nm, a desirable approximation based off of Blaatlal.,, which utilized a more computationally intensive
synthesis mimetic simulatiot.100 alkylsilane chains are chemisorbed to each surface, resulting in a surface
density of 4chainssnn?. The surface density is consistent with prior computatiti3’and experimental
studies that determine chain surface densities to be between 4cbdir@=nn?. Each alkylsilane chain
is a fully saturated 17 carbon backbone capped with a terminal group from Figure 2.2 b. The remaining
uncoordinated oxygens were hydrogenated to mimic surface oxidation.

Each monolayer system was prepared using the MoSDeF softwaréstit@Speci cally, the initializa-
tion of the monolayer structure is encapsulated as an mBuild ré&ffayhich preserves the entire process
used to construct the monolayer structure. The foyer liBPeiwas used to atomtype and parameterize each
system with the Optimized Potential for Liquid Simulation - All Atoms (OPLS-AA) force &t force eld
is where bonded and non-bonded information for each atom is stored. Bonded interactions include: bonds,
angles, and torsions. Non-bonded parameters include electrostatics and van der Waals interactions. Param-
eters for the alkylsilane chains were taken from GROMACS 34 and those for the silica surface from

Lorenzet al*® The force eld details are provided in Appendix B and is also available in the accompanied



GitHub repository (see Appendix A). The particle-particle particle-mesh (PPPM) algorithm was used to cal-
culate the long-range electrostatic interactions, using a force and pressure correctior-dintle@sion to
support slab geometries; systems are periodic in the monolayer{it&fiehe original script for the process
described above is available in the accompanied GitHub repository (see Appendix A).

MD simulations were performed using the Large-scale Atomic/Molecular Massively Parallel Simulator
(LAMMPS) and GROMACS simulation enginé3**4748LAMMPS was solely used to relieve the system
of initial high-energy con gurations and possible atom overlaps. The more stable structure generated was
then fed into GROMACS to perform the rest of the simulation work ow, starting with energy minimization
following a steepest descent algorithm, followed bym@sEquilibration in the canonical (NVT) ensemble at
298K using the Ndse-Hoover thermostat. An NVT simulation was then performed ak2i@8vhich the two
surfaces were brought into contact by applying a constant normal forcalféong thez direction to the
bottom surface over 0.8s, allowing for the distance between the two surfaces to reach a steady state. After
compression, shearing simulations (with surfaces moving at relative speedrsf 1pwere performed at 3
different normal loads of BN, 15nN, and 25nN. Speci cally, the shearing process is simulated by pulling
a ghost patrticle, which is coupled to the top surface via a harmonic spring with a spring constant of 10,000
kd=(mol:nn?), in thex direction at 10ms 1. The shear is simulated for I8 and the last Hisis used for

analysis (production regime). An example of a dual-monolayer system is shown in Figure 2.1

2.2 High-Throughput Screening Work ow
High-throughput screening is a scienti ¢ technique used in drug discovery, chemical biology, and materials
science to rapidly test large numbers of samples for speci ¢ biological or chemical activities. It involves the
use of automated equipment and processes to perform multiple tests in parallel, enabling researchers to screen
thousands of compounds or samples in a short amount of time. The goal of high-throughput screening is to
identify potential leads for further study, with the ultimate aim of discovering new drugs, chemicals, or ma-
terials with desired properties. Depending on the type of experiments, high-throughput screening combines
the use of high-speed robotic systems, micro uidic technologies, and high-throughput analytical instruments,
or purely computational simulation tools to screen large libraries of compounds or biological samples. The
results of screening are used to prioritize compounds or samples for further study, which can be validated
through more detailed and time-consuming laboratory experiments.

For our application, the high-throughput screening with MD can be used to scan through large parameter
space to determine thin Im coatings that can provide bene cial lubrication properties for nano-scale surfaces
in contact. Of the two surfaces in the dual monolayer systems, as detailed in the previous section, the bottom

surface is homogeneous (singular terminal group C in Figure 2.2 a), and the top surface contains a mixture



Figure 2.1: Snapshot of dual-monolayer system (di uoro-terminated on both top and bottom monolayer)
during the energy minimization (a) and shearing (b) stage

of two types of alkylsilane chains (groups A and B in Figure 2.2 a), differing by their terminal groups. The
mixing ratios for the top monolayers considered in this study include 0.5:0.5 and 0.25:0.75. The pool of 19
different terminal group chemistries investigated are shown in Figure 2.2 b; this adds 3 additional terminal
group chemistries to those considered by Sumreeed’? The uniform bottom monolayer and the mixed
top monolayer can be composed of any combination of groups from Figure 2.2 b, with the constraint that
the two groups in the mixed monolayer must be different. In total 12,996 combinations ([19 terminal groups
in uniform layer] * [19 * 18 terminal group combinations in mixed layer] * [2 composition ratios]) were
considered; this translates to a total of 116,964 simulations (12,996 * 3 * 3) when factoring in the composition
ratios studied, the 3 normal loads, and 3 replicates considered for each system. Of the 12,996 systems
considered, 3249 systems with the mixing ratio in the top monolayer of 0.5:0.5 were duplicated during the
screening and thus such combinations had 3 additional replicates; in total 9747 unique combinations (19
19 180f0.25:0.75 systems +=2 19 19 18 of 0.5:0.5 systems) were considered.

Managing and executing screening work ows, such as described above can be challenging. Major hurdles

include the ability to automate each step of the simulation work ow, managing large workspaces, and mon-
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