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ABSTRACT

Uncovering design rules in small-molecule organic semiconductors

Organic semiconductors have the potential to create flexible, transparent electronic de-
vices. Unfortunately, these materials suffer from low mobilities because atomic vibrations,
known as phonons, localize charge carriers. In order to improve mobility in these materi-
als, it is essential to understand which types of phonons are present and how they affect
charge transport. Inelastic neutron scattering (INS) can measure these motions directly,
but the results cannot be interpreted without computing the phonon modes from an
experimental structure. These calculations typically rely on density functional theory
(DFT) which is highly accurate but computationally costly. This limits calculations to
highly-ordered small molecules. To try and push past these limits, we used six different
computational methods to compute the phonon modes ranging from DFT to molecular
dynamics (MD) and machine learning (ML). We find that while nothing can compete
with DFT, density functional tight binding (DFTB) and DFTB with a machine learning
component produce decent results at a fraction of the cost. Then, we apply INS along
with our optimized DFT-based method to a metal-organic framework (MOF) system.
These MOF's are known to have defects that play an important role in their catalytic
activity, but characterizing these defects remains an ongoing challenge. By measuring
the phonons with INS and simulating them with DFT, we are able to identify peaks that
correspond to defects in the MOF'. By using a variety of structures, we are able to identify
the structure of the MOF along with the types of defects present. Finally, we develop a
novel workflow, EIPh, which allows us to couple our phonon calculations to the electronic
structure in small-molecule organic semiconductors. This allows us to understand how
all of the phonons work together to limit charge mobility. In addition, we developed a
novel analysis technique that shows how each atom limits charge transport. This novel
approach allows us to discover design rules for the first time—making meaningful progress

toward designing new, high-performance materials.
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Chapter 1

Introduction

1.1 Preamble

My dissertation contains three publications that I co-authored. Each publication uses
quantum calculations to predict phonon modes in organic semiconductors and works to-
ward the discovery of design rules for these materials. This section will serve as a general
introduction to organic semiconductors and each paper will include a more specific intro-

duction to the material of the paper.

1.2 Introduction

Organic semiconductors (OSC) have advantageous properties such as flexibility and trans-
parency which make them useful for unique applications such as wearable sensors or
flexible solar panels [1-5]. OSCs occur when alternating double and single bonded car-
bon chains are formed. These chains form 7 bonds which allow charges to delocalize
along the chain [6]. OSCs typically fall into two groups: polymers and small molecules.
While polymers are of great interest in experimental research, their large size and semi-
crystallinity make them exceedingly difficult to model accurately. For this reason, small-
molecule OSCs are typically studied using theoretical and computational techniques. Un-
fortunately, OSCs also suffer from low charge mobilities resulting from vibrations called
phonons [7-11]. These phonons lower mobility by transiently reducing coupling between

nearest-neighbor molecules. Although the synthetic design space for these materials is



enormous, design rules for high-mobility materials remain elusive [9, 11-13].

To compute the phonon modes, an experimental structure is determined from x-ray
diffraction (XRD). In XRD, x-rays diffract off of atoms and interfere constructively from
repeated units. Thus, XRD is able to measure the average atomic positions in a sample,
but because XRD only yields average positions, defects cannot be identified. These posi-
tions must be relaxed to the lowest-energy positions. This minimization step is essential
to compute the forces. This is done with gradient descent in which the gradient of the
potential energy is followed down until the potential energy is minimized. During this
step, periodic boundary conditions are employed, which make it possible to simulate an
infinite repeating lattice with only the atoms in the unit cell. This also means that only
perfectly crystalline models can be used.

Although a method for relaxing is described above, the method for computing the
energies and forces is not detailed. There are several ways to compute energies and forces
in a modeled system. The most accurate way is to solve the all-electron wavefunction.
Unfortunately, this is so computationally demanding that it is impossible for any practical
materials [14]. By making a series of assumptions and simplifications, it is possible to
cut the computational requirements at the expense of accuracy. A good place to land
in terms of expense vs accuracy for these materials is Density Functional Theory (DFT)
because it maintains a high level of accuracy with computational requirements within the
reach of modern supercomputers [15]. DFT makes the assumption that the all-electron
wavefunction can be substituted with a wavefunction based on the electron density [16].
Chapter 2 describes DFT in more detail and explores why it is a good choice for these
materials.

Once a relaxed structure is obtained, a finite displacement method is performed. The
finite displacement method is equivalent to the finite difference method from basic calculus
applied to multiple dimensions. Each atom is moved individually a small amount, typically
0.05 A, in the positive and negative x, y, and z directions. This gives the force constant on
each atom in each direction. Taking the Fourier transform yields the dynamical matrix.

The dynamical matrix can be used to compute the atomic displacements and energies



which make up the phonon modes. A supercell is used at this stage if the system is too
small to avoid self-interaction. In essence, if a model is used in which one side of the unit
cell is smaller than the interaction cutoff, an atom will experience a force as a consequence
of its own displacement. Thus, the model must be duplicated in that direction until the
model size is longer than the interaction cutoff.

The transfer integral describes how much the wavefunctions of two molecules overlaps.
This is directly related to the probability of charge hopping between the molecules [17].
To assess how the phonon modes change the transfer integral, the gradient must be
computed. The gradient tells how a change in location for each atom affects the transfer
integral. A similar finite displacement technique can be used to compute the gradient of
the transfer integral. It is then possible to project each phonon mode onto the gradient
and compute the impact of the phonon mode on charge transport. In simpler terms, the
phonons describe how the atoms in the material move and the gradient of the transfer
integral describes how a motion affects nearest-neighbor coupling. Combining the two
explains how each atom in each phonon limits charge mobility.

It is possible to predict phonons and their impact on charge transport, but how do we
know that the predictions are correct? These predictions must be validated to experimen-
tal data to ensure they are correct. Phonons range in energy from 5-3500 cm ™!, which
limits the types of techniques that can be used to measure them [18]. Raman spectroscopy
and infrared spectroscopy can cover part of this energy range and are readily available.
However, both have selection rules which limit which phonons are visible. Moreover, they
only measure phonons at the gamma point. To be as rigorous as possible, every mode
should be measured, ensuring that every mode is correctly predicted.

Inelastic neutron scattering (INS) can measure phonons without the limitations de-
scribed above. Neutrons interact with the nuclei of atoms, unlike photons, which interact
with the electrons. The amount of interaction between a neutron and a particular atom
type in a scattering event is the neutron scattering cross-section. In organic semiconduc-
tors, Hydrogen has the largest neutron scattering cross-section of 80 Barns [19]. The next

closest is Carbon with a neutron scattering cross-section of 6 Barns [19]. As a result,



INS mostly measures the Hydrogen contributions to the phonon modes.

INS works by firing low-energy, or thermal, neutrons at a sample. When neutrons
hit the sample, they exchange energy and/or momentum with the nuclei of atoms in the
sample. These nuclei can only exchange energy and momentum if the momentum/energy
combination is exactly consistent with a phonon mode allowed by the molecular structure
[18]. This means that INS measures the phonon modes directly and gives a cross-section-
weighted density of states for the phonon modes. Additionally, INS has several advantages
over other techniques. First, INS is free from selection rules because it interacts directly
with the nuclei. This means that every mode is measured across the entire Brillouin zone.
Second, INS is penetrating, while photon-based techniques are not. Because light scatters
so strongly from the electron clouds of atoms, photon-based techniques can only probe
the first few atomic layers of a sample. In contrast, neutrons can penetrate deeply and are
naturally weighted to measure bulk properties. Finally, INS can cover the entire region
of interest for phonon modes ( 8-8000 cm™!), while photon-based techniques struggle to
measure phonons below 400 cm™! [18]. In all, INS is the best option for measuring
phonon modes in OSCs and is the best validation for predicted modes.

The work described in chapter 2 came from an attempt to extend standard theoretical
techniques described above to larger, more complex systems such as polymers. In the
chapter, I compare DF'T to five other methods for predicting phonons in a small molecule
OSC called rubrene. These methods range from quantum methods to machine learning
methods and a classical molecular dynamics method. I also study the impact of training
several methods to DFT. In the end, I find that a tight-binding approximation on DFT
is the only method which can come close to the accuracy of DF'T. We also find that we
can improve this prediction with machine learning.

In chapter 3, we apply our DFT-based approach to a metal organic framework (MOF')
called UiO-66. These MOF's are made up of metal clusters and organic linkers. They form
cages which can hold small clusters of metal atoms which are highly reactive. For this
reason, MOF's are studied primarily for catalytical applications. MOF's are known to have

defects which affect the catalytic performance. However, these defects are often difficult to



characterize because MOFs are fragile and most techniques destroy them. In this paper,
INS was used to probe the phonon modes present in a sample of UiO-66. When modeling
a pristine structure of UiO-66, we accurately reproduced the entire spectrum except for
a series of peaks at low energy. These peaks, therefore, must correspond to defects in
the system. We then prepared a library of potential defect structures and computed
the INS spectrum for each defect structure. By comparing the predicted spectrum to
the experimental spectrum, we were able to determine which defects were present in the
sample.

In chapter 4, I introduce a novel workflow, EIPh, and a new visual analysis technique
for the discover of design rules in small-molecule OSCs. EIPh makes it possible to compute
the electron-phonon coupling for a given material. The electron-phonon coupling describes
the effect each phonon has on the coupling between adjacent molecules. The electron-
phonon coupling contains all the information necessary to design better OSCs. The only
problem is that the electron-phonon coupling contains the contribution of each atom in
each mode. Since there are 3N — 6 phonon modes and N atoms, we find (3N —6) x N
interactions. Since each phonon mode varies with crystal momentum, these modes are
often sampled in g-space. I typically sample using an 8 x 8 x 8 mesh, which means there are
(3N —6) x N x (N,)? pieces of information. For even a small system with 100 atoms there
are 15,052,800 pieces of information which make up the electron-phonon coupling. Thus,
it is impossible to extract design rules without reducing the information to something
simpler. I do this by summing every contribution to the electron-phonon coupling for
each atom. Thus, I have reduced the data to only 100 pieces of information for a system
with 100 atoms. Now, it is possible to plot each molecule as a heatmap where the heat of
the atom corresponds with the sum of the electron-phonon coupling contribution for that
atom. Thus, this novel technique makes it possible to visualize which parts of a molecule
limit mobility and therefore which parts should be focused on to improve.

Finally, chapter 5 includes work I've done that was not published elsewhere. This
includes software I wrote to help clean an analyze atomic force microscopy (AFM) images,

a slew of TTF-TCNQ results, and methods development around isolating the atomic



contributions to INS spectra. Additionally, I'll detail how I created DCS Discover, our

open-source repo containing our predicted and measured INS spectra.
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Chapter 2

Comparing the expense and
accuracy of methods to simulate

atomic vibrations in rubrene
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2.2 Introduction

Atomic vibrations, or phonons, affect material properties across several fields of scientific
research. Improving predictions of phonon modes in complex atomic environments would
have major impacts across disciplines.[1] In particular, accurate predictions of phonon
modes would significantly improve our understanding of organic semiconductors (OSC)[2—
12], polymers[13-15], metal-organic frameworks[16-19], and proteins[20, 21]. There are
several methods for simulating phonons in different materials ranging from Density Func-

tional Theory (DFT) to molecular dynamics (MD) and beyond.[11, 12, 22-24] However,



the most accurate method, DFT, is limited to small volumes of perfectly ordered ma-
terials due to its extreme conputational expense. In contrast, the methods capable of
simulating larger, more complex systems have not been shown to be accurate across a
large energy range (~10 - 10000 cm~1)[23]. Thus, an in-depth comparison of phonon pre-
dictions across methods is needed. In this article, we examine a wide variety of methods
to simulate phonon modes in organic semiconductors. We compare the accuracy and com-
putational expense of each method using the inelastic neutron scattering (INS) spectrum
of high charge mobility rubrene.[25]

When validating simulated predictions, it is useful to compare not only to other sim-
ulations but also to experimental data. There are several experimental techniques which
can offer insight into the phonon modes within organic semiconductors, including Raman
scattering,[11] infrared spectroscopy,[26] terahertz spectroscopy,[3] and inelastic neutron
scattering (INS).[27] The technique which stands apart is INS because it is capable of
probing the largest energy range (5 - 8000 cm™!). Additionally, it has no selection rules,
meaning INS can be used to directly probe the density of dynamic states. By comparison,
optical techniques only measure gamma point spectra for allowed transitions. Thus, the
information density is higher for INS than for other validation techniques. More specifi-
cally, the VISION spectrometer at Oak Ridge National Laboratory (ORNL) is ideal for
this comparison because it provides high brilliance and resolution over the important
energy range of 5-600 cm™!.[27]

Rubrene (Figure 2.1) was chosen as test case for this study for several reasons. First,
it has the highest hole mobility () of any small-molecule organic semiconductor.[25,
28] Second, it contains a significant number of hydrogen atoms with a large neutron
cross-section, meaning it will give a strong signal to the VISION spectrometer.[29] Third,
rubrene readily forms relatively large (mm-scale) crystals, ensuring that our measurements
are valid for extended crystals.[30, 31| Finally, rubrene has been widely studied and is
of interest for many groups.[25, 28, 30-34] In this study, INS spectra for rubrene were
simulated using six different computational methods. Each method was optimized to

achieve the most quantitatively accurate match between experiment and simulation. The
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Figure 2.1. The molecular as well as the orthorhombic crystal structures of rubrene.
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Figure 2.2. The workflow used for all of the calculation methods, where gray boxes
indicate steps performed for all simulation methods. DFTB/ChIMES, ML, and MD
were trained in this study and thus proceed through the red loop. The DFT, DFTB,
and ANI-1 methods were not trained. DFT, DFTB, DFTB/ChIMES, ML, and ANI-1
used the finite displacement supercell method (FDSM, pink) while MD used a velocity-
autocorrelation method (purple).

methods used were DFT, density functional tight-binding (DFTB)[35], the ANI-1 machine
learning model[36], DFTB with a machine-learning ChIMES correction[22], a machine
learning (ML) model based on a neural network[37], and a molecular dynamics-based
technique (MD)[23]. Force matching to DFT was used to improve DFTB with ChIMES,
ML, and MDI38]. Figure 2.2 shows the basic workflows for the six simulation techniques.
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2.3 Results and Techniques
2.3.1 Untrained methods:

In this work, some simulation techniques required additional training, or changing the
parameters of the calculator, while others did not. These untrained methods include
DFT, DFTB, and ANI-1. DFTB and DFT were not trained because they are generally
used as off-the-shelf calculators. However, DF'TB can be trained to arbitrary accuracy by
requiring a correction (e.g., A-machine learning[39]) or directly modifying the repulsive
energy (e.g., through force-matching[40]) if additional training is desired. ANI-1 could
have been trained more, but it was already trained on a large training set of organic
molecules. For DFT, DFTB, and ANI-1, a finite displacement supercell method (FDSM)
was used to compute the phonon density of states (Figure 2.2 pink).[12] This is the
standard method for quantum-based simulation techniques.|[3, 12, 22, 41] First, the crystal
structure is relaxed using each method to match the CIF file (Crystallographic Information
File).[42] Then, a supercell is formed and displacements are generated using phonopy [41]
(pink 1 in Fig 2.2). BEach atom in the crystal is translated 0.01 A in the positive and
negative x, y, and z directions. Next, the restoring forces on each atom and the system
energy are calculated for each displacement (pink 2). Then the forces are collected and the
phonon modes are calculated using phonopy (pink 3). Finally, the phonon modes are used
to calculate the INS spectrum with oCLIMAX, a tool developed by INS beam scientists at
ORNL to simulate the INS spectra of the VISION instrument from the calculated forces
(pink 4).[43] This standard simulation workflow (gray then pink and ending up with gray
for the spectrum) is used anytime the FDSM method is employed. Additional simulation
details for DFT and DFTB can be found in Supplemental Information sections 1 and 2,

respectively.

2.3.2 DFTB/ChIMES:

The DFTB [35] with ChIMES model was trained to determine the DF'TB repulsive energy.
Here, we have first computed the difference between results from DFT and the quantum

mechanical parts of DFTB (i.e., the band structure and Coulombic energies). These
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“repulsive free energy” quantities then become the training set for our DFTB/ChIMES
model. In this case, we have predominantly trained on results for the ionic forces, though
in practice fits can be made to the system’s total energy and stress tensor as well[40].
ChIMES parameterization is performed by projecting the many-body interactions onto
linear combinations of Chebyshev polynomials via an overdetermined linear least squares
approach (See Refs. [22, 44| for further details).

For DFTB/ChIMES, the force predictions were improved using a training cycle (red
blocks in Figure 2.2) to better match the DFT simulation. First, the experimental crystal
structure was relaxed using DFT (red 1). Next, a training set was prepared by running
DFT-MD and sampling the trajectory periodically (red 2 and 3). This DFT-MD run was
performed at a high temperature to ensure a wide variety of configurations are sampled.
After generating a training set of possible configurations, the various models were trained
(red 4). After each training step was performed, the model was validated by comparing
the differences in the predicted lattice constants between DFT and the trained model (red
5). Then, the training parameters were systematically varied and the model was refined
(red 6). In this case, the training parameters were the order of the Chebyshev polynomials
used for the 2- and 3-body interactions in ChIMES. The models produced by each set of
training parameters were validated against the DF'T forces and energies to find which set
of training parameters produced the best model. By systematically checking every set of
training parameters, we can be sure that the final model chosen has been trained to most
accurately represent the measured sample.

The polynomial orders for the two-body terms were varied from 4 to 16 and the three-
body terms were varied from 2 to 8. At each step, the unit cell was relaxed using the
DFTB/ChIMES model and the lattice parameters were compared to the experimental
lattice parameters. The full details of training are described in the Supplemental Infor-
mation section 3. After the training was complete, FDSM (pink) was performed using
DFTB/ChIMES as the force and energy calculator. This means that DFTB with ChIMES
is theoretically equivalent to the other methods. Recently, the entire DFTB/ChIMES

workflow has been wrapped in a command-line tool and python package known as DCS
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Flow[45].

2.3.3 Machine Learning potentials:

In the case of ML, the atomistic simulation environment (ASE)[46] along with the atom-
istic machine learning package (AMP)[37] were used to train a neural net to calculate the
forces and energies based on the atomic configuration of crystalline rubrene. A neural net
is composed of an input layer, multiple hidden layers, and an output layer. The archi-
tecture of a neural net is defined by its hidden layers. For example, a neural net which
has three hidden layers which has 2 nodes in the first layer, 7 in the second, and 4 in
the third is a 2x7x4 neural net. In this case, the atomic positions are first transformed
from z, y, and z coordinates to a rotation-invariant coordinate system called a Gaussian
descriptor.[47, 48] A parameter set n defines how quickly the 2- and 3-body interactions
fall off. A high 7 set means the local interactions will have a larger impact on the forces
and energies of a given atom than for a low 7 set. Then the neural net takes these Gaus-
sian descriptors as inputs and the forces and energies from DFT as the training set. The
neural net changes the weights and biases in each node to recreate the DFT forces and
energies in the training set given the associated Gaussian descriptor

As with DFTB / ChIMES, DFT was first used to relax the experimental crystal
structure (red 1). Next, DFT-based molecular dynamics (DFT-MD) is performed to
generate training and test sets (red 2 and 3). Though a similar method was used, distinct
training sets were prepared for each method. Next, AMP was used to transform the =,
y, and z coordinates from the training set into Gaussian descriptors and the neural net
was trained on the training set (red 4). After each training, the accuracy was assessed
by calculating the forces and energies on the test set (red 5). The parameters adjusted
between training rounds were the architecture (a x b) of the neural net and the symmetry
parameter set 7 (red 6).

The full results of training can be seen in Supplemental Information section 4. The
architecture was systematically varied from two hidden layers with three nodes each to
three hidden layers with 10 nodes each. The 8x8 architecture converged the fastest,

so we performed our symmetry tests on the 8x8 architecture. The fastest converging
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architecture was chosen because the convergence time serves as a proxy for how well the
model describes the system. For the symmetry tests, 7 was varied between 0.25x to 4x
the default value ny = [0.05,4.,20.,80]. It was found that an 1 set with values double
the default provided the best force convergence. By systematically varying the training
parameters, we produced the best ML model for our training set. Once the optimal
model was found, FDSM was performed (pink) using the neural net as the energy/force

calculator. This means that ML was treated equivalently to the other methods.

2.3.4 Classical Forcefield:

Typical MD forcefields have an analytical equation for each type of atomic interaction.
Equation 2.1 defines the potential, V' (r) of a system in an MD forcefield. Here, the various
k values (kp, kg, kg, etc...) along with € and o define how strong each type of interaction
is between a set of atoms. For instance, k; defines the bond strength between two atoms.

By changing these coefficients, the forces and energies are changed.

V()= kb—b)+ > ko(6—6)+

bonds angles

> ky(L+cosng— o))+ D ky(th — )+

dihedrals impropers

j : P i
non—bonded v J non—bonded
pairs(i.;j) pairs(ij)

+ > B (2

GDTZ']'

Here b is the bond length, by is the equilibrium bond length, kg is the force constant
for angles, 0 is the angle, 0, is the equilibrium angle, k4 is the force constant for dihedrals,
n is an integer, ¢ is the dihedral angle, ¢, is the equilibrium dihedral angle, k,, is the force
constant for improper dihedrals, v is the improper dihedral angle, 1y is the equilibrium
dihedral angle, € is the depth of the Lennard-Jones potential well, o is the distance at
which the potential vanishes, r;; is the distance between atoms 7 and j, ¢; is the charge of
atom ¢, and €p is the electric permittivity. The ForceBalance code[49] works by changing
these coefficients until the forces and energies computed using the forcefield match DFT

as closely as possible. Each time ForceBalance is run, the user decides which coefficients
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(k, €, and o) to change.

Unlike other methods which require training, the first step here is to convert a molecule
file obtained from the automated topology builder (ATB) into a crystal file which included
periodic boundary conditions.[50-52] This process as well as the force-matching is detailed
in Supplemental Information section 4. The starting forcefield also came from the ATB
and was based an improved version of the GROMACS G54ATFF forcefield.[53-56]. Once
a correctly-labeled crystal structure was generated, the crystal structure was relaxed (red
1). Next, DFT-MD was performed to produce a training set containing atomic positions
as well as the DFT forces and energies for the configurations (red 2 and 3). ForceBalance
was used to train the forcefield to reproduce the forces and energies from the DFT training
set (red 4). After training, the root mean square error (RMSE) for the forces and energies
was calculated to evaluate how well the training worked (red 5). By changing which
coefficents were fit with ForceBalance, the optimal forcefield was produced.

After training, a velocity autocorrelation method, described in a previous publication,
[23] was used. Starting from the relaxed crystal structure, the next step was to equilibrate
the system to 10 K (purple 1), chosen because it is approximately the temperature for the
INS experiment. Next, a production run of 500 ps was performed and the velocities were
recorded at every step (purple 2). Finally, the velocity autocorrelation method was used
to compute the INS spectrum (purple 3). This method was shown to be theoretically
equivalent to the FDSM method. This was confirmed by performing the FDSM method
as well (Supplemental Information Figure 7).

For this study, we initially allowed all coefficients to change, because we expected this
would produce the best fit to DFT. However, only a small change was seen in the INS
spectra after running ForceBalance. Inspecting the coefficients directly made it clear that
the largest changes were in the o and e coefficients for the Lennard-Jones component.
We ran ForceBalance again and only allowed the Lennard-Jones coefficients to change
and the resulting INS spectrum was extremely similar to the previous spectrum (SI,
Figure 5). Since neither forcefield produced an INS spectrum similar to the experimental

spectrum, the force matching procedure was rerun on a higher-temperature training set.
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This produced virtually no difference in the final forcefield. Finally, we assessed the
impact of box size and production run length on the final INS spectrum (SI, Figure 6) to
ensure we produced the best INS spectrum possible. While we could have experimented
with different interaction types such as Buckingham potentials to describe the Van der
Waals interactions, each forcematching run required 1-2 weeks and the computation of an
INS spectrum took another 1-2 weeks running on a machine equipped with two 12-core
Intel Xeon E5-2680 processors. Additionally, we were unable to make significant progress
within our original forcefield framework, so we determined MD was unlikely to succeed
at predicting INS spectra in general. Additional details about the MD simulations can

be found in Supplemental Information section 5.
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Figure 2.3. Comparison between simulation and experiment: The spectra produced
by each method are shown. Light blue lines indicate corresponding peaks between
spectra.

2.3.5 Comparison between simulation and experiment

Figure 2.3 shows the predicted INS spectra from each method, along with the experi-
mental spectrum. The methods are ordered from bottom to top in order of accuracy.

Traveling up, more peaks shift away from their experimental location and peaks appear
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and disappear. In Figure 2.3, a light blue line is used to connect corresponding peaks
from bottom to top. Across the entire energy range, many corresponding peaks can be
found between the experiment, DFT, DFTB/ChIMES, and DFTB. There are a few re-
gions where DFTB/ChIMES peaks can be found that DFTB does not predict such as
~140 cm™! and ~250 - 300 cm™!. In the higher energy range (800 - 1200 cm™1), some
peak assignments can be extended to ANI-1. Beyond that, none of the peaks could be
confidently designated as shared between experiment and MD or ML.

The accuracies determined by peak comparison were confirmed by computing the
distance between the curves. A simple least squares approach does not capture aspects
such as the absence of a peak vs. a peak shift. Therefore, the Frechet distance is used to
evaluate how similar each of the methods is to DFT, which is used as standard.[57] The
Frechet distance is not computed with respect to experiment because the experimental
spectrum would need to be smoothed. Different methods for smoothing the spectrum
result in wildly different Frechet distances for each method. While the Frechet distance
can capture some of the subtleties that the least squares approach misses, it is limited
to curves of the same length. Since not all curves are of equal length, the overlapping
portions of the curves are analyzed through partial curve mapping. The resulting error for
each electronic simulation method compared to DFT is plotted in Figure 2.4 which shows
that DFTB with a ChIMES correction most accurately reproduces the DFT spectrum
followed by DFTB without the correction. The error continues to increase for ANI-1,
MD, and ML. ANI-1 is likely more accurate than ML because it is trained on a much
larger training set and the neural net contains many more nodes. Both factors are known
to increase accuracy in neural nets. Finally, the error obtained from comparing to a
spectrum containing random peaks is also shown. This serves to show that every method
is better than a random guess, but the MD method is not much better than random data.
The comparison shows that the spectra produced by DFTB/ChIMES and DFTB are both
qualitatively and quantitatively similar to DFT, and nearly as accurate as DFT across 3
orders of magnitude of energy.

Figure 2.5 compares the computational cost and the estimated CO, emissions of each

19



1400

-
N
o
o

1000

800

600

400

200

Distance Between Curves (AU)

0
DFTB+/ChIMES DFTB+ ANI-1 ML MD Random Values

Calculation Method

Figure 2.4. Frechet distance between the DFT spectrum and the spectra produced
by each method. Partial curve mapping was used to determine the distance between
curves.

quantum simulation method (DFT, DFTB, DFTB/ChIMES) for different supercell sizes.
A supercell is made up of repeated unit cells. A 2x2x2 supercell contains two copies
of the unit cell in each of the a, b, and ¢ directions or eight molecules. The dashed red
line indicates our annual NERSC allocation of 2 million CPU hours. Clearly, it is nearly
impossible to perform DFT with even a 2x2x2 supercell size as it would require almost
our entire annual NERSC allocation for a single simulation on a single configuration.
Additionally, the estimated CO, emissions of a 2x2x2 DFT simulation are 10%*kg which
is roughly equivalent to the annual carbon footprint of two people.[58] Moreover, there is
no guarantee that this configuration is sufficient. On the other hand, DFTB and DFTB /
ChIMES simulations with a 2x2x2 supercell show 10®x reductions in simulation time. In
other words, switching from DFT to DFTB methods enables 1000 x more configurations
to be simulated for the same computational expense. Alternatively, DFTB enables the
simulation of larger supercells that would enable the introduction of structural anisotropy.
Although not shown here, the time required for an MD run is lower than DFTB and the
scaling (N?) is preferable to the scaling of DFT, DFTB, and DFTB / ChIMES (N?). Both
ML and ANI-1 required less than an hour to perform a complete simulation. The times
required for the spectra shown in Figure 2.3 are shown in Figure 9 of the Supplemental

Information.
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Figure 2.5. CPU time and COs emissions for the three most accurate methods for
a variety of box sizes. The actual box sizes used were 1x1x1 for DFT and 2x2x2 for
DFTB and DFTB with ChIMES. The other values were estimated using the scaling law
for each method (N?3). The values for DFTB with ChIMES do not include additional
training. The dashed red line represents the yearly allocation for our group (2 million
NERSC hours). The emissions data is based on a CPU with 8 cores and 130W thermal
design power. The emission rate was based on the national weighted average COq
marginal emission rate for 2019[59].

2.4 Discussion

It is clear from Figures 2.3 and 2.5 that DFT was the most accurate technique, but had the
greatest computational cost of the methods with acceptable accuracy. This means that
DFT should be used when studying highly crystalline systems in which a high degree of
accuracy is required. On the other hand, DFTB was still relatively accurate in predicting
peak heights and intensities but required significantly less computational time than DFT.
If we compare the time required for a 2x2x2 supercell using DF'TB as shown in Figure 2.5,
with the estimated 400,000 h required by DFT, there would be roughly three orders of
magnitude reduction of simulation costs. This means that for less crystalline, or larger
molecules DFTB or DFTB with ChIMES is a better option.

It is worth examining whether training a ChIMES correction is worth doing when

DFTB already predicts phonon modes well. It is clear that the improvements from
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ChIMES are real (Figure 2.4), but there is also a computational expense associated with
creating these improvements (SI Figure 1). Ultimately, the true usefulness of ChIMES
comes when studying large, complex systems. It has also been shown that a ChIMES
model trained on a system containing a single molecule type can improve the predictions
of forces and energies on other, similar molecules without additional training.[22] Thus,
the computational cost associated with training is potentially only added once for a series
of similar molecules. Since the computational cost of DFTB/ChIMES is nearly identical
to DFTB without ChIMES at large box sizes (Figure 2.5), it is likely worth the additional
computational time to train a ChIMES model when studying a series of large, complex
systems. In our case, ChIMES was able to increase the accuracy in all regions of the spec-
tra but most drastically in the 800 - 1200 cm™! energy region. Here, the series of three
peaks shifts to the lower energy region, nearer to the DFT and experimental spectra.

Recently, other methods for improving phonon predictions specifically within the
DFTB framework have been examined. These include correcting the unit cell based
on a DFT unit cell[24] and re-assigning phonon frequencies using a I'-point DFT phonon
calculation[60]. We note that our comparison does not include recent machine learning
corrections to DF'TB to yield high-level quantum chemical accuracy for molecular ener-
gies, specifically.[61-63] The main difference between ChIMES and these other phonon
correction methods in DFTB is that ChIMES has demonstrated the ability to transfer a
model determined from a single training set to multiple molecules|22, 45], rather than re-
quiring the creation of unique parameter set for each system of interest. This means that
when studying a series of similar molecules, the computational expense for the correction
is only incurred once for ChIMES, enhancing its general appeal for predictions related to
the vibrational properties of molecular crystals.

To understand why the MD, ML, and ANI-1 methods were less accurate, it is useful
to examine the exact methodology for each. For MD, there is some agreement between
the experimental and simulated spectra below roughly 200 cm™!. This is due to the fact
that the MD simulation was large (4x8x16 supercell) and that the intermolecular forces

were well fit. Indeed, when comparing a forcefield in which all coefficients were allowed
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to change to one in which only the Lennard-Jones parameters were allowed to change,
there is virtually no difference (SI Figure 6). This means that the vast majority of the
improvements in force prediction came from improving the Lennard-Jones parameters. It
is possible that further improvement beyond what is shown here could be made, but the
computational time required to try different training sets along with the researcher time
required to check different interaction forms is significant.

When examining the spectrum produced by the ML method, it is difficult to iden-
tify any similarities between the experimental and simulated spectra. In this study,
every parameter available in the AMP package was investigated and this is the best
spectrum produced. It is possible that with larger training sets and neural net archi-
tectures, improvements could be made. If sufficient accuracy were somehow achieved
without a computationally prohibitive training set, ML may even be preferable to DFTB
or DFTB/ChIMES. However, ML is most likely best suited to be used as an alternative
to ChIMES, as a way of improving the agreement between DFT and DFTB. This simpler
problem should be more accessible for a neural net.

For ANI-1, there seem to be qualitative similarities between the simulated and exper-
imental spectra in the 800 - 1100 cm~! range. This makes sense because the training set
for the ANI-1 model is composed of molecules up to 8 atoms in size. Therefore, it is not
optimized for molecules the size of rubrene and should be expected to lose accuracy. In ad-
dition, the ANI-1 model is trained on isolated molecules. Because of this, it likely cannot
describe the intermolecular interactions that contribute to low-energy modes. Conduct-
ing transfer learning on the ANI-1 calculator can improve predictions, and it is possible
that training the ANI-1 model on larger systems could improve its predictive power on a

system like rubrene.

2.5 Conclusion

Six methods for calculating atomic vibrations were compared for rubrene. The accuracy
of each was evaluated by computing INS spectra with each method and comparing both

to experimental data and the established simulation technique. These results allow us
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to make the following broad recommendations. The DFT, DFTB/ChIMES, and DFTB
methods were all able to produce accurate spectra across the entire INS energy range.
The computational time required by DFT is much greater than for DETB/ChIMES and
DFTB. As such, DFTB/ChIMES and DFTB should be used in instances when speed or
system size is a priority such as computational screening on a set with many materials or
when trying to accurately reproduce the dynamics of large, complex systems like MOF's.
DFT is still preferred on highly-crystalline systems when high accuracy is a requirement.
Finally, ANI-1, MD, and ML are best suited to systems where speed requirements greatly

outweigh accuracy such as long-term dynamics on large, disordered systems.
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Chapter 3

Elucidating Correlated Defects in
Metal Organic Frameworks Using
Theory-Guided Inelastic Neutron
Scattering Spectroscopy
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3.2 Introduction

As investigations of metal-organic frameworks (MOFs) have developed beyond synthesis,
discovery, and bulk structure determination, researchers have increasingly focused on
novel applications such as removal of water [1] and of CO [2] from air. These potentially
disruptive technologies require the MOF to be sufficiently stable under ambient conditions.

MOF stability depends on the prevalence of structural defects and imperfections in the
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underlying structure [3]. Defects include missing linkers and nodes and the presence
of adventitious node ligands that arise during the synthesis. Defects have thus become
central topics in MOF science; the associated challenges and opportunities have been
recently reviewed.[4-8]

Although several studies have leveraged defect engineering in improving the catalytic
and separation properties of MOFs, the role of defects on other properties (e.g., for en-
ergy storage,[9, 10] water purification,[11] supercapacitors,[12] electrocatalysis,[13, 14] me-
chanical properties,[15-17] conductivity,[18-21] optical properties[8, 22, 23]) is not well
understood. Additionally, although we focus on porous MOF materials, we anticipate
that defects play an important role in related materials such as dense MOFs [24-26] and
porous organic cages.|[27]

More specifically to the subject of this work, defects in UiO-66 MOFs are of great in-
terest because they can act as catalytically active sites [28, 29] or as support sites for metal
complexes [30, 31]. Investigations of the synthesis chemistry of MOFs such as UiO-66 pro-
vide insight into the control of defects.[32] The elucidation of the defect chemistry of MOFs
is progressing using combined characterization techniques. Combined use of diffuse X-ray
scattering, electron microscopy, and anomalous X-ray diffraction (XRD) demonstrated
correlations between defects in a UiO-66 (Hf) MOF and phase separation between defec-
tive and defect-free regions on the nanoscale in hafnium-containing metal oxide cluster
nodes.[33] High-resolution transmission electron microscopy (TEM) images have shown
the evolution of defect distributions as function of MOF crystallization time.[34] Indirect
characterization methods including thermogravimetric analysis [35], acid-base titration
[36], nitrogen adsorption[3], and analysis of the products of MOFs digested in NaOH
in D,O by 'H NMR spectroscopy[37] also enable quantification of defect chemistry and
density, but cannot co-locate the chemical species with the physical structure. Table 3.2
summarizes the advantages and disadvantages of the mentioned techniques for character-
izing defects in MOF's.

Notwithstanding these excellent characterization options, progress in relating MOF

structure and chemistry to materials properties like catalytic activity and structural /
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Methods Advantages Disadvantages

RAMAN/FTIR Able to derive some local defect details Not enough to characterize defect occupancy and define defect type
XRD Able to derive crystal structure detecting missing clusters No organic linker information (linker defects)

HRTEM Detailed atomic observation of defects Impractical to define/quantify all defects in the sample
Thermogravimetric analysis  Able to quantify defects No atomic detail of the structures of defects

Acid-base titration Able to quantify defects and reactive site information No definition of the defect types (cluster or linker) and positions
Nitrogen absorption Indicate existence of defects No information on the definition/quantification of defects

1H NMR Robust quantification No atomic detail of the structure of defects

INS Provide atomic-level structural / chemical details of the defects Semiquantitative assessment of defects

chemical stability is limited by the lack of characterization techniques that provide atomic-
level structural details. Here, we combine density functional theory (DFT) simulations
with inelastic neutron scattering (INS) data to develop a general approach for spectroscop-
ically characterizing defects in MOFs. We quantify the dynamics of missing linker defects
and adventitious ligands in MOF UiO-66 using the low-frequency vibrational modes (j 100
cm™!), measured by INS. Then we create an ensemble of possible defect configurations
(e.g., the density and positions of missing linkers) in various topologies (e.g., fcu, bcu, reo,
scu) with DFT. Quantitative comparison between the measured and simulated spectra is
used to fingerprint the exact positions, density, and chemistry of missing linker defects
and adventitious node ligands.

INS is effective for investigating structure and dynamic disorder in a wide range of
materials.[38-40] Although INS has been used to investigate gas adsorption and phase
changes in MOF's [41, 42], this technique has not been used to elucidate the structure of
defects in these materials. INS is ideally suited to address the challenge of defect structure
because, in contrast to XRD (which probes the structures of crystalline domains), INS
is a quantitative spectroscopic technique that probes the dynamics of the whole sample.
Unlike optical vibrational spectroscopies (e.g., Raman and infrared) that measure the
energy exchanged by scattered photons which obey selection rules, INS is not limited by
photon selection rules since it measures the exchanged energy of neutrons scattered by
the atomic nuclei. Also, INS samples the complete Brillouin zone, not just the gamma
point as for the optical spectroscopies, enabling resolution of phonons that cannot be
detected using optical spectroscopies. In the SI, we present a comparison between optical

spectroscopy methods (Raman and infrared) and INS, so the differences are made clear
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to the reader [43]. Finally, owing to the high neutron scattering cross-section of the
'H nucleus, INS is particularly sensitive to the molecular environment of organic linkers
and node ligands. Because the 'H atoms are present in a wide range of locations in
the structural organic backbone, they are remarkably sensitive to subtle changes in the
intermolecular environment.

We now illustrate the value of INS for structural characterization of UiO-66 samples
that have been synthesized using modulators to incorporate node formate, acetate, and
trifluoroacetate ligands. The extensive literature of UiO-66 provides a foundation for plac-
ing the new results in a broad context.[3, 7, 32, 34, 35, 37, 44-52] Since INS probes all the
coupled vibrational modes involving hydrogen atoms, the interpretation of INS spectra
is computationally challenging. Detailed modeling of the phonon modes (typically done
with DFT) is necessary to link experimentally observed peak positions and intensities
with specific vibrational modes. The high costs of the DFT calculations have, for the
most part, limited this approach to simple crystalline materials with high structural sym-
metry (including a few nearly defect-free MOF's).[53, 54] For example,[42] combined DFT
calculations with INS spectra to show the pressure-induced phase transition of ZIF-L to
Z1F-8. Because defects in MOFs reduce the overall symmetry of the structure, INS simu-
lations of defective MOFs require larger simulation volumes and are orders of magnitude
more computationally expensive than those of their pristine analogs.

To work toward overcoming these limitations, we developed a Python-based workflow
(denoted as DCS-Flow [55]) that facilitates seamless integration between the separate com-
ponents of an INS simulation. DCS-Flow is an accurate, reproducible, efficient workflow
for calculating phonon modes and the INS spectrum using DFT. The flowchart in Figure
S1 in the Supporting Information summarizes our approach, which allows comparisons of
experimental spectra with predictions from a library of candidate defect structures. We
now illustrate the method by comparing predicted spectra with INS data characterizing
UiO-66 with various node ligands. The results provide unprecedented insights into the
structure of the missing linker defects and the ligands that reside on the Zr-nodes. We

posit that this integrated experiment-theory approach can be broadly extended to a wide
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family of MOF's.

3.3 Results and discussion

The structure of defect-free UiO-66 includes ZrgOg nodes that are interconnected to form
a fcu topology, where each node is bound to 12 linkers. The average connectivity of the
nodes is controlled during synthesis by the use of modulators (e.g., acetic acid), which
form anions that compete with the linker precursor anions during synthesis. For example,
use of acetic acid (AA) as the modulator (with a modulator to ZrCl, mol ratio of 30) re-
sulted a UiO-66 sample with 10.9(4) linkers/node (i.e., 1.0(6) missing linkers/node) where
the number in parentheses is the numerical value of the standard uncertainty. We denote
this material as UiO-66-AA. When trifluoroacetic acid (TFA) was used as a modulator
instead of acetic acid, with the same modulator to ZrCl, ratio, the pKa of the synthe-
sis solution was lower, the crystallization time was reduced, and the resulting MOF had
3.52 missing linkers per node. The experimental characterization (IR Spectroscopy, Pow-
der X-ray Diffraction, Scanning Electron Microscopy, Transmission Electron Microscopy,
Brunauer-Emmett-Teller (BET) Surface Area, Thermal Gravimetric Analysis, and 'H
NMR Spectroscopy) of the sample measured here was published previously by [37]

The linkers/node ratio, derived from 'H NMR, Spectroscopy, does not determine the
relative positions of the missing linkers in the MOFs. The interpretation of linker and
defect structure from the molar ratio is further complicated by the presence of other
less-coordinated topologies in the UiO-66 samples.[33]

All the experiments were done at 5 K because the dynamics of the system can strongly
suppress all neutron intensities at high temperatures, such as room temperature. A room-
temperature spectrum is almost the same for any organic compound [40]. This point can
be confirmed by the Debye-Waller factor, an exponential temperature-dependent term

present in the scattering law that is used to model all modern neutron spectroscopy data.

3.3.1 Simulating defect free topologies

The main goal of this work is to develop an atomic-scale picture of the defective MOF

structure. An appropriate starting point to understanding defects in UiO-66 topologies is
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Figure 3.1. (a) Four proposed UiO-66 topologies; gray geometries represent the node
clusters and colored geometries the linkers. (b) Comparison of INS spectra of UiO-
66 at wavenumbers up to 1550 cm~!. INS data of UiO-66-AA recorded at 5 K (blue
curve) and DFT-simulated spectrum of the fcu (orange), bcu (green), reo (red), and scu
(purple) topologies. The non-linker-occupied sites in the less-coordinated topologies
(bcu, scu, and reo) are occupied by formate ligands. The gray shaded area in (b)
denotes the INS fingerprint region (below 100 cm™!). (c) Correlation comparison
between experimental INS spectrum of UiO-66-AA and DFT simulated spectra of
chosen topologies.

to simulate defect free and under-coordinated structures, shown in Figure 3.1a.[34] These
under-coordinated topologies include varying numbers of missing linkers per node. The
sites on the nodes where linkers are missing in UiO-66 are often occupied by adventitious
ligands, including acetate derived from the acetic acid modulator and formate derived
from DMF.[34] For example, the bcu topology presents the same density of ZrgOg nodes
as fcu (1 node / unit cell), but has 8 linkers per node instead of 12 linkers per node; thus
there are four sites on each node that might either be capped by a proton or occupied by
adventitious ligands. The reo and scu topologies have lower node densities per unit cell,
meaning a more open MOF framework. The reo topology incorporates 8 linkers/node.
The scu topology is more complex, with either 8 or 4 linkers/node. Figure 3.1b presents
the simulated INS spectra of defect-free fcu, and defected bcu, reo, and scu topologies
where the linker-occupied sites in the less-coordinated topologies (bcu, scu, and reo) are
occupied by formate ligands derived from the DMF solvent. The simulation results are
compared with the INS data for a UiO-66 sample synthesized with acetic acid modulator
(i.e., UiO-66-AA).
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The INS data characterizing the four topologies show some similar features, and ex-
cellent agreement between experiment and the INS simulations for the fcu topology over
the entire energy range. The simulated INS spectra for the other topologies are less con-
sistent with the data, especially in the regions of 250 and 1450 cm™*; the peaks in these
regions arise from the increased abundance of formate ligands in the under-coordinated
topologies (details in Supporting Information). Two central conclusions emerge from this

comparison:

1. our computational methods and the DCS-Flow approach are quantitatively accurate
in predicting the vibrational modes and the resulting INS spectrum of UiO-66 over

an energy range of 5-5000 cm™! (Fig. S2).

2. the defect-free fcu topology provides the best overall representation of the UiO-66-
AA sample among those investigated (details on how the correlation was calculated

are given in the SI).

Conclusion 2 is especially encouraging because the experimental UiO-66-AA sample con-
tains only 1.0(6) missing linkers/node.[37] Fig. 1lc shows a quantitative comparison be-
tween the experimental and simulated spectra from Fig. 1b. The fcu structure shows
the highest correlation, followed by equally good correlations between the bcu and reo
topologies and a much poorer correlation with the scu structure. Assuming that the sam-
ple contains only pure fcu and bcu topologies that phase separate, then a sample with
1.0 missing linkers/node would be 75% fcu with no missing linkers and 25% bcu with 4.0
missing linkers/node.

We emphasize that the above analysis required a thorough testing of the parameters
that are relevant for the INS simulation. Specifically, we evaluated the effect of DF'T func-
tionals, energy cutoffs, and mesh sampling of the phonon Brillouin zone to achieve optimal
agreement with experiment, as reported previously [38]. We posit that such high-cost,
high-quality simulations are necessary for direct comparison and correct interpretation of
MOF INS experiments.

A fundamental advantage of INS over other vibrational spectroscopies is the high

signal-to-noise ratio obtained at low wavenumbers (e.g., j 100 cm™!). These low-frequency
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phonon modes are often associated with coupled motions (e.g., wagging, twisting, bending,
rocking, breathing) that span several unit cells and involve multiple atoms in the structure.
In the following sections, we demonstrate that this low-frequency INS data set serves as a
fingerprint region for identifying the type (e.g., AA, formate, TFA), density, and relative
positions of linkers and adventitious ligands bound to the ZrgOg nodes in UiO-66.
Figure 3.2 compares the experimental INS measurement for UIO-66-AA (blue) with
the DF'T simulations of the INS spectrum in the low-frequency fingerprint region. The
experimental INS data for UiO-66-AA data are characterized by four key features:

1. a major peak (denoted Ty) at about 40 cm™' with a small, red-shifted shoulder
(~35 cm™1)

2. a red-shifted double peak (~25 cm™!, designated as A peak)
3. a blue-shifted double peak (~50 cm™!, designated as B peak)
4. a broad shoulder at 55 cm™! (designated as C peak)

Although the A, B, and C peaks are not observed in the simulations, all four topolo-
gies show a phonon mode close to Ty, (i.e., 35 — 40 cm ™! region). To identify the specific
molecular vibration corresponding to this peak, we calculate the eigenvalues and eigen-
vectors of the DFT-simulated dynamical matrix (determined using finite displacement, as
implemented in Phonopy).[56] With this normal mode analysis approach, the eigenvalue
for each phonon mode corresponds to the characteristic energy (i.e., the wavenumber),
while the molecular motion itself is determined by the eigenvector (one vector for each
atom in the system). Importantly, the eigenvectors are further analyzed to determine
which atoms contribute to the phonon mode (e.g., node, linker, acetate ligand, etc.)

The above analysis shows that the T, peak originates from a back and forth rock-
ing/twisting motion about the longitudinal axis of the linker (Figure 3.2b, see feu_40cm-
1.gif animation in the SI). Since the phonon mode is dominated by linker motions (i.e.,
Zr0g nodes are not involved), it is observed at similar energies (and wavenumbers) across

the different topologies. The slight differences in the position of the peak arise due to
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Figure 3.2. (a) Fingerprint region: INS spectra at frequencies up to 100 cm™" for all
simulated topologies and comparison with experiment for samples made with acetic
acid called UiO-66-AA (blue) and trifluoroacetic acid called UiO-66-TFA (brown) mod-
ulators. Experimental peaks that are missing from the simulations and from the ex-
perimental spectrum of the sample modulated with trifluoroacetic acid are denoted
as follows: A, a doublet at about 25 cm™!; B, a doublet at about 45 cm™!; and C, a
shoulder at about 55 cm™!. Because fluorine atoms have a low INS cross-section, peaks
representing CF3 dynamics are essentially missing from the INS spectrum, and the A,
B, and C peaks are assigned to dynamics of the methyl groups of acetate ligands. (b)
DFT-simulated vibrational mode corresponding to peak Ty, is a rocking mode common
to attached linkers in all topologies.

the small variations in the lattice constants for the four topologies. To the best of our
knowledge, this is the first unambiguous assignment of a linker-specific phonon mode in
the fingerprint region for any MOF. (The study by Deacon et al. was unable to identify
modes below 200 cm™".[42])

We now explain the origin of A, B, and C peaks in the experimental INS. Since these
features are not observed in the simulated INS spectra for any of the four topologies,
we conclude that chemical defects due to the presence of adventitious synthesis-derived
node ligands in UiO-66-AA are responsible for the peaks A, B, and C. Further evidence
for this conclusion comes from comparison between the UiO-66-AA (blue) and UiO-66-
TFA (brown) spectra (Figure 3.2a). The spectrum of UiO-66-TFA lacks the A, B, and
C peaks and the TFA synthesized sample does not contain any acetate groups. Thus,

we associate these peaks with the presence of acetate ligands in the structure. This
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assignment is consistent with earlier work that shows that methyl groups in ZIF-8 are
associated with a 25 cm™! peak in the INS spectrum.[57] The computational models that
consider only connectivity defects are incomplete and fail to capture the structural and

chemical complexity of the experimental sample.

3.3.2 Simulating acetate ligands

To further investigate how the modulator acetic acid led to changes in the INS spectra, we
created a library of UiO-66 models in which the formate ligands in the bcu, reo, and scu
topologies were replaced with acetate ligands. This replacement resulted in a well-defined
set of topologies with varying numbers of linkers and acetate ligands bonded to the nodes.
In each of the three cases, the total coordination number of the node is 12.

A comparison of the predicted INS spectra of the three under-coordinated topologies
with experiment is shown in Figure 3.3a. In contrast to the pristine fcu topology and the
formate-containing beu, reo, and scu topologies (Figure 3.2), we now observe many more
peaks in the fingerprint region, indicative of the acetate ligands.

A central advantage of our DFT-based DCS-Flow approach is the ability it provides
to computationally set the scattering cross-sections of individual atoms to zero. Thus,
to isolate the vibrational modes that are related to these peaks, we set the cross-section
of each atom except those of the acetate groups to zero. The resulting spectra in Figure
3.3b provides strong evidence that the low-energy doublets indeed originate from acetate
groups bonded to the ZrgOg clusters at defect sites.

The results show that the acetate group contributes differently to the INS spectrum
depending on the topology, which means that the molecular environment around the
acetate group strongly affects the correlated wag and twist motions of the methyl groups.
Using bcu as an example (green in Fig. 3.3b), we observe two main features at 12 cm™!
(al) and at 16 cm™! (a2). This doublet corresponds to coupled twisting motions of two
methyl groups (from the acetate) on opposing sides of the ZrgOg node in a diagonal
fashion (see Figure 3.3c). There are two different peaks because there are two different
symmetric arrangements of methyl groups on each node. These modes are localized only

on the methyl groups of the acetate ligand. Neither the linker (which dominates the T,
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peak) nor the ZrgOg node is coupled to the doublet modes (see animations bcu-4A_al.qgif
and bcu-4A_a2.gif in the SI).

In both the reo and scu cases, two different groups of acetate structures are involved
in rocking motions that couple with the surrounding linkers. The coupling of the acetate
motion with the linkers” motion increases the total energy of the mode. The scu simulated
spectrum presents a stronger signal of peak C (Figure 3.3) because it contains a smaller
number of linkers and a correspondingly larger number of acetate ligands.

This analysis shows that the A, B, and C peaks originate from the acetate defects and
are associated with different phonon modes depending on the motions that are specific to
the bonding environment in each topology. The slight disagreement in the peak positions
(~10 cm™!, 1.24 meV) of the beu case is due to the fact that the INS simulations are
performed using a 1x1x1 unit cell of the MOF, which corresponds to an infinite network
of defective nodes. Nevertheless, our simulations provide strong evidence that the ex-
perimental A peaks arise from the coupled twisting of the methyl groups bound to the
Zr¢0g node of UiO-66-AA. The phonon modes corresponding to al (bcu-4A_al.gif) and
a2 (bcu-4A_a2.gif ) are presented in the SI as movie files.

We showed, in Figure 1, that the simulated INS spectrum from a non-defective lattice
provides the best fit to the UiO-66-AA spectrum. This assignment was expected consid-
ering that the NMR measurements show an average ratio of one missing linker per node.
This would correspond to a 3:1 volume ratio of fcu:bcu or fcu:reo topologies. The analysis
in Figure 3 makes a strong case that the A peaks come from coupled acetate linkers in the

1

bcu topology, because there were no peaks with energy below 40 cm™" in the simulated

INS spectra of the acetate defect reo and scu topologies. The B and C peaks however
cannot be unambiguously assigned. Our analysis shows that the modes above 40 cm™! in
the fingerprint region are strongly coupled with the linker and the ZrgOg node, but it is

not unambiguous which acetate/linker geometry causes the doublet at B and the shoulder

at C.
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Figure 3.3. a) Simulated INS spectra characterizing defective topologies (bcu, reo,
and scu) with missing linkers that provide sites for acetate ligands compared to INS
experimental data of UiO-66-AA. (b) INS signal contribution of only the methyl groups
in the MOF compared with complete signal determined by experiment of UiO-66-AA.
(c) Vibrational modes related to peaks al and a2 of the beu simulation.
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3.3.3 Effect of defect symmetry

To address this issue, we focus on the bcu topology because it has the smallest unit cell,
it has the same number of nodes as the fcu structure, and it provides a better fit to the
full INS simulation in Figure 1 than either the reo or scu topologies. Indeed, the bcu
topology can be considered as a defective fcu topology with four missing linkers per node.
We consider four different variations of the bcu topology to demonstrate the structure
sensitivity of the DFT-INS approach (Figure 3.4a). The four open missing linker sites on
the beu topology (i.e., missing linkers compared to fcu) can be occupied by either formate
or acetate ligands. The simulated INS spectrum with all formate ligands (bcu-4F) was
presented in Figure 1 and reproduced here (orange). The simulated INS spectrum with all
acetate ligands (bcu-4A) was depicted in Figure 3 and reproduced here (green). Since the
'H NMR data characterizing digested UiO-66-AA indicates the presence of both formate
and acetate ligands on the node defect sites[37], we next consider the possibility that the
four missing linker sites in the bcu topology were occupied by two acetate and two formate
ligands. When the acetate groups are oriented diagonally with each other (bcu-2A2F, red
spectrum in Figure 3.4b), we observe a single peak at 25 cm™! at the correct energy for an
A peak and a single peak at 52 cm™!, which is the correct energy for a B peak. In Figure
3.4c, we present the mode corresponding to the peak at 25 cm ™! which consists of localized

Lincludes significant contributions

rotations of the acetate groups. The peak at 52 cm™
from the MOF linkers and involves coupled rocking motions of the acetate groups with
the whole framework. The modes are also presented as animations bcu-2A2F _a.gif and
beu-2A2F_b.gif in the Supporting Information). The absence of the doublet (similar to
peaks A and B in the experimental spectrum) arises because of the presence of a single
diagonally opposite pair of acetate groups bound to the ZrsOg node. The comparison
suggests that the diagonal location of the acetate group results in vibrational motions at
the correct frequencies, but the simple unit cell does not represent the heterogeneity of
the environment surrounding the acetate in the measured sample.

To probe a greater degree of structural complexity, we simulated a 2x1x1 unit cell of

the bcu topology with diagonal defects on one node and off-diagonal defects on the other
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(bcu-2A2F-2F2A, purple spectrum in Figure 3.4). The simulated INS spectrum shows a
doublet at 48 ecm™! and 52 cm™! along with a broader peak centered at 60 cm™'. The
measured spectrum has a nearly identical doublet for the measured b1l and b2 peaks at 46
em~! and 50 em ™! and the shoulder C peak is at 55 ecm~!. The slight offsets in the peak
positions likely arise from the differences in the lattice constants of the computational
model and the experimental sample. The motions corresponding to the doublet b involve
coupled vibrations to the framework of neighboring acetate groups whereby one acetate
rotates and the other rocks (bl), and vice versa (b2). Moreover, peak c is related to
vibrations of all acetate groups from both the diagonals coupled to the framework (see the
animations bcu-2A2F-2F2A_b1.gif, bcu-2A2F-2F2A_b2.gif, and beu-2A2F-2F2A _c.gif in
the Supporting Information). These results provide strong evidence that the experimental
UiO-66-AA contains domains of the bcu-2A2F-2F2A defect structure that span multiple
unit cells. Although the reo and scu topologies capped with acetates are able to reproduce
peaks in the region of double peak b and shoulder ¢ (see Figure 3.3), the INS simulation of
the bcu-2A2F-2F2A defect structure is a much closer match to the experimental results.

In summary, the investigated sample, UiO-66-AA, has Zr-oxide nodes that have 12
possible linker attachment sites. The sample was prepared with adventitious node ligand
acetate that occupies on average 1 of the 12 attachment sites. Formate was a second
adventitious node ligand that was adventitiously introduced during synthesis. We first
simulated all four of the known UiO-66 topologies (fcu, beu, reo, scu) and compared them
to the measured INS spectrum. The fcu produced the best fit across the full energy range,
which tells us that the majority of the volume ( 75%) is a defect free fcu topology. We
also showed that a series of INS peaks at frequencies below 100 cm™! (labeled A, B and
C) serve as fingerprint spectra for the acetate defect site. Next we simulated the beu,
reo, and scu topologies with all missing linker sites filled with acetate. Only the fully
substituted beu topology reproduced the A-peaks matching the doublet at 25 cm™! which
comes from a twisting motion of the acetate defect. The higher energy B and C peaks
couple rocking motions of the acetate methyl group to twisting of the linkers, but none

of the fully substituted acetate spectra matched the measured data, indicating again that
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Figure 3.4. Analysis of bcu defect positions. (a) Simulation box containing bcu unit
cell with the 4 missing linker sites occupied by formate ligands (bcu-4F), all 4 occupied
by acetate ligands (bcu-4A), two formate groups and two acetate groups in a diagonal
fashion (bcu-2A2F), and a 2x1x1 supercell with diagonal and off-diagonal defects (bcu-
2A2F-2F2A). (b) Comparison of experimental INS spectra of UiO-66-AA up to 100
cm ™! with simulation of becu UiO-66 MOF with various proposed defect configurations.
(c) Vibrational modes related to peaks a and b of the simulation of bcu with diagonal
defects (bcu-2A2F).
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the reo and scu topologies were not present in the measured sample. Finally, we simu-
lated the bcu topology with combined acetate and formate defects. Only geometries with
acetate on opposite sides of the node and alternating orientation between neighboring
nodes accurately reproduced the B-peak doublet and C-shoulder from the measured INS
spectrum. We can therefore assign that 75% of the volume was the fcu topology with no
defects. We assume, based on excellent previous work,[33] that the different topologies
phase separate into domains. The remaining 25% of the volume seems to be roughly
equally divided between the bcu topology with 100% of the adventitious node site occu-
pied by acetate and the bcu topology with a 1:1 mixture of acetate and formate on the
adventitious node sites. In the very roughly 12.5% of the volume with mixed acetate and
formate, the sites ligands assume ordered arrangements, including occupying the opposite
sides of the node and with alternating orientation between neighboring nodes. While our
conclusions are consistent with a previous study by [34], the INS/DFT approach provides
detailed structural insights (e.g., relative positions and number of acetate ligands) that

are not, possible with microscopy-based techniques.

3.4 Conclusions

We present a combined INS spectroscopic and simulation investigation of UiO-66 to char-
acterize the geometry of adventitious defect sites occupied by ligands such as acetate and
formate. INS spectroscopy is highly sensitive to the vibrational motions of linkers and
defect species on MOF node defect sites because of the high resolution at low energies.
Vibrations in the j100 cm™! range include subtle wag and twist motions that capture
details of the molecular-scale environment around the defect site, in this case coupling
between wag motions by the methyl group on the acetate with twist motions on the
terephthalate linker. We show a near quantitative match between the experimental INS
spectrum and DFT simulated INS spectra, which demonstrates that this combination of
experiment and theory is well-suited to characterization of heterogeneous reactive sites in
MOFs. We suggest that this methodology should become part of the standard protocol

for characterization of MOF structures.[58]
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Chapter 4

Catching the killer: Dynamic
disorder design rules for
small-molecule organic

semiconductors
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4.2 Introduction

Small-molecule organic semiconductors are promising materials for various applications,
including OLED displays in smartphones, photovoltaics, flexible transparent electronics,
and bio-compatible medical devices[1-5]. However, organic semiconductors suffer from
low charge mobilities (1) due to large amplitude intra- and inter-molecular vibrations|6,
7]. These vibrations, referred to as phonons for the rest of this article, temporarily localize
charge across a finite number of molecules, slowing transport. Although we have a basic
understanding of why p is limited, an essentially infinite design space for OSCs makes

trial and error synthesis of new candidate molecules extremely inefficient. Thus, there
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is a strong need for design rules to guide synthesis of new high p materials. Transient
localization theory correctly predicts p in small-molecule organic semiconductors (OSCs)
by simulating phonon modes and the electronic structure[8-10]. Although several works
have used transient localization theory to predict electronic properties, design rules that
effectively predict high p for new structures remain elusive[8, 10-12].

Computation of p within the transient localization framework requires accurate sim-
ulations of both the phonons and transfer integrals. A transfer integral describes how
much the wavefunctions of neighboring molecules overlap and gives a measure of how
difficult it is for charges to move between molecules. Phonons are calculated in the solid
state, meaning systems are periodic and infinitely repeating[13, 14]. In contrast, transfer
integrals are computed with quantum chemistry models in which individual molecules or
pairs of molecules are considered either in a vacuum or a medium[15]. This difference
mirrors the physical reality of charge transport in OSCs. In high-u systems, band theory
is used to model charge transport. In the band theory scenario, charges are delocal-
ized across the entire material and only scatter due to thermal phonons[16]. For low-u
systems, charge transport is modeled using a hopping model in which localized charges
hop to nearest neighbors[17-20]. Here, the transfer integral describes how often this hop
can occur. Variable range hopping was introduced to bridge these two theories[21], but
fails to match both thermodynamic and kinetic measurements[22]. Charge transport in
small-molecule OSCs falls directly between the band transport and hopping transport
scenarios. This is because fluctuations of the transfer integral due to phonons occur at
the same order of magnitude as the average transfer integral[22, 23]|. In other words, the
phonons’ influence on the transfer integral, known as electron-phonon coupling, is just
as important as the average transfer integral. Thus, consideration of both periodic and
isolated molecule models is critical to model high-p OSCs accurately.

Accurate simulation of the phonon spectrum requires plane-wave density functional
theory (DFT) calculations on periodic models[24-26]. Periodic models must be employed
because the surrounding lattice significantly impacts the forces experienced by each atom.

In contrast, accurate simulation of the electronic structure, especially the transfer integral,
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requires DFT calculations with Gaussian basis sets performed on isolated molecules in a
vacuum[27-29]. Because these simulations require multiple areas of expertise and different
software packages, only components of the entire process appear in individual publications.
The process from an experimental crystal structure (.cif) file to electron-phonon coupling
often requires collaboration between several groups and months or years of collaborative
work.[30-32] This slow process is incompatible with the type of multi-system studies
necessary to search design space computationally and discover new synthetic design rules.
Previously, we introduced DCS-Flow|[33]: a workflow to compute the phonon modes using
various calculators including DFT, density functional tight binding (DFTB)[34], or DFTB
with a Chebyshev Interaction Model for Efficient Simulation (ChIMES)[35] correction
from just a .cif file. Here, we introduce another workflow, EIPh, which works alongside
DCS-Flow to compute the electronic structure using the method popularized by the Troisi
and Fratini groups|6, 22, 23, 36]. Together, these workflows unlock the ability to compute
the electron-phonon coupling using accurate phonon simulations. Moreover, we introduce
a novel analysis technique that enables visual inspection of the impacts that each atom
and each mode contributes to the transfer integral and dynamic disorder.
Electron-phonon coupling measures how much each phonon mode disturbs the trans-
fer integral between neighboring molecules. Typically, the electron-phonon coupling is
computed only en route to computing . However, any hope of finding design rules lies
in the electron-phonon coupling because it can directly quantify the effect of each mode
on charge transport and . Recent efforts to define synthetic design rules have focused on
finding particular modes that limit x[9, 37]. In contrast, the simulations that most accu-
rately predict p using transient localization theory included the entire spectrum of phonon
modes, [8, 11] which suggests that consideration of the full spectrum of phonon modes is
a requirement to generate practical synthetic design rules. As we will demonstrate, each
molecule contains thousands of phonon modes that are difficult or impossible to com-
pare, even between similar materials. Thus, a new analysis technique is required: one in
which all phonon modes are considered, but one that can also help explain differences in

performance between similar and dissimilar molecules.
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Here, we demonstrate a method to quantify the total impact of each atom on charge
transport. This method makes it possible to analyze molecules with different structures
and identify the impacts of design motifs like side chains or backbone length on u. We
believe that this simulation workflow and visualization strategy will prove valuable in

uncovering synthesis design rules for small-molecule OSCs.

4.3 Methods

Figure 4.1 shows the workflow to compute the electron-phonon coupling and p. The
workflow splits into two paths, starting with an experimental structure determination,
often with a .cif file. To the right (yellow), DCS-Flow is our previously published method
that calculates all of the phonon modes for a particular molecular crystal.[33] DCS-Flow is
a platform-independent plane-wave calculator that can run with VASP (Vienna Ab Initio
Simulation Package), CASTEP, DFTB+, or DFTB+ with ChIMES depending on the
desired level of accuracy and computational efficiency. The phonon simulations employ
periodic boundary conditions to ensure that the computed dynamics are as accurate as
possible. We used VASP with the PBE functional in this study to ensure the highest
accuracy. We previously explored the impacts of various functionals on the accuracy
of dynamics in small molecule OSCs.[8] The dynamics were validated by computing a
simulated inelastic neutron scattering (INS) spectrum and comparing it to experimental
data[38]. We demonstrated nearly quantitative matching to INS spectra over three orders
of energy for a variety of common small molecule OSCs using these techniques.|[8, 11, 30,
39]

The left side of the workflow (green) computes the electronic contributions to p. This
part of the workflow employs Gaussian-based DFT without periodic boundary conditions
to ensure the best possible description of the electronic structure. This technique is de-
scribed in a series of papers from the Troisi group[31, 32, 36, 40, 41]. This study employed
the 3-21G* basis set which has been reported to accurately capture the electronics of these
types of systems|23, 40]. The structure must first be “unwrapped” to discard the periodic
boundary. Figure 4.1B shows the structure described by the raw rubrene .cif file. The
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Figure 4.1. Simulation workflow: A The workflow showing how to compute the
electron-phonon coupling for a small-molecule OSC. The green part of the workflow
indicates that periodic boundary conditions are not considered. The yellow part in-
dicates that periodic boundary conditions are considered, and the blue part indicates
that a mix of periodic and non-periodic results are used together. (Right) An illustra-
tion of the process of going from a periodic system to molecular pairs. B shows the
periodic structure of rubrene from a .cif file. C shows what three molecules look like
after unwrapping the periodic structure. D, E, and F show the distinct molecular pairs
within the high-p plane. G and H show the variance of the transfer integral per-atom
and per-mode, respectively.
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Figure 4.2. Visualization of the atom-specific dynamic disorder: The derivative
of the transfer integral (V.J) is projected onto the atomic displacements resulting from
each phonon mode (Q;) resulting in the mode specific variance of the transfer integral
(02,.4.)- The magnitude of the effect on each atom (02,,,,) is visualized as a 3D heat
map where the heat of the atom indicates how much each atom in a particular mode
limits p. Summing the contribution from each mode gives the total variance of the

transfer integral, 2.

o6



dotted box represents the periodic boundaries. Next, the workflow identifies molecular
pairs within the high-p plane. Figure 4.1C is the unwrapped structure with the three
unique molecules. Figures 4.1D, E, and F show each pair of molecules. Depending on
the crystal structure, these materials can have up to three distinct pairs but may have as
few as one. For completeness, all three pairs are considered in this study, regardless of
whether or not they should be identical. Next, the electronic structure of each configura-
tion is computed using Gaussian. Then a finite-displacement scheme is used to compute
the gradient of the transfer integral. The workflow then employs the ChArge TraNsfer
Integral Package (CATNIP) package to obtain the transfer integral, J, for each pair and
displacement from the electronic structure[42, 43]. These results yield the average J for
each pair and the gradient of J (V.J) for each atom. Finally, the workflow multiplies
V J by the phonon modes computed with DCS-Flow (Q) to obtain the electron-phonon
coupling for each atom and each mode. Summing over all atoms and modes yields the

variance of J, o2

or = ((Jyy — (J))?) = —Z 95 th( fu ) (4.1)
ij,T gl K N, ~ 2 2kgT
is the variance of the transfer integral. Here, N, is the number of points that sample
the reciprocal space, and gfj is the electron-phonon coupling between molecules ¢ and j
due to mode [ and wj is the frequency of mode I. The variance (0?) represents a thermal
average of how the phonon modes affect the transfer integral. Here, gfj = VJ;; - Q; where
VJ;; is the gradient of the transfer integral between molecules ¢ and j and @); are the
atomic displacements for mode [. O'Z-ZjvT is a useful measure, but summing over all atoms

and modes does not allow for a mode-by-mode or an atom-by-atom analysis. Thus, we

define the variance for atoms as

N

- (95)
zyatom:ﬁ;

q

hy
coth (QkBT) (4.2)

and the variance for modes as
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o is a vector containing the total contribution to o2 for each atom. In other words,

2

“atom tells how much each atom limits

o tells how much each mode limits p while o

Figure 4.2 is a visual representation of the math presented above for tetrathiafulvalene
(TTF). In each row on the left, the same V.J is projected onto the atomic displacements
(@) of each mode and squared. This gives the square of the electron-phonon coupling
for each mode. This can be represented as a heatmap as in the third column. Summing
these along with an energy-based factor gives the variance for each atom as shown by

the heatmap on the far right. Note that this can be performed for each pair identified in

figure 4.1. This is a measure of how much each atom limits pu.

4.4 Results and Discussion

A useful analysis of the electron-phonon coupling for molecular design should be able
to reveal several pieces of information. First, the analysis should quantitatively predict
differences in p between similar molecules with variations in molecular structure (i.e. dif-
ferent side chains). Second, the analysis should explain how design decisions can improve
or reduce the p within similar molecules. Finally, the analysis should help synthetic

chemists design new, higher-performing materials by discovering new design rules.

4.4.1 Mode Analysis

A mode analysis technique has been widely used to search for design rules for higher pu
OSCs[8, 9, 11, 44-47]. A mode analysis involves simulating all of the phonon modes and
then calculating which phonon modes most contribute to the reduction of u. Here, we

use 0'2

; ode 10 describe this. A mode analysis for a series of BTBTs and -acenes is shown in

figure 4.3. Figures 4.3a and 4.3B show the contribution to the variance for each mode. In

many studies, this analysis is performed using only the gamma point phonons. We recently
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Figure 4.3. Mode specific analysis: The mode-wise variance, cumulative vari-
ance, and structures for BTBT, ¢8-BTBT, ditBu-BTBT, diTMS-BTBT, Anthracene,
Tetracene, Pentacene, and Rubrene. A) shows the mode-wise variance and the molecu-
lar structure for the BTBTs: diTMS-BTBT, ditBu-BTBT, ¢8-BTBT, and BTBT. The
highlighted peaks in ditBu, ¢8-BTBT, and BTBT are analyzed further in figure 4.5.
B) shows the mode-wise variance and molecular structures for Rubrene, Pentacene,
Tetracene, and Anthracene. C) and D) show the cumulative variance of the transfer
integral for BTBTs and -acenes respectively. This is a running sum of variance with
energy.
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Figure 4.4. Spectral density of the variance of the transfer integral: (o2) for
the BTBT-based materials as well as the -acenes. This plot is created by centering a
Gaussian around each mode with a width of 5 cm~! and summing them together. The
result is a spectral density of the variance which helps to visualize how phonon modes
in certain energy regions reduce p. The highlighted peak in ditBu-BTBT, ¢8-BTBT,
and BTBT is the same mode highlighted in figure 4.3a). A width of 5 cm~! was chosen
because it combined similar modes without broadening the spectrum dramatically.

showed that a gamma point-only analysis leads to reduced accuracy in the prediction of
,[11] so we depict all modes across the entire Brillouin zone mesh here. Figures 4.3¢c and
4.3d show the cumulative contribution to ¢?. The cumulative contribution is obtained
by summing each mode’s contribution to o with increasing energy. The inset numbers
show the highest reported p for each material in ¢cm?/Vs [48-52]. BTBT reportedly
sublimates spontaneously upon synthesis, so its u has not been reported[53]. Note that u
measurements vary significantly between studies or even within a single study. As a result,
these values are a rough estimate rather than a definitive measure of u. Also, measured
samples are typically multi-grain, while the effect of simulated ¢? would only consider a
single grain. Finally, summing o? treats the sample isotropically while a real sample has
different 1 along each crystallographic axis. Because these values of i are estimates and

2

because ¢° is only one factor along with J, which determines charge mobility, there is not

a direct correlation between increased p and reduced o2.
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BTBT has by far the highest amplitude low energy modes; they overlap the plots
of the other BTBTs. Regarding the energetic distribution of modes, there are apparent
similarities between BTBT, ¢8-BTBT, and ditBu-BTBT. The most apparent similarity
is the highlighted (yellow) peak just below 1600 cm~'. This peak corresponds to a sin-
gle mode in BTBT, ¢8-BTBT, and ditBu-BTBT related to the aromatic carbon-carbon
stretch within the ring and is an expansion and contraction of the carbon rings within the
BTBT core. This mode is also Raman active and has been used to study doping levels in
some OSCs[54, 55]. By comparison, there is no equivalent phonon in diTMS-BTBT, at
least not in the same energy region. No other modes in any of the other samples enable
comparison of equivalent phonon modes at the same energy.

The modes at low energies generally have larger amplitudes and involve most or all
of the atoms in the system. As the energy increases, the modes typically have lower
amplitudes and involve fewer atoms. The low energy modes are typically thought to
have a significant impact on J. BTBT fits this paradigm, and to some extent, C8-
BTBT, but none of the other samples show the most significant increase in o2 at low
energy. Additionally, is tempting to equate each peak in this analysis with a single mode.
However, most of the peaks contain several tightly clustered modes. However, these tightly
clustered modes are not distinguishable on this scale, which suggests that representing
the phonons as a spectrum of delta functions is misleading.

Figure 4.4 shows a Gaussian convolution of the same data from figures 4.3a and 4.3b.
After broadening the peaks, the plot presents a spectral density defining how much all the
modes at a particular energy limit p. The difference between figures 4.3 and 4.4 shows
the weakness of the non-convolved analysis. Comparing the representation of the mode
around 1600 cm™!, the representation in 4.3a) appears to have low amplitude and thus a
low impact on p. However, in figure 4.4 it is clear that this mode is, in fact, important.
This is because the mode near 1600 cm~! demonstrates a strong phonon contribution
at every g-point, while the low energy modes have large amplitude only at particular
g-points. Figure C.2 shows these peaks across the Brillouin zone in detail. In contrast,

when plotting the spectral density in figure 4.4, it becomes clear that the highlighted peak

61



is nearly as impactful as the broad low-energy peak. This is confirmed in figure 4.3c where

2

2 de a6 1600 cm™!. In other words, the low energy modes

there is a large jump in total o
are much more sensitive to their position in the Brillouin zone than the highlighted mode.

Figure C.1 shows the difference between the modes computed across the Brillouin zone
and at a single q point for BTBT. While the characters of the two plots are somewhat
similar, the single g-point plot misses many of the details in the full Brillouin plot. This
fact, along with the information presented in figures 4.3 and 4.4 make it clear that analyz-
ing phonon modes only at the gamma point will give an incomplete and likely incorrect
picture of which modes limit p. For this reason, it is necessary to practice caution when
using this type of analysis technique and always compute phonon modes across the entire
Brillouin zone.

Figure 4.5 shows a mode-specific analysis (02,,,.) of the featured mode in BTBT
(A), c8-BTBT (B), and ditBu-BTBT (C). As in figure 4.2, we show V.J and @ for each
molecule. The mode’s amplitude is largest in BTBT, as seen in the second column.
However, by dividing the amplitude by 15, as seen in the third column, it is clear that
this mode has the same motion in all three materials. The attachment of side chains has
reduced the degree of dynamic disorder for this mode by a factor of 15. Note that this is
one of the most important modes limiting charge transport, as evidenced by the intensity
in figure 4.4. We can learn several things from a comparative analysis of this mode. First,
it is not a long-axis mode, yet it strongly contributes to a reduction in p. Second, the side
chains dampened this motion by roughly a factor of 15. Third, 1600 cm~! is ;5kT, but
this mode contributes strongly to o2. The Boltzmann factor is considered in equation 3,
which implies that the higher energy peaks are important because of mixing with lower
energy phonons,[56, 57]. However, this has not been proven for organic samples.

A mode-by-mode analysis for any other mode that did not show identical motions at
identical energies would be exceedingly tricky and subject to various subjective choices.
This is because every other peak in figures 4.3 and 4.4 contains many different modes. This

peak was the only mode with the same motion in all three materials at similar energies.

For emphasis: studying the spectral density and looking at modes that form prominent
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Figure 4.5. Comparing O'?node between molecules: This is a visualization for how

the phonon mode below 1600 cm™1 is expressed in BTBT (A), ¢8-BTBT (B), and
ditBu-BTBT (C). The left of A, B, and C shows per atom vector representations of
VJ and Q. Their squared dot product is represented as a color map of 02, in the
center. On the right is a vector picture of the atomic displacements. The side chains
are greyed for ¢8-BTBT and ditBu-BTBT and the length of the vectors is divided by
15 for BTBT. Only a single molecule is presented because the vectors are identical for

each molecule in the pair.
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peaks is not a path toward new synthetic design rules. Even when using a spectral density
and phonons across the entire Brillouin zone, individual peaks rarely correspond to single
modes. Moreover, the spectral density can change dramatically depending on the width
of the Gaussian used. Comparisons like the one presented in figure 4.5 are complicated

to find if they exist at all-even for structurally similar molecules.

4.4.2 Atomic Analysis

Figure 4.6 shows a novel analysis of the per-atom contribution to the variance of the
transfer integral for the BTBT series of high p molecules.[48, 58, 59] The color scale
represents a quantitative comparison of how much each atom limits p. All three unique
molecular pairs are depicted and the numbers inset are the transfer integrals (J) of each
pair in units of em™!. There is an apparent similarity in the atoms that reduce p between
BTBT, ¢8-BTBT, and ditBu-BTBT. The atoms which contribute most are carbon atoms
that form an unbroken diagonal across the BTBT segment. As expected from figure 4.3,
there is a substantial reduction in the magnitude of the contribution across these diagonals
for ¢c8-BTBT and ditBu-BTBT compared to BTBT, consistent with the higher 1 in the
side chain substituted molecules.

The traditional explanation for how ¢8-BTBT and ditBu-BTBT perform better is
that they damp out a “long-axis” phonon mode represented in motion of the whole core
vertically.[9, 58, 60, 61] The analysis presented here paints a more complex picture. If
a long-axis mode—-or many long-axis modes—were most impactful, the most significant
atoms would form a line along the long axis. However, because we do not see this, we
can conclude that it is a combination of modes that move the backbone in various ways
that limit u. The diagonal line of atoms across the center of the BTBT core suggests that
phonon modes that bend or twist the central core of the multi-ring BTBT structure have
the largest effect on reducing u. Attaching side chains along the long axis improves p by
reducing the magnitude of core atom molecular motion both in and out of the plane.

diTMS-BTBT does not follow this trend because adding Silicon to the side chains
significantly disrupts the crystal structure. BTBT, ¢8-BTBT, and ditBu-BTBT are mon-

oclinic, while diTMS-BTBT has a triclinic crystal structure, resulting in lower J for the
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third pair compared to the monoclinic BTBT’s. Thus, it is more difficult to compare
directly. One observation for diTMS-BTBT in the highly coupled directions is that only
one of the two molecules has atoms with high 2. Also, the high ¢? atoms on the BTBT
core are separated by two carbons with very low o2. The similarity remains, however, that
atoms toward the center of the BTBT unit are still the most important for the reduction
of p, and there is no indication that a long axis motion dominates the dynamic disorder.

Figure 4.7 shows the visualization of the per-atom contribution to the variance of
the transfer integral for the -acenes. In the transition from anthracene to tetracene and
pentacene, similar atoms are the most intense—those that form a line along the long axis
on the side with the nearest molecular neighbor. The intensities significantly reduce as the
-acene increases in length. This aligned intensity indicates that long-axis motions play a
role in reducing p in this series, but the full story is more complex. Increasing the length
of the -acene increases the molecule’s mass and thus reduces all types of dynamic disorder.
Simultaneously, increasing the -acene length increases its conjugated area, which increases
the nearest neighbor coupling. It appears that increasing the backbone length to hexacene
or heptacene would increase nearest neighbor coupling while reducing dynamic disorder.
However, as has been shown, increasing the length also reduces the solubility leading to
smaller domains and also reduces the stability due to Diels-Alder reactions with nearest
neighbors.[62-64]

Comparing unsubstituted acenes with rubrene is less straightforward. The addition
of the side chains radically changes the crystal structure. The change in crystal structure
dramatically increases the transfer integral in the c-pair direction. However, the crys-
tal structure and change in coupling alone do not explain the improved performance of
rubrene. The dynamic disorder analysis shown here also reveals that rubrene has a re-
markably low variance in every molecular pair, especially when compared to the transfer

integral.

4.4.3 Dynamic Disorder Design Rules

2

T ode reveals unprecedented information that can

2
and o,

The detailed analysis of o

explain why a particular molecule with a particular crystalline motif has either higher
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or lower p. This glut of information cannot be directly translated into simple synthetic
design rules for new and improved organic semiconductors. However, we can articulate a
series of lessons learned regarding accurate simulation and depiction of dynamic disorder
and extract some hints to improve synthetic design.

Before addressing accurate simulation and visualization of dynamic disorder, it is first
necessary to simulate all phonon modes. Using only gamma point modes will misrepre-
sent and undercount the phonon contribution to dynamic disorder. It is also necessary
to consider the entire energy spectrum of modes even far above kT because, at room
temperature, the low energy modes can couple to higher energy modes, as was shown for
the BTBT series. It is more accurate to depict the phonon mode spectrum or variance
spectrum with some broadening because high amplitude, low energy modes are often only
relevant at a single g-point. In contrast, higher energy modes could have lower amplitude
but be relevant at all g-points. Finally, focusing on specific modes in specific molecules is
seductive since the mode analysis points out which dynamic modes most reduce p. How-
ever, this approach is doomed to fail because (1) it draws attention to particular modes
that are not universally represented, (2) simulations that are not validated to data may
be incorrect, and (3) just identifying the problem does not suggest a logical solution.

A more rational approach to improving p through molecular design is to focus on a
combination of increasing J coupling while simultaneously reducing total o2. The atom-
specific analysis of transfer integral variance enables a comparison of how specific atomic
structure and crystal motif changes can reduce atomic and summed (molecular) variance.
However, a single analysis does not provide a guide for how changes in molecular design

affect o2

com- Instead, it is necessary to compare several structures and then extract

design hints from the comparison. For example, looking at the BTBT series, adding a
side chain has the same effect between ¢8-BTBT and ditBu-BTBT. This suggests that
further altering symmetric side chains in this position to create the same crystal structure
is a waste of time. Another comparative observation from the BTBT series comes from
diTMS-BTBT. This side chain caused this molecule to have a split between the high
variance atoms on the BTBT. Although the transfer integral (J) was lower for diTMS-
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BTBT, the p is still high because the center of the BTBT core had little o2 Perhaps

atom
a design motif could be to design new structures that split the high o2, = to different
ends of the conjugated core. The acene series shows that more extended conjugated cores
increase J while reducing o2, which was already known. Rubrene and tips-pentacene
suggest that solubility groups perpendicular to the long axis lock in high J with low o2
Again, this design theme was discovered empirically, and the analysis shown here only
confirms what is known. Nevertheless, the computational tools presented here, DCS-flow

combined with ElIPh, enable a facile visualization and systematic approach to phonon

engineering in organic semiconductors.

4.5 Conclusions

It is well known that dynamic disorder limits g in organic semiconductors. More pre-
cisely, p is increased by more electronic coupling between neighboring molecules and
reduced by the variance of the transfer integral. We present here a new workflow, EIPh,
designed to simulate and visualize the electron-phonon coupling for molecular crystals.
EIPh combines several disparate, non-standardized processes into a standardized, repro-
ducible simulation that can be used with various calculators. Using EIPh along with
previously developed DCS-Flow, which accurately simulates the phonon modes, we com-
pute the electron-phonon coupling and variance of this coupling for BTBT, ¢8-BTBT,
ditBu-BTBT, diTMS-BTBT, anthracene, tetracene, pentacene, and rubrene. The vari-
ance cannot be quantitatively compared between molecular crystals since each structure
has a different number of atoms. EIPh provides a means to visualize and compare the
effect of coupling variance between molecules by visualizing the energetic spectrum of
variance (the mode analysis) and the contribution of each atom in a molecular crystal
(the atom analysis).

Using the two series of materials —acenes and BTBTs~ this article analyzes how a
mode analysis or an atom analysis of the variance can explain the observed p. From
these analyses, we gain deep insight into the difficulties of accurately computing variance,

lessons that can be learned from a mode analysis, and insights gained from an atomic
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analysis. Accurately calculating the phonon modes requires computations at multiple
g-points throughout the entire Brillouin zone. A spectral density of transfer integral
variance is a more meaningful way to display the effect of dynamic disorder because it more
accurately weights the contributions from modes present in multiple g-points compared
to gamma point modes. In addition, simulation through the entire energy range and
validation to measured data significantly improve the quality of these calculations.

Accurate mode-wise analysis of the transfer integral variance provides insight into the
energy distribution over which dynamic disorder reduces pu. However, this analysis is
unable to tie this distribution to molecular design choices because it is nearly impossible
to compare modes between different molecules. For example, BTBT contains 18424 mode
samples while c8-BTBT contains 55272 mode samples at the 8 x 8 X 8 mesh sampling
used here. Moreover, this technique cannot help discover design rules because it does not
tie the intensity of each peak to anything other than energy.

An atomic mapping of the variance of the transfer integral enables a quantitative
comparison between different molecular structures. By comparing similar molecular crys-
tals, differences in the contribution to the variance of the transfer integral can be used
to make logical decisions about new synthetic design rules. In the case of the BTBTsSs,
the addition of side chains dampened contributions to the transfer integral. However,
there is still room for significant improvements. The diagonal band of high-impact atoms
in figure 4.6 is still present in ¢8-BTBT and ditBu-BTBT. This diagonal band indicates
that these side chains helped dampen all of the modes but had did not dampen them out
completely. Some of the most important modes are likely a combination of short-axis or
twisting modes. Thus, a wider backbone or perpendicular side chains would likely help
reduce disorder. Indeed, in the case of rubrene, the presence of side chains in multiple
directions was a successful strategy to dampen out many potentially problematic modes
by locking the backbone in place.

We believe that an iterative approach in which synthetic chemists work in concert
with computational experts will uncover more design rules and allow for improved per-

formance from small-molecule OSCs. The combination of EIPh and DCS-Flow allows
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anyone to perform the analysis presented in figures 4.6 and 4.7. Moreover, these tools
can re-examine existing materials and explain why specific improvements are seen or not.
Several tools exist which predict crystal structures from chemical formulas. These allow
researchers to compute the properties of materials without actually producing the ma-
terials. Combining the tools and analysis presented here with structure prediction tools
will enable the development of synthetic design rules for materials not yet synthesized.
The tools presented here will save considerable time and material costs associated with
developing new materials experimentally and will enable the comparison of simulations

between groups that can be quantitatively compared using the same workflow.
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Chapter 5

Unpublished Work

5.1 Preamble

This chapter details work which was either unfinished or unpublished. First, I'll explain
software I wrote to help clean and analyze atomic force microscopy (AFM) images. Then,
I'll share some simulations of TTF-TCNQ which was ultimately unpublishable. Finally,
I’ll detail how I built DCS Discover, our open-source database of measured and predicted

INS specta.

5.2 AFM Software

One of my first projects after joining the group was to write some software to improve
AFM images. One of the main issues with raw AFM images is that they can have a
systematic, semi-parabolic curve across the whole image. This makes surfaces that are
mostly flat appear curved. Another common issue was that there would be large step
discontinuities which were an artifact of the AFM and not a real signal. Finally, when
taking AFM images of older samples, there is often dust on the sample which makes it
difficult to see the underlying structure. Each of these issues was solved with a series of
MatLab plugins.

Figure 5.1 demonstrates how the software is able to flatten the image and remove step
discontinuities. The first step is to identify where the discontinuities are. This can be

done with the aid of manual input or automatically. In my testing, it was always better
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Figure 5.1. Before and after removing steps and flattening. The film is a P3HT film
which has been doped through a shadow mask. Then the mask is removed and the
film is submerged in solvent to dissolve the non-doped portions, resulting in bumps.
This data is also presented in a publication by Jun Li et al.[1] The left shows the raw
data from the AFM and the right shows the image after flattening and removing steps

with some degree of manual input. I wrote a GUI that made it possible to just click where
the discontinuity was found. Then, an average per line near where the user indicated was
computed. By comparing the averages between lines, it was possible to identify where the
jump took place. Then the entire image following the jump was shifted by the difference
in averages. This could be repeated until all of the jumps were removed.

Next, the image needed to be flattened. This had been done in the past by fitting
a parabola to the spectrum. The challenge here is that the AFM image now contained
features. Attempting to fit the entire spectrum to a parabola would distort the features.
Instead, it was better to choose a featureless line and impose a uniform rolling average.
In other words, the average for each line in the x direction would be computed. Then
each line would be shifted until the average remained the same. This could not be done
along the entire line, however, as the features would again interfere. Thus, manual input
was required to identify a region along which there were no features. This process was
repeated for the y direction. The right side of figure 5.1 shows the image on the left after
removing steps and flattening. The image is also shifted so that the bottom (z-axis) is at

Onm. The software is available as matlab add-ons. It is available at [2].

78



Atom Number
B 0 7 C= i

8\
P
o
- T —————
/
@';12\
13
@ 14\ o) ,
@- 15 200 400 600 €00 1000 1200

Energy (cm)

Intensity (AU)

Figure 5.2. The atom-wise contribution to the INS spectrum of ¢8-BTBT. A shows
the atomic structure of ¢c8-BTBT. B shows the atom labels for half of ¢8-BTBT. C
shows the contribution to the INS spectrum for each atom as numbered in B.

5.3 Isolating atomic contributions to INS spectra

I developed a method for isolating the contributions of individual atoms to an INS spec-
trum. After validating a computed INS spectrum by comparing it to an experimental
spectrum, it is possible to decompose the individual contributions of the atoms to the
complete spectrum. This is done with the help of oclimax.[3] Oclimax uses a .oclimax
file to compute the INS spectrum. This file contains all of the information about the
phonon modes along with the locations and cross-sections of each atom. The neutron
cross-section is a measure of how much an atom interacts with neutrons. By setting this
neutron cross-section to 0, we can make this atom’s contribution to the INS spectrum
disappear without changing anything about the phonon modes.

Figure 5.2 shows the contribution of each atom to the INS spectrum for ¢c8-BTBT. The
atoms are labeled in part B and the corresponding spectra are shown in part C. There
are several notable pieces of information that are visible using this type of analysis. For
instance, there is a double peak just below 200 that appears in atoms 8-15. This double
peak must be related to some collection of modes involving the carbons on the side chain.

Moreover, as the atom gets farther from the backbone, those peaks shift systematically
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in energy. This type of analysis can also be used to group atoms and see the contribution
from just the backbone, for instance. The main limitation of this analysis is that for large
molecules, the amount of data is overwhelming. Thus, it is likely better to only perform
atom-by-atom analysis on smaller molecules and use groups of atoms for anything larger.

The code for performing this analysis is available at [4].

5.4 Comparing INS spectra

In many instances, it is helpful to compare two INS spectra. Standard comparison tech-
niques such as subtracting spectra is unhelpful because small shifts in energy cause massive
differences. Thus, an analysis technique which can account for small shifts in energy is
necessary. I used Fréchet distance in my method comparison paper because it addresses
this issue [5]. However, it requires arrays of equal length. This means it cannot be used to
compare experimental spectra, which have an unequal distribution of points with energy,
to a simulated spectra, which have evenly-distributed points with energy. Thus, a new
technique was required.

The first step toward comparing similar molecules is to map the more data-dense
spectrum onto the less data-dense spectrum. When comparing experimental data to
simulated data, this requires mapping the experimental spectrum onto the simulated
energies. This mapping is done by finding the closest experimental point in energy to a
point in the simulated spectrum. This process is repeated for every point in the simulated
spectrum. Now, the intensity arrays are of equal length.

The next step is to choose an analysis that can account for shifts in energy. The
Fréchet distance can again be used, and my testing reveals it works quite well. This test-
ing involved comparing every curve matching analysis I could find. Both Fréchet distance
and correlation give results which match intuition and can be performed in a reasonable
amount of time. Another technique is to compute the correlation coeflicient. The correla-
tion coefficient is used in a variety of applications including in investment analysis, which
is where I found inspiration. In investment analysis, the correlation coefficient explains

to which degree two stocks follow the same trends. The correlation coefficient is defined
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in section B.0.1. T created a small library for computing correlation between two INS
spectra. It also has some tools for easily reading and plotting both experimental and

computed INS spectra [6].

5.5 TTF-TCNQ

S

N N

Figure 5.3. The chemical structure of TTF-TCNQ.TCNQ is the left molecule and
TTF is on the right. Together, they form the salt TTF-TCNQ

TTF-TCNQ is a charge transfer salt made up of two small molecules, TTF and TCNQ.
Figure 5.3 shows the chemical structure of TTF-TCNQ. At 54K and 38K, it undergoes two
electronic spin coupling transitions in which the electronic transport properties change
wildly. It is theorized that a subtle structural transition takes place at these two temper-
atures as well. The structural change is that neighboring molecules ”pair” up, making
the energetic landscape more difficult for charge transport. We hoped that by using INS,
we could spot some differences between the phonon modes at different temperatures and
correlate this to structural changes. Figure 5.4 shows experimental INS spectra for TTF-
TCNQ at 5K, 38K, and 75K. We also collected INS data for TTF and TCNQ alone.
There are slight differences between the spectra, but they are subtle.

We performed several computations of the INS spectrum to try and explain the subtle
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Figure 5.4. Experimental INS of TTF-TCNQ. Data was taken at 5 Kelvin, 38 Kelvin,

and 75 Kelvin.
differences between the spectra. Figure 5.5 shows the predicted spectra computed at
the gamma point or throughout the full Brillouin zone at 0K, 5K, 38K, and 75K. Once
again, there are subtle differences due to the Debeye-Waller factor, which accounts for
the effect of temperature on neutron scattering. The differences are subtle, except for the
low-energy region where the gamma point simulation is significantly different than the
full Brillouin zone calculations.

We experimented with other starting configurations for TTF-TCNQ and larger box
sizes but ultimately concluded that we were unable to identify the causes of the extremely
subtle differences between the spectra at different temperatures. We later applied this
same strategy to MOF's and were successful because the differences between spectra were
more prominent. This will always be an issue with this project. It is impossible to know
whether the experiment will reveal a difference in the dynamics before taking the data.

We also tried to find connections between the INS spectrum for TTF-TCNQ and the
spectra for TTF and TCNQ individually. We did this by computing INS spectra for a
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Figure 5.5. Simulated spectra of TTF-TCNQ at the gamma point throughout the full
Brillouin zone at 0K, 5K, 38K, and 75K.

variety of structures of TTF and TCNQ. We also computed INS spectra for TTF and
TCNQ in the same arrangement that they are in when part of TTF-TCNQ. This also
failed to reveal anything substantial.

Since we had the data anyway, we also performed a transfer learning study on TTF-
TCNQ and TCNQ. In this study, we wanted to see whether we could train ChIMES
on TCNQ and apply it to TTF-TCNQ. We also wanted to do the reverse: train on
TTF-TCNQ and apply it to TCNQ. Figure 5.6 shows the experimental INS spectrum
for TTF-TCNQ (blue) along with a number of computed spectra. DFT shows the best
agreement and DFTB shows a loss in accuracy. ChIMES is able to recover quite a bit of
accuracy for the model trained on TTF-TCNQ while the model trained on TCNQ shows
worse agreement.

Figure 5.7 shows the experimental INS spectrum for TCNQ (blue) along with a number
of computed spectra. DFT shows the best agreement with the experiment while DFTB
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Figure 5.6. Experimental INS spectrum (blue) of TTF-TCNQ along with INS spectra
computed using DFT (orange), DFTB (green), DFTB with ChIMES trained on TTF-
TCNQ (red), and DFTB with ChIMES trained on TCNQ (purple).
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Figure 5.7. Experimental INS spectrum (blue) of TCNQ along with INS spectra com-
puted using DFT (orange), DFTB (green), DFTB with ChIMES trained on TTF-
TCNQ (red), and DFTB with ChIMES trained on TTF-TCNQ (purple).
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Applied to TCNQ | Applied to TTF-TCNQ
Trained on TCNQ 0.198 0.144
Trained on TTF-TCNQ | 0.208 0.151

Table 5.1. Correlation coefficient between the experimental INS spectrum and the INS
spectrum computed using DFTB/ChIMES trained on both TCNQ and TTF-TCNQ.
A higher values corresponds to better agreement between spectra.

shows the worst agreement with the experiment. In both cases, ChIMES recovers some
of the accuracy of DFT, but the model trained with TTF-TCNQ appears slightly more
accurate than the model trained with TCNQ. This result is surprising because a model
trained on TCNQ alone would be expected to outperform a model trained on a different
molecule. However, the fact that training on a larger molecule improved performance
indicates that training a single model on many molecules might be a good strategy to
create more versatile models.

To confirm the qualitative results that TTF-TCNQ creates a better training set for
both molecules, we computed the correlation coefficient for all 4 spectra predicted using
DFTB/ChIMES. Table 5.1 shows the correlation coefficient for both TCNQ and TTF-
TCNQ trained using TCNQ and TTF-TCNQ. The model trained on TTF-TCNQ was
better at predicting an INS spectrum in both TCNQ and TTF-TCNQ. This agrees with
the qualitative assessment above. In conclusion, when designing a system for training, it

is better to train with a larger, more complex system than a smaller, less complex system.

5.6 INS spectra from MD trajectories

The most recent version of OCLIMAX makes it possible to compute an INS spectrum
from an MD trajectory [7]. Thomas Harrelson from the Moulé group also published a
method for computing an INS spectrum from an MD trajectory [8]. This method offers a
modest improvement over the OCLIMAX implementation because it is able to include the
Debeye-Waller factor and includes ¢ dependence. Both methods are ideal for amorphous
or semi-crystalline samples because it is possible to sample more configurations than the

finite displacement method. Moreover, it is possible to use barostats and thermostats to
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Figure 5.8. INS spectrum of amorphous rubrene. The experimental spectrum is shown
in blue. Orange shows an INS spectrum computed with DFTB and ChIMES trained
on rubrene with the finite displacement method. The orange line is from a perfectly
crystalline model. The green line is from an NVT DFT-MD trajectory with 25,000
steps at 500K

sample morphologies unavailable at 0K.

Figure 5.8 shows an INS spectrum computed from a DFT-MD trajectory (green) and
the finite displacement method with DFTB/ChIMES (orange) compared to an experimen-
tal INS spectrum of an amorphous sample. The spectrum from the DFT-MD trajectory
shows good agreement with the experimental spectrum. This demonstrates that this
technique can be useful for non-crystalline materials. It’s also worth noting that this par-
ticular sample seemed to have quite a bit of mid-range order which is why the crystalline
model also shows good agreement with the experiment.

A paper from Kubo et al., strain is induced on a small-molecule OSC [9]. This squeezes
the backbones of the molecules closer together, increasing orbital overlap and increasing
mobility. It is impossible to study a system under strain with the finite displacement
method because the molecule would return to it’s lowest-energy configuration after relax-

ing. Thus, the MD-based technique would be ideal for this type of sample.
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5.7 DCS Discover

In order to share our results more broadly, I created DCS discover [10]. DCS discover is
a mobile-first repository of our experimental and simulated INS spectra. The web app
allows users to learn about the project, interact with the data directly in their browser,
and download any of our data. I created the web app twice and learned a lot about these
types of projects in the process. I hope to share some lessons I learned to help others who
wish to create and deploy similar projects

The first time I built DCS discover, I used django for the backend and vanilla javascript
for the frontend. I chose django because I was experienced with python as possible and
wanted to do as much of the computation with python. I also chose a SQL database
because it was the database architecture I was most familiar with. I designed the app to
build a separate page for each molecule in the database and a main explore page which
had each of the molecules. T used vanilla javascript because I had no experience with
frontend libraries.

I developed the web app locally and everything worked well until it was time to
deploy. I deployed the app using google cloud app engine and hosted the SQL database
using google cloud SQL. After launching the app, it was extremely slow to load even the
explore page. Even though the app and sql server were both hosted in California, where
I was attempting to access the app from, page load times were nearly a minute in length.
Moreover, the SQL server cost $50 per month for an app I believed would have very few
monthly users. All of this was unacceptable in the end.

When I rebuilt the app, I had learned my lesson. While I was experienced with python,
I did not have the backend experience to reduce load times. Instead of django, I opted
for google firebase which is a backend-as-a-service. Firebase makes it possible to ship
an extremely responsive app without extensive technical experience deploying web apps.
I also switched from an SQL database to a no-SQL database. This was ideal because
no-SQL databases do not require a constantly-running server. Instead, data is just stored
in .json files and can be accessed on-demand. For apps which have a low number of users,

this is ideal for cost and efficiency.
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I also used the React web framework for the frontent. React has a steep learning curve,
but it makes it easy to build responsive apps. I also used a modal (a kind of popup) to
display the data for each material rather than a separate page. This meant I only had to
load the discover page once. Each time a new material was selected, I just updated that
part of the app rather than loading a whole new page.

Switching to firebase and React drastically lowered my page load times. It also lowered
the monthly cost to $0 because it fell under the firebase free tier for both storage and
hosting. In general, I learned it was better to use the best tools for the job rather than

the tools I was most familiar with.
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Appendix A

SI for Comparing the expense and
accuracy of methods to simulate

atomic vibrations in rubrene

A.1 DFT

For the DFT simulation, the VASP package was used with the opt-pbe functional, a
cutoff energy of 520 eV, and a k-point sampling of 2x2x2 across all calculations. A full
optimization was performed (lattice and atomic positions) with a maximum force criteria
of 0.02 eV/ A. In order to calculate the phonon modes, the finite displacement method

was used with a 1x1x1 supercell.

A.2 DFTB

For the DFTB simulation, we performed the calculations with the miol-1 Slater-Koster
parameters and a similar criteria of k-point sampling and optimization as the DFT sim-
ulation. Furthermore, using the same method of phonon calculation as before, we set a

2x2x2 supercell.

A.3 DFTB/ChIMES

The best DFTB/ChIMES simulation began with a full structure optimization. Next a

DFT-MD simulation was performed for the modeling step. VASP was with the same
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Figure A.1. CPU time for the three most accurate methods for a variety of box
sizes. The actual box sizes used were 1xlx1 for DFT and 2x2x2 for DFTB and
DFTB/ChIMES. The other values were estimated using the scaling law for each
method (N3). The values for DFTB with ChIMES include additional training. The
dashed red line represents the yearly allocation for our group (2 million NERSC hours)

conditions as before, but with the PBE functional. The MD simulation was performed
considering the canonical ensemble [NVT] with a trajectory integrated at 1000K with
a 0.20 fs time step and the Nosé-Hoover thermostat with periodic boundary conditions.
The DFT-MD simulation had in total a duration of 5 ps from which uniformly spaced
frames were extracted every 100 fs producing a training set of 50 configurations. The
ChIMES coefficients were fit to the training set for two body interactions up to the
8th order and three body interactions up to the 4th order. The remaining steps of the
workflow were performed using DFTB/ChIMES imposing the same set of parameters for
the optimization and phonon calculation as the non-corrected DFTB simulation.

Figure A.2 shows the effect of order of 2- and 3-body interactions on the predicted INS
spectrum. In this case, 8th- and 4th-order 2- and 3-body interactions showed a better fit
than 16th- and 8th-order interactions. This indicates that the larger order model may
have been overfit. In the region between 800 cm™!| and 1000cm ™!, the lower order model

correctly predicts three peaks while the larger order predicts four. In this study, 2-body
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Figure A.2. Comparison between two ChIMES parametrizations. The orange line was
produced from a ChIMES model which used up to 8th order 2-body interactions and up
to 4th order 3-body interactions. The green line was produced using a ChIMES model
with up to 16th order 2-body interactions and up to 8th order3-body interactions.

interaction orders were varied from 4th to 16th and 3-body interaction orders were varied

from 2nd to 8th. The 84 model was the most successful of all.

A.4 ML

ML was also employed to compute INS spectra. The atomistic machine learning package
(AMP) along with the atomic simulation environment(ASE) was used to train a neural net
to predict the forces and energies in Rubrene. The same training set used for forcebalance
was used for the ML method and the Gaussian descriptor was used. First, the effects of
neural net architecture were investigated. Figure A.3 shows the time required to train
each neural net so that the force root mean square error (RMSE) was 0.5 ¢V/A. The
8x8 neural net showed the fastest convergence, so it was then trained until the maximum
accuracy was achieved.

The effect of the width v in the Gaussian descriptor was also investigated. The width
was quartered, halved, doubled, and quadrupled to determine the best width. It was found
that a width twice as large as the default was able to achieve the highest convergence.

The force RMSE for the best result achieved is shown in figure A.4. The final RMSE was
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Figure A.4. The force RMSE of the ML, model compared to VASP. An 8x8 architecture
with a Gaussian descriptor in which 1 values were double the defaults.

0.34159 eV/ A. This model was used to produce the INS spectrum seen in the main paper.

A.5 MD

In a previous publication, a method for computing an INS spectrum from an MD tra-
jectory was described. This method was developed to be theoretically equivalent to the
finite displacement supercell method paired with OCLIMAX. This study extends that
discussion by examining the effect of forcefield fitting on predicted INS spectra.

The initial forcefield was taken from the automated topology builder (ATb). It was
based on a modified GROMOS 54A7 forcefield for gromacs. The .pdb file was also taken
from ATb. In order to transform the molecule in a vacuum into a periodic crystal, a
periodic .cif file from the Cambridge Crystallographic Data Centre was employed. ASE
was used to place the single molecule inside the crystal lattice. The single molecule was
then translated and rotated until it matched the lattice molecule as closely as possible.
This was repeated for each molecule in the unit cell. Once these positions were determined,
the molecules needed to be untwisted. The molecule as downloaded from ATb was twisted

around its backbone (Figure A.5a), but crystalline rubrene (Figure A.5b is not. Next, a
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Figure A.5. Atomic structures of rubrene. a shows the structure from the .pdb file. B
shows the structure from a .cif file and ¢ shows the final structure after transforming
a to look like b, creating a supercell, and performing a simulated annealing run.

4x2x1 supercell was made and simulated annealing was performed. The final structure is
shown in Figure A.5c.

After creating the supercell, the system was equilibrated to 10 Kelvin. Then an NVT
training MD simulation was performed in gromacs. The training run was 500ps and the

positions were extracted every 0.5ps which generated 1000 configurations. VASP was then

used to calculate the forces and energies at each configuration. Then forcebalance was
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Figure A.6. Effect of trained parameters on INS spectrum. L-J Only indicates that
only the Lennard-Jones parameters were trained and All Params means that every
coefficient in the forcefield was allowed to change (various k values along with o and e
in the main paper). A log scale is used because differences are subtle on a linear scale.

used to improve the forcefield. A number of different training sessions were performed in
which different parameters were allowed to change. Allowing all bonds, angles, dihedrals,
and Lennard-Jones parameters to change yielded a similar result as just allowing the
Lennard-Jones parameters to change (Figure A.6. Thus, a forcefield with only improved
Lennard-Jones parameters was used.

After the best forcefield was produced, the box effect of the box size was also in-
vestigated. Figure A.7 shows how the supercell size affected the final INS spectrum.
Supercells up to 4x16x8 were used to compute an INS spectrum. Larger supercells were
not investigated due to computational limitations. The results show that a larger simu-
lation size produces more accurate results and supercell size is important in these types
of simulations.

Finally, the velocity autocorrelation method was compared to the finite displacement
supercell method. Figure A.8 shows the INS spectra computed using each method. The
two spectra are largely similar with the primary difference in the low energy region. This

is likely because a small box size was required for the finite displacement method while a
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Figure A.7. Effect of the production run’s box size on the final INS spectrum. 1 4 2
MD means that a 1 x 4 x 2 supercell was used, 2 8 4 MD indicates that a 2 x 8 x 4
supercell was used, and 4 16 8 MD indicates that a 4 x 16 x 8 supercell was used. A log
scale is used for the x-axis because the majority of the differences are at low energies.

larger box was used for the velocity autocorrelation method.

A.6 Times

The CPU times required to produce the spectra shown in Figure 3 of the main article
are shown in Figure A.9. For MD and DFTB/ChIMES times including training and
without training are shown. This is because these methods should be transferrable to
other systems. The time without training is not shown for ML because it is not known
how well a neural net potential trained on one system would perform with a different
system. The color indicates the supercell size used to compute the spectra in Figure 3 of

the main article.
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Figure A.8. The INS spectrum computed using the finite displacement supercell
method (green) compared to the INS spectrum computed using the velocity auto-
correlation method (orange) and the experimental INS spectrum (blue).
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Figure A.9. The times and estimated COs emissions for each method. These times
correspond to the best spectrum produced by each method. These spectra are the ones
plotted in figure 3 of the main article. The supercell sizes used for each calculation
are indicated by color. For MD and DFTB/ChIMES, times are shown both with and

without training.
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Appendix B

SI for Elucidating Correlated Defects
in Metal Organic Frameworks Using
Theory-Guided Inelastic Neutron
Scattering Spectroscopy

B.0.1 Sample preparation

Synthesis of UiO-66 with Modulators. ZrCly (0.120 g, 0.515 mmol) and the modulators
(1.00 mL acetic acid (AA) or 1.18 mL trifluoroacetic acid (TFA)) were dissolved in 20
mL of DMF in an 8-dram vial using ultrasound for 5 min. The mol ratio of modulators
to Zr were both 30. 0.086 g of the linker precursor (benzene-1,4-dicarboxylic acid or a
functionalized BDC linker precursor) was then added to the solution and dissolved by
ultrasound for 15 min. The vials were kept under static conditions in a preheated oven
at 393 K for 24 h. MOF precipitates formed, and they were isolated by centrifugation
after cooling to room temperature. The solids were washed with DMF (30 mL) three
times in a day to remove unreacted precursors and with acetone (30 mL) six times in 2
days to remove DMF. Then, the powder was dried at room temperature and activated at

393 K under vacuum for 18 h prior to characterization.
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B.0.2 INS experiment details

The neutron vibrational spectra were collected at the VISION beam line (Spallation Neu-
tron Source, Oak Ridge National Laboratory). VISION is an inverted geometry spectrom-
eter with a resolution of 1-1.5% over the -2 | E | 1000 meV dynamic range. It measures
neutron incident energy with the time-of-flight method. The final neutron energy is fixed
and selected by Bragg reflection on a series of curved, pyrolytic graphite analyzers. The
samples were placed in cylindrical vanadium sample holders (8 mm diam. x 50 mm
height). The samples were inserted in a top-loading, closed-cycle refrigerator and cooled
to 5 K before data collection. It took approximately 2 hours to collect each spectrum.
An empty sample holder was also measured, and the corresponding signal was subtracted
from all the data sets to remove beam-related background associated with scattering from
aluminum windows, heat shield, vacuum shroud, and sample holder. Slits were used to

reduce the beam size to illuminate only the sample during the experiment.

B.0.3 INS simulation details

All the simulations were accomplished using the Vienna Ab initio Simulation Package
(VASP) with projector augmented-wave pseudo-potentials [1, 2] and the Perdew-Burke-
Ernzerhof (PBE) density functional [3] with DFT-D3 vdW corrections [4]. The atomic
positions and lattice parameters were optimized considering a energy cutoff of 520 meV
and force criteria of 0.01 eV/ A. In order to calculate the phonon modes, the supercell
displacement method was used with a simulation box of the same size as the original and
forces being calculated at the gamma point. Finally, oclimax [5] used the phonon modes

with a g-point sampling of 8 x 8 x 8 to calculate the INS spectrum.

B.0.4 INS comparison to optical spectroscopy methods

In a simple example, we demonstrate the advantages of INS over optical spectroscopy
methods with a organic electronic material (TIPS-PN) as the studied system. In Fig.
B.1, INS demonstrates a much wider energy spectrum compared to RAMAN and FTIR.
Furthermore, since INS can sample the complete Brillouin zone, it presents a much higher

density of peaks in the whole spectrum.
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Figure B.1. Spectra comparison between INS, RAMAN and FTIR for organic elec-
tronic material (TIPS-PN). The energy axis in the log scale demonstrates the much
broader energy range accomplished with INS, besides the much higher density of peaks
in the whole spectrum.

B.0.5 Combined simulation and experiment approach

The overall approach for fingerprinting defects in the UiO-66 MOF with theory-guided
Inelastic Neutron Scattering (INS) experiments is given in Fig. B.2. The flowchart shows
the iterative method of simulating INS of a structure taken from a library of possible de-
fect structures. Depending on the agreement with the experiment, another simulation can
be done with a different configuration of defects. The library of defects was constructed
considering possible connectivity defects (missing linkers and missing nodes) and/or pos-
sible chemical defects derived from the synthesis process (node ligands such as formates

and acetates).

B.0.6 FCU simulation

The detailed comparison between experimental INS from the UiO-66-AA sample and

simulation of the fcu model up to 5000 cm ™! is given in Fig. B.4

B.0.7 Correlation

In order to quantitatively characterize the degree to which each simulation agrees with

the experiment, a correlation-based analysis method was employed. An experimental INS
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Figure B.2. Flowchart summarizing overall approach to predict INS from a library of
candidate defect structures to be compared with the experimental measurements.
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Figure B.3. INS spectra up to 5000 cm~! for simulated fcu topology (orange) in
comparison to experiment modulated with CHs (blue).

spectrum from the VISION spectrometer contains a higher density of points in the low
energy and a lower density of points in the high energy. In contrast, a simulated spec-
trum contains equally spaced points across all energies. To account for this difference,
the experimental spectrum is down-sampled by finding the nearest experimental point in
energy to the regularly-spaced simulated spectrum. This process does not meaningfully
change the experimental spectrum. Next, the correlation is computed between each sim-
ulated spectrum and the experimental spectrum. Correlation is used because it captures
similarity in a way that accounts for peak shifts in energy and intensity unlike simple

subtraction. The correlation coefficient is defined by
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where 7 is the correlation coefficient, n is the number of points, I.,, are the intensities

of each experimental point, and I;, are the intensities of each simulated point.
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Figure B.4. Correlation between the INS experimental spectrum and the DFT simu-
lated spectra produced by each topology.

B.0.8 Analysis of the formate contribution to the INS spectra

Incoherent INS obeys the following scattering law, which is a response function of the

vibrational modes due to a transferred momentum from the neutron (Q) at a frequency

(w) [5]:

Sinet1 (Quw) =Y %d {b_i - (E)z} exp(—2Wq)
¢ . (B.2)
xm%fﬂL(m+§i§)Mw$%%

where wy is the frequency of the phonon mode s, ey, is the polarization vector, by, My, and
Wy are respectively the neutron scattering length, the atomic mass, and the Debye-Waller
factor. We call b_fl — (bq)? as the incoherent cross-section. Therefore, the INS is given by

the sum over all the atomic contributions.
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In order to determine the origin of the peaks around 250 cm~! and 1350 cm™! of Fig.
1 of the main text, we can isolate the formate contributions to INS from all the other
modes. This is possible by setting the atomic cross-section of the formate atoms to zero
(no formate contributions) when calculating the INS spectrum. This was done for the
beu (Fig. B.5), reo (Fig. B.6) and scu topologies (Fig. B.7). The figures show that the
mentioned peaks only appear when the contributions of formate groups are considered.
Furthermore, as we increase the number of formates going from becu and reo (4 formates

per node), to scu (4/8 formates/node) the peak intensities increase.

2.0 A .

2

k)

S 1.5 .

=

9 1.0 .

N

©

E

5 0.5 1 .

< pristine bcu
0.0 . .

200 400 600 800 1000 1200 1400 0 100 200

Energy (cm™1)

Figure B.5. INS spectrum comparison of the bcu MOF, where the defective sites
are capped by formates, with (dark green) and without (light green) formate groups
contributions.
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Figure B.6. INS spectrum comparison of the reo MOF, where the defective sites are
capped by formates, with (dark red) and without (light red) formate groups contribu-
tions.
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Figure B.7. INS spectrum comparison of the scu MOF, where the defective sites are
capped by formates, with (dark purple) and without (light purple) formate groups
contributions.

B.0.9 Mode analysis of peaks A, B, and C

The simulations of four different variations of the bcu defective topology present similar
peaks in the fingerprint region to peaks A, B, and C of the experiment. The atomic mo-
tions related to the double peak al and a2 in the bcu topology where all defective sites are
saturated with acetate groups is shown in Files bcu-4A_al.gif and bcu-4A_a2.gif. In this
case, each peak is related to the motions of one diagonal of defects. In Files bcu-2A2F _a.gif
and bcu-2A2F_b.gif, the atomic motions related to peaks a and b are presented for the
system that contains one diagonal of acetate groups and another with formate groups.
In this case, the motions of peak a are isolated motions of acetate groups, while peak b
is a combination of linkers and acetates groups in a ”breathing” motion. Finally, Files
beu-2A2F-2F2A_b1.gif, bcu-2A2F-2F2A_b2.gif and bcu-2A2F-2F2A _c.gif describe the vi-
brations in the system with a unit cell containing two clusters where each is passivated
with two different diagonals of acetates and formates groups. The doublet b (bl and
b2) is related to motions of neighbors acetates coupled to the framework. Furthermore,
the motions derived from peak c¢ involve all the acetates in the system coupled to the

framework.
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Appendix C

SI for Catching the Killer: Dynamic
Disorder Design Rules for Small

Molecule Organic Semiconductors

It is critical to compute the phonon modes across the entire Brillouin zone. Figure C.1
shows the variance of the transfer integral for BTBT both at a single ¢-point (red) and
using a mesh throughout the Brillouin zone (black). While the single g-point modes are
somewhat representative of the full mesh, it critically misses many features. For instance,
the single g-point modes do not show any large contributions to o2 below 25 cm™!, where
many of the largest peaks lie in the full mesh. Conceptually, analyzing only a single g-
point distorts how important each particular mode appears. At a different g-point, that
mode may contribute signifcantly more or less to 2.

A spectral density type of mode analysis is more representative. Comparing the peaks
in figure 4.3, it would appear that the low-energy modes are much more important than
the high-energy modes. However, in figure 4.4, they appear to have similar importance.

This is further explained in figure C.2. Here the same figure is zoomed into just a 2 cm™!

1 At this level of zoom, it is

range for the largest peak and the peak around 1600 cm™
clear that although the low energy peaks are larger, the density of peaks is much larger
for the 1600 cm™!, but the higher energy peak is much denser. This indicates that the

higher energy peak is more stable in energy across the Brillouin zone and that it has a
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Figure C.1. The mode-wise variance of the transfer integral using a mesh over the full
brillouin zone (Black) and at a single g-point (red) for BTBT.
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Figure C.2. A version of figure 4.3a zoomed in on the largest peak in the low energy
and the peak around 1600 cm~! for BTBT.

moderate impact across that zone. In contrast, the low energy peak varies in energy and
intensity across the Brillouin zone. This further reinforces the importance of exploring

the full Brillouin zone rather than just the gamma point.
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