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Abstract

Automation and Autonomous Experimentation for Sol-Gel Nanomaterial Synthesis

Brenden Pelkie

Chair of the Supervisory Committee:

Lilo D. Pozzo

Department of Chemical Engineering

The nexus of laboratory automation and machine learning enables a new paradigm of autonomous
experimental materials research. Autonomous experimentation integrates highly automated
materials synthesis and characterization experiments with machine-learning guided experimental
design strategies to adaptively execute experiments that advance specific research goals. These
systems have the potential to accelerate materials development timelines compared to traditional
manual processes by efficiently targeting experimental efforts. Sol-gel processes are used to
synthesize a diverse array of metal oxide nanomaterials for many applications. In particular,

mesoporous colloidal silicas are promising materials for use as catalysis support matrices,



chromatographic separation media, and drug delivery systems. Achieving retrosynthetic control
over particle morphologies is critical for advancing use in these applications. In this work,
automated and autonomous systems for the synthesis and optimization of colloidal silicas are
developed. An open-source platform for flexible laboratory automation is developed to enable
democratized access to autonomous experimentation. A system for the fully automated synthesis
and characterization of colloidal mesoporous silicas is developed which integrates the open-
hardware automation platform to perform automated sol-gel synthesis with synchrotron and
laboratory X-ray scattering instruments for characterization. Synthesis campaigns executed with
this system have produced colloidal silicas with a range of particle morphologies and mesopore
phase structures. Finally, progress towards integrating a Bayesian optimization based experimental
design strategy to optimize the morphology of silica nanoparticles is discussed. This work
represents an important step towards accelerating the development of sol-gel materials with

autonomous experimentation.
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1 Introduction

Advanced new materials and chemicals are needed as part of a multi-faceted approach to adapt to
and mitigate climate change and other emerging threats'. Autonomous experimentation is a
powerful tool for accelerating the development of these materials. This research paradigm
integrates automated laboratory experiment execution with data-driven experimental planning
approaches to create systems that iteratively and autonomously optimize material synthesis
procedures to achieve target properties’. These systems are especially effective at addressing
optimization flavored problems that involve navigating complex experimental parameter spaces
to optimize for properties of interest or understand how synthesis parameters impact property

outcomes.

Autonomous experimentation builds from effective automated experimentation
workflows, which use robotics and other mechanical automation hardware to perform laboratory
processes that would traditionally be done manually by a researcher. Successfully implementing
an automated experiment can be a challenging and complex undertaking’. It requires acquiring the
capabilities to perform all the main steps in an experimental procedure with automation equipment,
either by purchasing off-the-shelf hardware, building existing open-source solutions, or
developing new systems entirely from scratch. These capabilities then need to be integrated to
form a coherent sample synthesis and characterization workflow. Implemented workflows need to
be validated, and potentially improved, to ensure that they perform the synthesis they are designed
for repeatably and reliably. Implementing an automated experiment adds significant complexity
and effort compared to simply running a few rounds of the experiment by hand. However, it can
provide major benefits including improved reproducibility, reduced experiment time, and higher
experimental throughput®. Stand-alone automated experimentation is a powerful tool for

1



advancing materials research that can be used to perform large-scale screenings of synthesis and
composition parameter spaces to identify promising candidates for particular applications and
provide experimental data to train machine learning predictors’. An effective automated
experiment implementation also enables extension to autonomous experimentation by integrating
data-driven experimental design approaches to actively adapt and select interesting experiments
that most effectively further a particular research goal®. The canonical version of autonomous
experimentation uses Bayesian optimization to select experimental parameter values that optimize
some target material property. This approach trains a machine learning model embedded in the
Bayesian optimization algorithm to learn how modifiable experiment parameters impact a property
of interest, then uses this predictor to select maximally useful experiments to run. This can focus
experiments on areas likely to perform well while minimizing experiments resulting in poorly
performing materials, thus accelerating optimization by reducing the total number of experiments
needed. Other implementations of autonomous experimentation can contribute to improving
fundamental understanding of the materials system, such as autonomous phase mapping’. Despite
the attention it has received recently, autonomous experimentation is not a panacea for all materials
research problems and limitations to the applicability of these systems exist. Fundamental
exploratory research may require flexibility that is not achievable with rigid automation
workflows. Some experimental processes require a degree of “human intuition’ that is not presently
replicable with automated systems. Current optimization-focused autonomous experiment
approaches are not well suited to generating new insights and knowledge about the systems that
they study. Despite these limitations, autonomous experimentation can play an important role in

developing new materials and chemicals.



Extending an automated experiment into an autonomous one adds an additional layer of
complexity. In addition to the execution of the experiment, an appropriate adaptive experimental
design strategy needs to be selected and implemented. Adequate data and metadata management
is needed to keep up with the high rate of experiments®. An orchestration infrastructure to integrate
these components and keep the experiment running reliably is also needed”!®. Of course, an
implementation of an autonomous experiment still needs to keep the original material or chemical
problem in sight and incorporate domain knowledge needed to enable an improvement in

performance. When it comes to autonomous experiments, it is truly turtles all the way down.

This dissertation presents contributions to several aspects of autonomous experimentation.
Early work to predict reaction rate constants for heterogeneous catalyzed reactions with machine
learning is presented in chapter 3. While not directly applicable to an autonomous experimentation
workflow, machine learning property prediction can play an important role in selecting promising
candidates for experimental study. Work on an alternative design space delineation approach using
data-driven engineering criteria is described in appendix 2. The need for effective data
management infrastructure to handle the increased data flux from automated experiments is
discussed in chapter 4. A major component of this work is the development of an open-source
flexible laboratory automation system known as Science-Jubilee. The development of tools,
software, and documentation for this platform is discussed in chapter 5. Following the
development of this lab automation tool, an automated experimentation platform was implemented
that incorporates Science-Jubilee as well as other open-source automation equipment to perform
sol-gel nanomaterial synthesis. The development of this platform and results from initial
campaigns are described in chapter 6. Finally, significant progress was made toward executing

autonomous optimization of sol-gel nanomaterials using the automated experiment platform



discussed in chapter 6. Results and insights from this development work are discussed in chapter

7.

A major theme throughout the work presented here is democratization of autonomous
experimentation. ‘Democratization’ describes efforts to make autonomous experimentation
broadly accessible to as many researchers as possible. Motivation for and action toward
democratization can be understood by exploring the question, ‘Who gets to do their science with
self-driving labs?’. A brief survey of the current state of the field suggests that automated
experimentation development is converging toward complex, expensive, task-specific
implementations' '3, These systems can involve hundreds of thousands of dollars of automation
equipment and require dedicated engineering staff to integrate and support. They take years to
develop and implement and are often dedicated to a single materials system at a time. This level
of infrastructure investment is out of reach for most researchers. Democratization efforts seek to
develop pathways to laboratory automation that reduce the time and financial investment needed
to get up and running with autonomous experimentation'*. This can be done by developing
accessible automation equipment like the Science-Jubilee platform, adapting existing commonly
used equipment for new uses, and openly sharing development efforts to lower the barrier to entry
for new lab automation practitioners. The work described here contributes to these efforts through
the development of the open-hardware, accessible Science-Jubilee platform, and by demonstrating
a successful automated experimentation campaign that uses this platform and other open-source
hardware components. Making autonomous experimentation accessible to as many researchers as
possible so that they are deployed widely to address a broad range of scientific questions will lead

to the largest possible gains from these systems.
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2 Methods and Background

2.1 Gaussian Process Regression

Gaussian process regression (GPR) is a non-parametric supervised machine learning method. Like
other supervised machine learning regression models, GPR models learn to predict the value of a
target variable for a given example of input variables by ‘training’ on several known examples of
input-output pairs. In contrast with many other regression models, GPRs can provide reasonable
predictive performance with relatively few training examples and provide an estimate of their
uncertainty about predictions'. These properties make Gaussian process regression an attractive
model method for machine learning problems related to computational and experimental materials
research, where data availability can be sparse’ and uncertainty estimates can be used to design
experimental campaigns®. In the GPR context, a process is the extension of the concept of a
probability distribution on a random variable to functions. A probability distribution describes

random variables that are scalars or vectors. Processes describe distributions on functions.

Prior Posterior

Figure 2.1: The left panel plots 5 functions drawn from a prior process defined by a radial basis function kernel.
The gray shading plots the mean of the prior +/- one standard deviation. The right panel shows functions
sampled from the posterior (colored curves) after the model has been fit to 3 points (red dots) observed from a
target function (black curve). The range encompassed by one standard deviation is small near observed values
but large away from them. Figure generation code inspired by reference 4.



Focusing on processes that are Gaussian results in tractable math. Figure 2.1 illustrates a somewhat
naive but descriptive explanation of how Gaussian process regression works*. Consider a modeling
problem with a 1-dimensional input x. Before any observations are made, no information on how
the target y depends on x is available. In defining a process with this information, we can make
minimal assumptions about the distribution, perhaps only assuming that the mean of the
distribution of functions is constant and zero. This results in the prior distribution, which in a
Bayesian formalism, describes assumptions about the problem without having seen any
information about it. Next, an experiment is run and three data points are collected. Fitting the
model to these data could be understood as the process of running through every function in the
(infinite) prior distribution and discarding any function that does not describe the observed data,
perhaps to within a noise tolerance. This results in a distribution of functions like the one illustrated
in the right panel of Figure 2.1. This posterior distribution can ‘confidently’ predict targets for
inputs near the observed data, but the spread of the distribution gets much larger for values of the
input that are far from observed data points. Calculating the mean and variance of this posterior
distribution at a location of interest provides a means of making a prediction of both the target
value and a measure of confidence in the predicted value. There are mathematical formulations for
GPR that directly solve for a posterior and are more efficient than the iterative process above!. All
supervised machine learning methods make an assumption that points which are ‘near’ each other
will have similar target values. In Gaussian process regression, a definition of ‘nearness’ is
critically important for obtaining reasonable results. A covariance function or kernel is used to
measure distance between points in the input or feature space. This covariance function determines
the properties of the functions in the prior and posterior, such as the characteristic length scale on

which they vary. Kernel selection is critically important to effective implementation of GPR and



selecting kernel function hyperparameters is a main task in model selection for GPR. It is common
to either use marginal likelihood optimization or cross validation to select model parameters.
Marginal likelihood can be calculated directly from the model and theoretically incorporates a
model fit vs. complexity tradeoff by definition, but cross validation can still be used to avoid

overfitting.

2.2 Bayesian Optimization

Globally optimizing black box functions that are expensive to evaluate is a challenging task.
Traditional gradient based optimization methods like gradient descent can’t be used when a
function’s gradient is not available. Expensive function evaluations make exhaustive search or
derivative approximation methods unfeasible. Materials researchers are often interested in finding
the set of synthesis and processing parameters that optimize the performance of a system of
interest. Often, the physics behind materials systems of interest is either not fully understood or
too complex to model theoretically, making the desired performance metric a black box function
of selected parameter values. Measuring an outcome of a set of parameter values requires running
an entire experiment, likely involving many synthesis and characterization steps. These
experiments are certainly expensive. Bayesian optimization is a global optimization technique that
is well suited to working with expensive, black box functions, so it has gained significant interest
for use in optimizing material properties*>¢. Bayesian optimization works well for problems that
can be formulated as a matter of maximizing or minimizing a measurable property over a finite
parameter space. In Bayesian optimization, a probabilistic model of the response of the variable to
be optimized to the values of variable parameters is developed using available information about
the system. An acquisition function or utility function that evaluates the utility of evaluating

potential points in the parameter space is then optimized using the understanding of the system



encoded in the probabilistic model. Traditional optimization is performed on this acquisition
function, which is cheaper to evaluate as it only requires calls to the probabilistic model, not the
main black box function of interest. The most optimal point selected from the acquisition function
is then evaluated with the main function of interest. The probabilistic model is updated with the
new result, and the acquisition process is repeated’. This process is ‘Bayesian’ in the sense that it
incorporates available information about the system and updates with new information as it
becomes available. This method requires a probabilistic model that can provide both predictions
of the value of the target function at a point in the parameter space, as well as an estimate of the
uncertainty in making that prediction. The model also must provide useful predictions in a low
data regime. Gaussian process regression fits both requirements. There is an inherent explore vs.
exploit tradeoff in Bayesian optimization. At each experiment, the decision-making algorithm
must consider ‘exploring’ areas of parameter space that have not been sampled yet, or ‘exploiting’
existing information about the best parameter values discovered so far. Researchers can tune this
tradeoff during their selection of an acquisition function for the problem. Three acquisition
functions are commonly used. Each assigns a utility to any point in the parameter space by
considering the model’s prediction about the outcome of an experiment at that point along with
the uncertainty associated with that prediction. Each also contains a parameter that allows for the
balance between exploration and exploitation to be tuned. Probability of improvement assigns the
highest utility to the point most likely to improve on the current ‘best’ point. This acquisition
function only considers the probability of improving, and not the expected magnitude of the
improvement. Expected improvement considers the magnitude of the predicted improvement over
the current best point. Upper confidence bound is another formulation that considers both the

predicted function value as well as the uncertainty. In all 3 acquisition functions, it is possible for

10



a point with very high uncertainty to have a high utility, even if the predicted value at that point is

low.

2.3 Autonomous Experimentation

Autonomous experimentation combines active experimental design strategies like Bayesian
optimization with automated experiment execution to independently achieve defined research
objectives®. These systems are most commonly used to optimize a material property of interest
over a prescribed experimental parameter space. Autonomous experimentation is also often
referred to as closed-loop optimization because executed experiments feed back into the
experiment selection process. Figure 2.2 illustrates the standard ‘closed-loop’ autonomous
experimentation workflow for material optimization. First, an initial batch of pre-selected samples
are synthesized and characterized to seed the Bayesian optimization algorithm. After these initial
samples are finished, they are used to fit a GPR model. A Bayesian optimization acquisition
function is then optimized over this model to select the next highest-utility sample(s) to measure.
This sample is synthesized and characterized using the automated experiment workflow. The
results of this experiment are used to update the GPR model, which is then used to again select the
next best experiment. This process is iterated until a convergence criterion is satisfied or the

experiment budget is exhausted.

This process requires several components to be useful and effective. A clearly defined,
quantitative, measurable target property to optimize is needed. Multiple target properties can also
be addressed through multi-objective optimization approaches. Characterization techniques that
either directly provide or whose results can easily be processed into scalar values are well suited
for autonomous experimentation. Techniques that require extensive human analysis, such as
small-angle scattering or imaging methods, are harder to integrate into autonomous

11



experimentation loops. A well-defined parameter space over which to optimize is needed. This
parameter space is generally selected through existing knowledge of the material system and initial
experiments. An automated experiment execution workflow is generally considered to be
necessary for autonomous experimentation. Fully automated experiments can provide greater
reproducibility and reliability compared to manual experiments, may have higher experiment
throughput, and free researchers to focus on other tasks. However, fully automating many
experiments is challenging. Many simple, everyday tasks done in lab such as uncapping bottles,
measuring solid powders, or opening doors can be devilishly difficult and expensive to reliably
automate. The recent conversations around human-in-the-loop automated experiments tend to

acknowledge that autonomous experimentation may have more impact in terms of research gains

Figure 2.2: Autonomous experimentation platforms combine the algorithmic decision making of Bayesian
optimization with automated experiment execution. An optimization campaign starts with some initial data
which allows an initial model of the experimental system to be fit. A decision-making algorithm picks the
most valuable point to test next and dispatches the experiment to an automated experimentation workflow.
The model is updated with results from the experiment and the cycle repeats.
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for effort expended if some human execution is still used for difficult to automate experiment

stepsg.

While they can be powerful tools, autonomous experimentation platforms are not
appropriate for all research objectives. Many forms of exploratory research that involve creative
development of new synthesis processes, application of new methods, fundamental studies of
novel materials, or other novel cutting-edge science doesn’t fit well into the autonomous
experimentation framework, at least as it is developed and discussed in its current form. Perhaps
there will come a time in the future when flexible automation coupled with automated reasoning
systems that understand physics and chemistry will play an important role in exploratory research.
However, for the time being, autonomous experimentation is most effective when applied to
reasonably well understood materials systems that need extensive tweaking and optimization to

get from lab bench concept to real world solution.

Autonomous experimentation platforms have been successfully applied to many materials
systems. In perhaps the first demonstration of an autonomous experimentation platform, a platform
was developed to optimize the growth rates of carbon nanotubes!®. In this experiment, an
autonomous experimental planner learned to control the growth rate of carbon nanotubes in a
chemical vapor deposition process by varying temperature, pressure, and partial pressures of
reactants. Autonomous experimentation platforms have also been developed to optimize organic
electronic materials synthesized from Suzuki-Miyaura cross coupling reactions'!, photostability of
organic photovoltaic materials'?, and bandgap engineering of lead-halide perovskite quantum
dots®. With regards to nanoparticle synthesis, autonomous experimentation platforms have been
developed by multiple groups to optimize spectral properties of gold and silver nanoparticles!* !>,

An automated experimentation platform has been developed for synthesizing nanomaterials,
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including the solid spherical and mesoporous silica nanoparticles synthesized in this work'®. The
high level of discussion surrounding autonomous experimentation in terms of perspectives,

17-20

infrastructure development work, and funding suggests that these systems will see wide

adoption across materials research in the coming years.

2.4 Small-angle X-ray Scattering

Small-angle X-ray scattering (SAXS) is a material characterization method that provides
information on length scales ranging from 1 to 20,000 nm. SAXS provides a spatially and
orientationally averaged description of structures present in a sample. small-angle scattering uses
the interaction of radiation with matter to describe structure and dynamics. In addition to X-rays,
neutrons and visible light are used as radiation sources for scattering. A standard pinhole SAXS
experimental setup is illustrated in Figure 2.3. A monochromated, collimated beam of X-ray

radiation is placed on a prepared sample. Most of the incident radiation is transmitted directly

b)

I(q)

q[A1]

Figure 2.3: a) Typical setup for a SAXS experiment. An X-ray beam is generated from a source with some
bandwidth and radial dispersity. This beam is collimated and monochromated before arriving at the sample. The
scattered X-ray intensity is detected at a distance L from the sample by a detector. Additional collimation after the
monochromator is omitted for clarity. B) Data collected by a 2D detector is reduced to a 1D scattering curve.
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through the sample, but a small amount is scattered. A 2-dimensional detector is placed a known
distance away from the sample. Intensity at the detector is measured as a function of position,
giving a 2D scattering profile. For an isotropic sample, this profile has angular symmetry. This
profile is azimuthally averaged to produce a 1D scattering curve. Positional variation in the

scattering profile is converted to momentum transfer (between the radiation and the scatterer) by
the relation g = |q | = 477[ sin g. Alternative instrument geometries include Bonse-Hart instruments

such as the USAXS instrument discussed in chapter 6, which replace the 2-dimensional detector

with an analyzer crystal and a pin diode intensity detector?!.

The reduced 1D scattering curve is generally plotted on log-log axes as measured intensity
vs momentum (q). q roughly correlates to an inverse length scale. Features with large length scales
appear in scattering curves at low q values, and features with small length scales appear at high q.
The range of q values measured depends on the distance from the sample to the detector and can
be adjusted by moving the position of the detector. SAXS measures the amplitude of the Fourier
transform of the spatial autocorrelation function of scattering density in a sample. The general

scattering equation is shown in Equation 2.1.

(@)= [, y@r)e 7 dr (2.1)
Here, y () is the spatial correlation function of scattering length density in the sample. This is an
inherently lossy measurement as the phase component of the Fourier transform cannot be
measured. This component contains most of the information’?. Given this, scattering is an
incomplete description of the structure of a sample, and SAXS scattering profiles are non-unique,
meaning multiple physical structures can have the same measured profile. Interpretation of SAXS

data requires a-priori information or assumptions about this system. With this information,
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appropriate physical models can be selected and fit to the scattering profiles, providing quantitative
results about the sample. Given this, SAXS measurements are commonly combined with

complementary local imaging techniques like scanning or transmission electron microscopy.

Many models and simplifying assumptions are used in analyzing SAXS data. Because the
Fourier transform is a linear operation, it is possible in some cases to separate the scattering
contributions from the particles in a system from the scattering contributions of the arrangement
of particles in a system. In these cases, the particle scattering is described by a quantity known as
a form factor and denoted P(q), while the arrangement scattering is described by a structure factor
denoted S(q). For a dilute system of identical particles, it is possible to rewrite Equation 2.1 with

these factors into Equation 2.2.

L,(q) = CDVpartP(q)S(q) (2.2)

Here, @ is the volume fraction of the particle phase of interest within the sample volume and Vg,

is the volume of an individual particle. This linear decoupling of measured scattering from
individual particle and overall structural contributions makes it possible to measure both for a
sample. When working with an unknown sample, it is typical to first measure scattering from a
very dilute sample to isolate the form factor P(q). Then, the scattering from the sample at the
concentration of interest can be measured. The form factor can be divided from the overall
scattering of this sample to elucidate the inter-particle structure in the sample via the structure-
factor S(q). However, before any conclusions can be drawn from SAXS data, several correction
and processing steps need to be completed. After a 2D SAXS scattering pattern is collected by the
detector, a number of detector and experimental artifact corrections are applied?’. These

corrections are generally instrument specific and are beyond the scope of this document. Corrected
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2D scattering data is then ‘reduced’ to the 1D scattering curve described above. Measured 1D
scattering data is background subtracted before further analysis is made by subtracting scattering
from a ‘blank’ sample that contains everything except the sample of interest. It is also often desired
to measure sample features with length scales that extend beyond the q range that can be measured
in a single measurement. This is handled by taking measurements at multiple sample-detector
distance configurations, then merging the resulting subtracted 1D scattering profiles to result in a
single scattering curve with a larger q range. This process is typically handled by manually

selecting cut points to merge the contributing curves at.

With a corrected scattering curve, quantitative conclusions are drawn by fitting an appropriate
model to the data. In a traditional modeling process, a parametric model that describes the
scattering of the expected structure in the sample is selected. This model is fit to the data with least
squares approach. The structural parameters of the fit model can be used to describe the sample, if
the model reasonably fits the scattering data. This process illustrates the importance of a priori or
external understanding of the structure of the sample when analyzing SAXS data. For a dilute
suspension of monodisperse spherical particles, the scattering equation simplifies to I(q) =

3(sin qR—qRcosqR)
(qR)3

2
(Ap)?V?2Py(q), where Py(q) = [ ] . This scattering equation is plotted in Figure

2.4. The location of the minima in q is determined by the radius of the particles, so using this model
it is possible to determine spherical nanoparticle size by fitting this model to data. Real particles,
of course, are likely not perfectly monodisperse. Polydispersity in particle size can be accounted
for by assuming a particle size distribution and integrating the scattering contributions from
particles in that distribution, i.e. I(q) =c [ Ooo D(R) * Py(q,R)dR, where D(R) is the size
distribution. Distribution parameters can be fit by minimizing the least squares error between the

calculated scattering and the data. An alternative to fitting analytical structural models is Monte
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Carlo modeling?**. This approach uses Monte Carlo rejection sampling to fit a particle size
distribution to measured scattering data. A parameterized model for individual scatterers is
assumed. For example, a spherical scattering particle with radius as a parameter could be assumed
for a nanoparticle experiment. A set of these particles is initialized. At each iteration, the overall
scattering pattern is calculated by summing over the individual scatterers and a figure of merit for
model fit to measured data is calculated. At each iteration, one scatterer is replaced with another
with randomly selected parameter values, then the scattering and figure of merit is recalculated. If
the fit improves the change is kept, if not it is rejected. This process proceeds until a particle size
distribution that agrees with the measured scattering data is found or a stopping criterion is met.
The major advantage of this method compared to the analytical modeling approach described
above is that a form for the particle size distribution is not assumed, meaning the fit distribution
can potentially more accurately fit the data. A downside is the increased computational cost and

degeneracy in the possible solutions.

Scattering can be used to understand the structure of mesoporous materials, such as the
mesoporous colloidal silicas discussed in chapter 6. For porous materials with highly ordered

packing structures, peak indexing of the Bragg reflection peaks can be used to make phase

100 4

identifications?®?7. Other techniques can be
1071 4

used to extract quantitative pore volume

1072 4

=0 fractions, specific surface areas, and porous
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Figure 2.4: Form factor for a spherical particle. . .
volume fraction and specific surface
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area’®?. Porod’s law essentially states that scattering due to an interface follows a q~* relation.
This relation makes it possible to identify scattering due to sharp interfaces between the medium
filling a pore and the surrounding material. This makes it possible to extract specific surface area

and volume fraction of pores from relevant scattering regions.

2.5 Dynamic light scattering

Dynamic light scattering (DLS) was used for particle size analysis for the silica nanoparticle
synthesis described in this work. DLS calculates particle size by fitting Stokes-Einstein diffusion
to a light scattering autocorrelation function. The experimental configuration is illustrated in figure
2.5. Monochromatic, coherent light is used to illuminate a sample of colloidal particles suspended
in a dispersant. The particles scatter the incident light, and interference between light scattered
from the particles produces a ‘speckle pattern’ on a detector some distance from the sample. As
the particles move due to Brownian motion, the speckle pattern changes. These dynamic changes
in speckle pattern are processed through a correlator to produce a correlation function for the
measurement that is related to the displacement of particles. The decay rate of this correlation
function is related to the size of the particles. Large particles move slower than small particles, and
hence a correlation function measured from a sample with large particles will decay slower than

one with smaller particles. Polydisperse samples are typically fit with the Cumulants method to

Correlation

Time

Figure 2.5: Dynamic light scattering experimental configuration.
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determine size and polydispersity. In this method, the measured correlation function is fit with an

expanded single exponential function shown in equation 2.3.
G,(t) = A[1 + Bexp(—2I'T + u,72)] 2.3

Where A is the correlation function amplitude, B is the correlation function baseline, and I' = Dg?,

where D is the particle diffusion coefficient and q is the same as defined for SAXS. The diffusion

6kpT
6mnR’

coefficient D is related to particle size using the Stokes-Einstein equation: D = which

depends on the temperature and viscosity of the dispersant. Equation 2.3 is linearized and fit to the
correlation function to determine a mean particle size and a measure of polydispersity known as
the polydispersity index (PDI)*°. It is important to note that DLS measures the size of a particle as
if it were a sphere undergoing Brownian motion. This may not be an informative value for non-

spherical particles, and the technique does not provide any information on particle shape.
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3 Prediction of Exact Quantum Kinetic Rate Constants for Surface-

Catalyzed Reactions

The work presented in this section is reported in the publication:

Pelkie, Brenden G., and Stéphanie Valleau. "Machine learning the quantum flux—flux correlation

function for catalytic surface reactions." Digital Discovery 1.6 (2022): 851-858.

Dr. Stéphanie Valleau provided support and guidance in all aspects of this work, including

project supervision, quantum kinetic methods, and machine learning approaches.

3.1 Introduction

Reaction rate constants relate reactant concentrations to reaction rates as a component of a rate
law!. Rate constants are primarily determined by temperature and the potential energy surface of
a reaction. Rate laws are a required component for kinetic modeling, for example in microkinetic
models of surface catalyzed reactions or for reactor design. Obtaining rate constants
computationally is an expensive process. Many theoretical methods exist for calculating rate
constants®. All require a minimum energy path to be known. A minimum energy path is the path
through the (3N-6)-dimensional potential energy surface that connects the reactant minima to the
product minima with the lowest maximum energy, where N is the number of atoms in the reactive
system. Finding this minimum energy path requires a saddle searching algorithm such as the
nudged elastic band (NEB) method'. These methods use the gradient of the potential energy with
respect to atomic position to locate the minimum energy path. Gradients are calculated using a
quantum mechanical modelling method, generally density functional theory (DFT). The NEB
method starts with known reactant and product configurations, calculated from a DFT (or other

method) relaxation calculation. A series of atomic configurations (images) are interpolated
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between the reactant and product. Their positions are then updated based on the gradient of the
potential energy surface and an imposed ‘elastic’ force keeping them equally spaced’. This process
requires tens to hundreds of DFT evaluations of intermediate structures, leading to the high cost
of calculating reaction rate constants. Once a minimum energy path is found, it can be used with a
kinetic theory to calculate a rate constant. Transition state theory (TST) is the most used kinetic
theory owing to its reasonable performance and simplicity. TST requires minimal information
about the potential energy surface near the reactants and products. It makes a few key simplifying
assumptions: that all dynamics are classical, that there is a dividing surface that separates the
products and reactants, that the ‘transition states’ on the dividing surface are at equilibrium with
the reactant state, and that all reaction trajectories that cross the dividing surface with no recrossing
effects. In addition to potential energy surface information, the partition functions of the reactants
and transition state is also needed to calculate and absolute rate constant with TST. TST provides
good approximations to reaction rates for many situations. However, the assumptions made in
TST, particularly that all dynamics are classical and that no recrossing occurs, can lead to deviation
from true rate constants in some situations. For example, quantum tunneling can provide a

significant contribution to reaction rates for light

reactants at low temperatures. As TST assumes

classical dynamics, it does not account for these g —25f
ISy
e

impacts. Figure 3.1 shows the impact of this

| == TST

deviation. To account for these deviations, one . Crrl t) .
0.002 0.004 0.006
can turn to an exact quantum rate constant theory 1/T [1/K]

such as the flux-flux correlation method. The  Figure 3.1: Arrhenius plot of the diffusion of H on
Ni(100) shows that TST diverges from exact

flux-flux correlation method calculates an exact ~ duantum rate constants at low temperatures.
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quantum rate constant for a reaction by projecting the wave function of the reaction forward in

time*. In this method, the rate constant of a reaction is given by Equation 3.1.

1 o

Here, Q,-(T) is the partition function of the reactants, and Crs(t) is the flux-flux correlation

function of the reaction, given in Equation 3.2.

Cff(t)=ETr[e 2"[H,0)e”2" "R [H,0]e™" " (3.2)
Here, A is the reduced Planck's constant, Tr is
. ~ . le-21
the matrix trace operator, f = ﬁ, H is the
B
. . I~ . . 8 7]
Hamiltonian operator, and 6 is the Heaviside
operator, which places a dividing surface 6 -
between the products and reactants at the gt
4 -
reaction coordinate that corresponds to the
transition  state. The square brackets 27
[H, 0] represent the commutator of H and 8, 04
o e 0 1000 2000 3000 4000
defined as [H,0] = HO — 6H . Figure 3.2 Time [au]

provides a visualization of what this method is

calculating. With these operators defined,
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Figure 3.3: The flux-flux correlation function for the
reaction CHOH* + * -> HCO* + H* on Ag(111) at 241 K.



Equation 3.2 can be evaluated at discrete time points until its value converges to zero. C¢(t) is
then numerically integrated to find the rate constant. Figure 3.3 shows what a typical flux-flux
correlation function for a reaction studied in this work looks like. While this method can provide
theoretically exact rate constants, it introduces considerable computational expense compared to
transition state theory. A common approximation is to represent the reaction potential energy
surface as a 1D reaction barrier defined along a reaction coordinate axis. Even with this
approximation, calculating a rate constant can still take weeks of computing time. Evaluation of
Crr(t) doesn’t yield an absolute reaction rate constant but rather a reaction quotient, k(T)Q,-(T),
where Q,.(T) is the reactant partition function. This work focuses on methods for accessing Crf(t)
only. Accessing an absolute rate constant will require calculating the partition function. Recent
work has pointed to the possibility of predicting this quantity with machine learning methods as

well®.

Supervised machine learning approaches have found success in predicting many properties
of relevance for kinetics or heterogeneous catalysis. ML has been used to predict reactant and
transition state partition functions’, Gibbs free activation energies®, activation energies’, and
quantum rate constants for small systems® 1°. ML has been used to predict many quantities in the

1713 especially adsorption energy prediction!*!®, Far less effort has been spent

context of catalysis
on machine learning approaches for predicting catalytic rate constants. We believe this is largely

due to the lack of datasets available in this space.

To provide rapid access to exact quantum rate constants, in this work we sought to develop
machine learning methods to predict exact rate constants. We evaluated various options for

predicting exact rate constants for heterogeneously catalyzed reactions.
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3.2 Establishing a dataset of exact reaction rate constants

To develop machine learning models for predicting rate constants, a dataset of rate
constants calculated with the flux-flux correlation function was needed. Developing this dataset
required implanting software to calculate the flux-flux correlation function and associated rate

constant, selection of reactions to include, and calculation of rate constants for those reactions.

A python library for the calculation of the flux-flux correlation function and the associated
rate constant quotient was developed. The sinc basis set discrete variable representation was used

to represent the quantum operators involved in the flux flux correlation function. This

sin(x)
x

representation uses a basis set of evenly spaced sinc functions (sinc(x) = ). Its use allows

all quantum operators used to be written as matrices with elements evaluated on this grid'®!”. This
allows Cr¢(t) to be evaluated with a series of matrix manipulations. These manipulations were
primarily carried out in the numerical package Numpy. However, some reactions displayed
divergence issues that were believed to be caused by limited numerical precision. Evaluating
Cr¢(t) for these reactions using arbitrary precision numerical operations solved this divergence
issue at the expense of greatly increase computational cost. High precision calculations were

implemented using mpmath'® and flint'®.
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Reactions to include inthe  Taple 3.1: Description of selected reactions from Catalysis Hub.

dataset were selected from the

Nreac Reaction Catalyst  Surfac E,
t e [keal / mol]
Catalysis-Hub database?’. I CH+* 5 C+H Rh 111 335
' _ 2 COH™+*— C+OH’ Rh 111 27.9
Catalysis hub is a web platform . _—
3 CHOH'+*— CHO™+H Rh 111 19.2
. . 4 CHy"+*— CH,"+H Rh 211 10.3
for sharing computational G
5  CH,OH-+*—> Pt 111 27.0
: CHOH™+H"
catalysis research. It hosts
6  CH,'+*— CH+H' Ir 11 2.6
thousands of DFT calculated 7 CHy"+*— CHy,+H’ Ir 111 14.2
8  CHy"+*— CH,'+H’ Pt 11 24.7
reaction and adsorption energies 9 CHOH'+*-s HCO"+H" Ag 11 14.7
. . 10  CHOH'+*—> CH'+OH’ Ir 111 123
as well as reaction barriers. For . L
11 CHO“+*— CO+H Pd 111 2.9
this work, a set of 14 gas-phase 12 COH+H - CHOH Cu 100 170
13 CO+H'— CHO’ Cu 100 22.4
heterogeneous catalytic surface 14 CH+H'-> CH,’ Cu 100 17.0

reactions was selected from this database. The selected reactions had either an NEB computed
minimum energy path with multiple images, or at least reactant, product, and transition state
images available. The small reaction dataset size was chosen to reduce the computational cost of
calculating quantum rate constants. Table 3.1 describes the reactions that were selected. For each
reaction, a reaction coordinate was calculated for each available image (molecular configuration)
to describe the reaction progress on a 1D axis. An Eckart barrier or skew normal function was
fitted to the 1D reaction energy pathway to provide a continuous approximation to the minimum
energy path. This fit barrier was used to evaluate the Hamiltonian operator for the reaction in the
above-mentioned DVR representation, which was used in the calculation of the flux-flux
correlation function. For each reaction, four temperatures were randomly selected from the range

[150,400] K for the calculation of the flux-flux correlation function. This resulted in 55 completed
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flux-flux correlation functions and associated rate constants. One flux-flux correlation function

did not converge and was not included in the final set.

3.3 Machine learning rate constant quotients

Various approaches were evaluated for learning rate constant quotients from reaction features. A
direct approach to learn rate constant quotients directly from reactant geometry features and
temperature was attempted. This resulted in poor performance. In a second approach, fit
parameters of a distribution function were learned to provide an approximation of the flux-flux
correlation function. This fit function was then integrated to provide a rate constant. This resulted
in improved performance. For both approaches, Gaussian Process Regression (GPR) was used as
the modeling method. This selection was made due to the small size of the available dataset. Two
chemistry-informed train/test splitting methods were applied. Randomly splitting the dataset of 55
rate constants would not have been appropriate as this would have leaked information about the
reactant geometry or reaction temperature to the test set. To avoid this, we split the dataset by
either temperature or reaction. In the temperature split, one temperature example for each reaction
was selected as a ‘test” example, while the rest remained in the ‘train’ set. This split evaluates the
ability of a machine learning approach to learn the temperature dependence of the rate constant. In
the reaction split, 4 reactions were selected as ‘test’ reactions. All rate constants from all 4
temperatures for each reaction were placed in the ‘test’ set, while the remaining 10 reactions
constituted the ‘train’ set. This approach evaluated the predictive abilities of the model for new
reaction geometries. This split was made manually to ensure that every metallic catalytic surface
was represented in the train set. Given that all metals are represented in the training set, no

conclusions about the ability to learn the dependence of reaction rates on catalyst can be drawn.
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In molecular machine learning, representations are generally required to convert the 3D
atomic coordinates used to represent molecules for structural calculations into 1D feature vectors
that can be used as inputs to machine learning models. In this work, we evaluated two molecular
representations: Coulomb matrices and encoded bonds. Coulomb matrices are essentially matrices
of a coulomb-interaction-inspired pair interaction term for every atom in a molecule that are
flattened into a vector’!. Encoded bonds use a 1D vector to represent a smoothed histogram of pair
inter-atomic distances??. These representations encode the geometry of a single molecule.
However, when predicting reaction quantities, representations of both reactant and product
geometries are generally needed. One strategy to represent both geometries is to use difference
features, in which both product and reactant features are calculated and the difference between
product and reactant vectors are used as features. This approach has proven successful in past
work®? and is the approach we used here. Input features as well as GPR kernel functions were
selected by comparing the mean absolute error of train set predictions of rate constants for both
temperature-wise and reaction-wise split. Based on this approach, we selected coulomb matrix
geometry features for both splitting strategies. In addition to coulomb matrix features, inverse
temperature (1/T) and reaction energy were also included as features. Reaction energy is a ‘free’
feature as it will be calculated when the reactant and product geometries are generated by DFT
relaxation. For temperature-wise splits, a combination of Matérn and pairwise linear kernels was
selected. For reaction-wise splits, two Matérn kernels were used. To avoid overfitting the training
data, a noise term was added to the diagonal of the covariance matrix during fitting of the GPR
model®*. This term was set at @ = 0.5. This value was selected by comparing the predictive error
on the train and test set for multiple noise values, and selecting the value that minimized the

difference between train and test. Due to the small size of our dataset, a validation set was not
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available. Use of a validation set would have been preferable for these hyperparameter selection

tasks.

These model parameters were used to train models to directly predict reaction rate
constants. For the temperature-wise test split, the model had a high prediction accuracy with a
mean absolute percent error (MAPE) of 0.998%. Figure 3.4 shows a parity plot of predicted rate
constant quotients, which shows good agreement between predicted and ground truth values.
However, the performance on the reaction-wise split was lower. For this set, the MAPE was 33.8%.
While this is a large error value, the uncertainty associated with the model predictions was also
large. Figure 3.5 shows that the ground truth rate constants fall within a standard deviation of the

predicted values for an example

reaction. This large error motivated S &
g —30 . //'
an alternative prediction strategy. 3 i
. - = —40 1 rd
Instead of directly predicting o »
4 -,
-y o b4
rate constants, we turned to predicting S _504 ’,0
3 »
fitting  parameters to  predict = ‘/ —--- identity
[«}]
o £ —60q ¥ & log(k(T) Qa(T)
approximations of the flux-flux . : : :
-60 =50 —-40 -30
correlation function for reactions. We Test set log (k- Qg) [log(1/au)]

selected the Cauchy distribution as a Figure 3.4: Parity plot of the predicted test set values of

. log((k(T) - Q_R (T)); the product of the quantum reaction rate
fitting function. The equation for a  constant k(T) with the reactant canonical partition function
Qr(T) for temperature-wise split train and test sets. The
Cauchy distribution is shown in predicted values are in strong agreement with the test set with a
test set MAPE of 0.998%.

Equation 3.3.
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- <1 N (t —,1)2> (3.3)

This function was selected as it provides a reasonable approximation to the shape of the flux-flux

correlation function for the reactions in our dataset and is defined by a single parameter, s. (4 sets

the position of the peak of this distribution and is set to zero for all reactions). In this approach,

the Cauchy distribution is scaled by the value of the flux-flux correlation function at time zero.

Compared to direct prediction of a rate constant, this requires a minimum energy path to be found,

reaction barrier to be fit, and the first time point of the flux-flux correlation function to be

calculated. This is a major limitation of this approach. However, it does avoid the need to calculate

the flux-flux correlation function at additional time points and could provide a method to achieve

a lower-cost approximate
quantum rate constant. The same
input features as used for the
direct  prediction  approach
(Coulomb matrix with inverse
temperature and reaction energy)
were used to predict the
distribution scale factor. The
same method as for the direct fit
was used to find an optimal GPR

kernel function. In this case, the

~20

= -30-

S

o

—= =40 1

I=3

S -50 -

g 60

S -70-

-

T —80-

8 -90 -
~100

® exact
-4-- predicted

0.0026 0.0028 0.0030 0.0032 0.0034
/T [1/K]

Figure 3.5: Predicted value of reaction rate constant product as a
function of 1/T for the reaction of CH3+*— CH2" 4+ H* on Pt(111),
taken from the test set (Table 1 — reaction 8).
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Figure 3.6: Plot of test set time series values from Cauchy fits of the
flux— flux correlation function, normalized by its value at time zero
(x-axis) respect to the time series values from predicted fits using
GPRs (y- axis). Both axes are in log scale to emphasize data points.

The predicted fits are in strong agreement with the exact Cauchy fits.

sum of a Matérn kernel with a
rational quadratic kernel was
selected. A regularization
parameter @« = 0.5 was also used

in this case.

We found that the Cauchy
function approximation of the
flux-flux  correlation function
with predicted scale parameters
was able to closely approximate
the ground-truth calculated flux-
flux correlation function. Figure

3.6 is a parity plot of the Cauchy-

Table 3.2: The first two rows report the average mean absolute percent error on the computation of
Crs(t;T)/Crr(0; T) using a Cauchy distribution (Eq 3) with the GPR predicted scale parameter. The ‘rx” subscript
indicates that MAE errors are averaged over all reactions. The last two rows report the percent mean absolute error
on the logarithm of the product of the reaction rate constant with the reactant partition function. Here the product is
obtained by using trapezium integration of the Cauchy fit of the scaled flux-flux correlation function.

Computed Method Error metric % Error
quantity
Crr(6T) Cauchy curve fit with GPR predicted scale 9.77%10"
Cr(0;T) parameter for temperature-wise split data (MAPE (Cfe}‘“”(t; T), CfoPR Cauchy ¢, T)))rx S
Crr(&T) Cauch fit wi i
ff auchy curve fit with GPR predicted scale exact (. GPR Cauchy /. 2
Cer(0;T) parameter for reaction-wise split data (MAPE (Cff ®), Cry @ T)))”‘ 3.76x10
L . 6.78x10!
log (k(T) Trapezium integral of predicted C,(t) Cauchy fit MAPE (log(k - Qz)¢*%t , log(k - Qg)CFR Canchy )
- Qr(T) for temperature-wise split data
Lo . 8.21x10!
log (k(T) Trapezium integral of predicted Cs(t) Cauchy fit MAPE (log(k - Qg)*%°t ,log(k - Qg)CPR Cauchy )
- Qr(T) for reaction-wise split data
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function defined Cyf(t) time values vs. the ground truth time values for the reaction wise split.
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Figure 3.7: Panel a) Predicted Cauchy fit of the flux-flux correlation
function (dashed blue line) for the reaction of CH3* - CH,* + H on
Pt(111). (reaction 8 in table 3.1at 300K. Panel b) Comparison of the
exact reaction rate constant products (grey circles and dashed line) with
numerically integrated values obtained from the GPR Cauchy predicted
scale parameter fit (blue diamonds and solid line). A large
improvement on predicted test set reaction rate constant values respect
to predicting the rate constant product directly is observed.
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Each set of points in this plot
corresponds to one predicted Crr(t)
curve. This plot shows that the
‘predicted’ Csf(t) values generally
agree with the ground truth values.
These predicted Crr(t) functions
can then be integrated to yield a rate
constant. The resulting MAPE is
0.82%, two orders of magnitude
lower than it was for the direct
prediction of rate constants for the
reaction split. Figure 3.7 shows the
result of predicting a Cauchy
function fit to an exact Crr(t)
function and the  resulting
agreement of the integrated rate
constant with exact values for a
reaction. Table 3.2 summarizes the

metrics calculated for the Crr(t)

curve fit parameter approach.



3.4 Discussion and Conclusions

This work evaluated the possibility of predicting quantum rate constants for catalyzed reactions.
A tool to directly and accurately predict exact quantum rate constants that requires only reactant
and product geometries to be calculated as input would be a potentially powerful aid in accelerating
the screening and design of new reaction systems. This is a complex problem. The current work
suggests that more effort would be required to address this task with a machine learning approach.
While this work was able to predict reaction rate constants reasonably well for a given reaction at
new temperatures, the utility of this approach over using some form of Arrhenius equation derived
scaling term to account for temperature dependence is not immediately evident. The large error
when predicting rate constants for new reactions suggests that this approach is not yet useful for
this purpose. However, including more information about the reactive system in the form of a
single time point of the flux-flux correlation function greatly improved the predictive accuracy of
the model. This shows the importance of domain-specific insights when applying machine learning

techniques to chemistry problems.

A valid critique of this work is that quantum rate constants are not particularly relevant for
industrially meaningful catalytic reactions, where transition state theory probably does well
enough. If this line of research were to be continued, I split the focus of this work into two research
thrusts: one to develop methods for the prediction of quantum rate constants, focusing on simpler

gas-phase reactions, and another on developing screening criteria for catalysts.
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4 Highlighting Community Needs for Integrated Materials Data

Management

This chapter also appears as a published perspective article,

Pelkie, Brenden G., and Lilo D. Pozzo. "The laboratory of Babel: highlighting community needs

for integrated materials data management." Digital Discovery (2023).

There is a vast amount of noise around the topic of data management, especially as it pertains to
automated and autonomous experimentation. This perspective was an attempt at sensemaking on
this topic, with the potential goal of identifying a potential entry point for a more concrete
contribution in this space. At this point, [ have not made any meaningful changes to how I do
science as a result of developing this perspective. However, the automated experimentation
proposed in Chapters 6 and 7 presents an opportunity to implement many of the digital sample

tracking methods described here.

4.1 Introduction

Automated experimentation methods are rapidly transitioning from being research subjects
themselves to serving as indispensable tools in materials research. The availability of relatively
affordable off the shelf hardware, the spread of data-hungry machine learning methods to materials
science, and the ever-pressing need to accelerate the pace of materials innovation to meet a
changing climate have all contributed to the adoption of automated experimental methods in our

laboratories' 3. A dizzying array of recent research has contributed tools that enable this paradigm
shift, including new open hardware platforms*, optimization and experiment planning methods>,
and methods for sharing procedures across different laboratories®®. This newfound ability to

generate vast troves of experimental data comes as new machine learning and data science methods

39



build off that data®!?, turning it into a first-class research product in itself*!. However, comparably
little effort has been expended on systems to collect, organize, store, and share this data effectively.
As a research community, we’ve largely applied the existing data management methods and
culture that developed around manual experimentation to automated workflows. This worked fine
for initial demonstration projects and forays into the field, but as the field matures and continues
producing valuable data with automated platforms, we need to adopt better data management
practices. The data management path we are currently following reminds us of the 'Library of
Babel” imagined by Jorge Luis Borges in the namesake short story!2. This vast library contains an
enumeration of all possible past and future human knowledge, with the catch that all of the valuable
information is hidden amongst a sea of utter gibberish. In this library, generations of librarians are
driven mad trying to find meaning in the expanse of text. If we continue advancing the state of
automated experimentation without overhauling how we collect, organize, and share our data, we
will find ourselves lost and isolated standing in an analogous ‘Laboratory of Babel’. We’ll know
that the data we need to support our next materials innovation is out there somewhere, held in an
unknown dataset in a distant repository, mixed into an expanse of useless untracked and
unexplainable data. We believe that now is the right time to make technical and cultural shifts in
how we handle this problem, so that we help future generations of researchers to develop an ’index’
to effectively extract value from abundant ‘gibberish’ in materials data held in this global

‘Laboratory’.

We envision a data management future where collecting and organizing experimental data
and metadata is automated and effortless, data provenance is fully tracked, access to up to the
minute data is enabled, and new community data sharing platforms make all experimental data

findable. Having such a data management practice in place would streamline the development of
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machine learning models for accelerating materials discovery, allow researchers to check the
reproducibility of their results, and improve the quality and trustworthiness of the data we generate.
An agreed upon system for data management would allow data related issues to fade into the

background, allowing scientists to focus on the science that ultimately motivates us.

In this perspective we propose a holistic vision for how data might be collected, organized,
and shared, focusing on laboratories that have adopted automated equipment. This vision is based
on our research group’s experience and challenges in setting up automated experimentation
workflows from scratch, and from ideas proposed in the literature. We compare the current state
of the field against this vision to elucidate opportunities for improvement, but also to highlight
current successes. We intentionally discuss these topics at a high level and ground them in
examples, rather than getting into details of technical implementations. While many recent works

have explored various aspects of the data management problem?!%!4

, and several projects
implement isolated items that are needed to make data management work®>, we believe that
discussion about how disparate pieces of data management tooling fit together to form an

integrated system is missing. Our hope is to start an accessible conversation around what our data

management systems should do, not #ow they go about doing this. We believe this will provide
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Figure 4.1: Managing materials research data is an inherently multi-scale endeavor. Data collected at the
experiment-scale is organized and discussed at the group scale before being shared at the community scale. In turn,
relevant data from community data shares can complement internal data at the group scale, serving to better inform
experiment decision making.
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useful guidance for future work on technical solutions to this problem and provide motivation for
a cultural shift around integrated and holistic data management. While we hope our perspective
helps guide future work on research data infrastructure, it should not replace formal customer
development or user requirement scoping processes, such as those used in technology and
entrepreneurship (e.g. NSF Innovation Corps)!®!’. Developers of new data management tools
should thoroughly evaluate the needs of the scientists who will be using them, so that these tools

are a simple and valuable addition to research workflows.

Throughout our discussion, we talk about data management ‘systems’ or ‘platforms’ in somewhat
abstract terms. Because we aim to discuss our vision in terms of capabilities rather than specific
implementations, we avoid discussing how these aspects of our vision could or should be
implemented. If specific implementation strategies are of interest to the reader, we recommend the
tutorial perspective on databases for chemistry by Duke et al'®, Any implementation of the ideas
we discuss here would be intimately related to laboratory automation initiatives such as laboratory
scheduling tools, remote equipment control capabilities, or full self-driving laboratories. The
‘ideal’ data management software implementation would likely include these capabilities, but
these topics are out of scope for this perspective. To frame the field of experimental data
management into a structured discussion, we break the task into three scales: experimental data
collection, group data management, and community data sharing. Experimental data collection
concerns the collection and management of data from individual experiments. Group data
management concerns management of data within a laboratory, research group, collaboration, or
organization. Community data sharing concerns the sharing of data among the broader community

in a manner that makes it broadly accessible and reusable. Each scale has unique requirements and
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challenges but relies on integration with the other two scales to realize its full potential, as

illustrated in Figure 4.1.

4.2 Experiment-scale data management

In our three-part organization framework, the task of accurately and completely gathering
experiment data and metadata is handled at the experiment level. Here we consider an ‘experiment’
to be the collection of preparation, processing, and characterization steps performed on a sample
or group of samples prepared in the same campaign, and ‘data’ to be any recorded information
associated with an experiment, including characterization and preparation information. This is the
minimum granularity of data that provides context to enable downstream use of the data. For
example, in a synthesis experiment with characterization by nuclear magnetic resonance (NMR),
the NMR results on their own are meaningless without the context of how the sample was prepared.
In our framework, experiment-scale data management tools are primarily concerned with correctly
recording data, and may have limited support for enforcing quality of data, tracking the motivation
behind an experiment, or otherwise providing context beyond the boundaries of an individual
experiment. These tasks are mainly addressed at higher levels of our framework. An experiment-
scale data management tool should ensure that any point of data recorded in a laboratory is
surrounded by the context needed to interpret it. To maintain this standard, such a system must be
capable of maintaining a complete record of provenance, processing, and characterization steps
applied to any sample. For example, in a battery electrolyte screening study, a sample record
should contain the source of the stock solutions and components a sample is made from, a detailed
log of the liquid or solid handling steps used in the preparation of the sample, and the results of
any characterization processes. To the greatest extent possible, the collection and organization of

this data should be automated. Manual data transfer slows research and introduces opportunities
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for error'®. However, many laboratories may never be fully automated, and some experimental
steps may always require human interaction. The manual entry of data and notes by researchers
needs to be well supported. A graphical user interface could provide this support. Recent advances
in natural language processing technologies such as GPT-4?° may also enable new ways of
recording data, such as a voice-assistant based lab notebook. Additionally, recording exploratory
experiments without a preplanned structure should be straightforward. The intended steps in an
experiment (e.g. target weights) should be captured for comparison to the actual executed
experiment. This would allow for any deviations from the plan to be automatically flagged, aiding
in the identification of systemic issues with an experiment or in the hardware that is used in its
execution. To enable data-driven workflows like closed-loop optimization experiments, data
should be made available in real time as it is collected. Once data from an experiment is collected,
it should be stored in a flat structure to enable direct access to data attributes without parsing
individual files. While data quality control is not a primary focus of an experimental data collection
system in our vision, identifying ‘bad’ data as early as possible can avoid wasted time and effort.
Thus, quality control should happen whenever possible. Users should be able to flag experiments
and data points with known issues. Automatic real-time data validation could help catch mistakes
as they happen to prevent wasted time and effort. However, these data collection systems should
still log and store ‘bad’ data so that a complete record of experiments is obtained, and any data
validation checks should pose a minimal interruption to the user. Implementation of a system that
manages all these tasks needs to be simple to use so that adoption in the laboratory does not pose
an undue burden on researchers. Such a system would streamline the collection and organization
of data in the laboratory. We believe this would reduce errors associated with incorrect data

recording and save researcher’s time. Simpler data recording could facilitate the collection of data
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from experiments that ‘fail’ in the eyes of researchers, contributing to a more balanced record of
experimental data that would better support machine learning use cases?!. This system would
provide a single complete record of entire experiments, ensure data that might be relevant for
future data science initiatives or repurposing of results is collected, and lay the foundation for the
organization of data at the group and community scales. Figure 4.2 illustrates how this system

could interact with laboratory processes and equipment.

Current data management workflows typically tend to rely on manual record organization
and usually fail to fully integrate automation and digitalization. 15 years ago, Shankar found that
record keeping in research tends to be left up to individual researchers?2. In our experience, not
much has changed since. Individuals are left to find a system they feel comfortable with.
Experimental procedures and some results are usually stored in a researcher’s paper laboratory
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Figure 4.2: Data flow in an idealized experiment-scale data system. A) Samples are prepared and characterized in
a physical workflow that involves a mix of automated and manual steps. Data is collected automatically when
possible. B) Researchers can directly interact with the data pipeline and manually enter data through a user
interface. C) The experimental data management system collects data, validates and organizes it into an
appropriate data model, stores it, and makes it available to group-scale data management tools.
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notebook, in varying levels of detail. Data files from characterization instruments are generally
organized in a directory and file naming structure set up by the researcher, and are manually copied
from instruments to a central location like the researcher’s PC or a cloud storage provider. Log
files recording processing steps on automated equipment are stored in a similar fashion, if they are
retained. These files are linked together manually using a laboratory notebook as an index?.
Records of provenance for results reside across an array of files, notes, and the researcher’s
memory. Extracting data from these results for future work tends to require bespoke file and data
processing and can be an onerous task. There are many examples of projects and tools that address
these limitations and implement aspects of our vision. A core component of an automated data
management system is the ability to retrieve data from experimental equipment. A common
approach for this task is to write a series of custom scripts that collect and aggregate data?*2°. This
approach is effective but can require extensive effort to implement and may be impacted by small
changes in the laboratory environment, such as updated equipment configurations. Laboratory
orchestration software packages and standards that enable automated experimentation already
interact directly with equipment, which provides an opportunity to leverage existing capabilities
to automate data capture. The Bluesky family of python packages allows users to specify and
execute experiments and collect data by directly interfacing with hardware that uses the EPICS
protocol as well as a few other hardware interface protocols?®. This project was developed to
standardize experiment specification and data collection from synchrotron light sources. It is
widely used at the National Synchrotron Light Source 11 (NSLS-II) as well as other US and
international light sources?’. The Standardization in Lab Automation (SiLA) standard and the
Laboratory and Analytical Device Standard (LADS) are two competing standards that seek to

provide a unified application programming interface (API) for interacting with lab equipment.
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Both are primarily targeted at life science laboratories, and both build from existing network
communication protocols to provide lab-specific features. SiLA has seen adoption among
equipment manufacturers?®, and LADS is scheduled to be released in late 2023230, Collaborative
development of competing lab equipment standards could lead to a set of widely adopted interfaces
to equipment that each have specialized support for a particular use case. This would allow
experimenters to pick the best tools for particular experimental tasks. For example, an automated
flow-through nanoparticle synthesis experiment could communicate with a bank of syringe pumps
over SiLA to control experimental conditions and a beamline with BlueSky to manage sample
characterization. Each of these standards fulfills the needs of the application it is used for and
alleviates the need for a single monolithic standard to handle every research task imaginable.
However, development of many overlapping standards also has the potential to fracture the
ecosystem for managing hardware and software, and preclude straightforward digital data
management and communication. Care should be taken in standards development and adoption to

avoid this.

Data collected from an experiment needs to be validated, organized, and stored. Data
validation checks that collected data is in an expected format and an expected range. For example,
a simple validation on the recorded mass of a sample could check first that the entry is numeric
and not a text string, then that the value is within the measurable range of the balance used. This
approach does not verify that the recorded number is correct but can catch major issues with data.
As discussed above, invalid data should still be recorded but also flagged for review. Several data
models for organizing experimental data have been proposed. A common theme among many of
them is to represent each sample in an experiment as a graph of sample states connected by

procedures. This is an intuitive way to represent an experiment: In the lab, a sample starts from
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some feedstock materials (an initial state) before a number of processing steps are applied, each of
which generates a new sample state. At states of interest, characterizations on the sample are
performed. Figure 3.3 illustrates the application of a graph data model to an experimental
procedure for one sample3!. Projects or works that use this form of data model include the Event-
Sourced Architecture for Materials Provenance (ESAMP)32, Cript!®, and Citrine Informatics’
GEMD data model33. Explicitly organizing experimental data in a format that follows this structure
would make tracking the provenance of any piece of data straightforward: given a sample or
measurement, the chain of processes and samples can be traced backwards to determine where the
sample came from, or forwards to see how a future step turned out. This data model can be
implemented in any database or storage format, and each of the mentioned projects has built its
own version. A prerequisite to using such a data model is a schema to describe what data is stored
and how it is related. Tools to parse data from its source and transform it into the data model are
also needed to implement the data models we describe. Developing these items can be a significant
challenge. A potential opportunity exists to establish a standardized representation for experiments
that can be shared and reused between different software systems. Once infrastructure is in place
to collect data from equipment and a conceptual model for organizing that data is agreed on, these
must be implemented into a piece of usable software. The Experiment Specification, Capture, and
Laboratory Automation Technology (ESCALATE) ontology and software package implements
tools to specify experiment plans, record experimental execution, and link resulting files to
samples in a database34. ESCALATE provides both a data model for organizing experimental data
as well as a software implementation. It provides capabilities to specify experiment plans, record
experimental executions, and manage files. Users interact with the software either through a

graphical web interface or an API. Bespoke solutions in this space are also common. Several
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organizations have discussed the design and implementation of custom in-house data management
systems. When implementing their internal data system, The Joint Center for Artificial
Photosynthesis developed a lightweight system of file types and scripts to track sample data and
automate the recording of data when possible3>. Data from this system eventually made it into the
MEAD database (discussed below). The National Renewable Energy Lab (NREL) has
implemented a similar file and script based workflow that enables tracking sample preparation and

characterization data by having users load data files into a centralized warechouse?’.

Electronic lab notebooks (ELNs) also fit into this section of our framework. Traditional
ELNs sought to entirely replace paper lab notebooks with a direct translation to a digital document.

While this provides major improvements for data searchability, shareability, and security, it does

Weigh . Pipette &
P;rf Q|AS QAS Sample Mix (" QAS Stock Mix
PPy Weiah Solution [ DES Precursor 1 J
ei
Pure HBD g HBD Sample
Supply

Evaporate
HBD Stock solvent
DI Water Solution
Mix [ DES Precursor 2 ]
-_Ethanol
Heat in Oven
[ DES Sample ]
[ Electrochemical Data ] Electrochemical
Analysis
[ Thermal Data ] Dried samplesin | Transfer to glove
inert environment box
Thermal
Analysis Thermal Analysis
Samples Transfer to thermal
analysis vessel

Figure 4.3: One of many possible examples of a graph data model applied to experimental data. Here nodes (gray
blocks) represent sample states or outcomes of measurements, and edges (blue arrows) represent the processes
connecting those states and their data. In a deep eutectic solvent (DES) screening study, samples start from solid
supplies of quaternary ammonium salts (QAS) or hydrogen bond donors (HBD), are synthesized in a multistep
process involving several sample states, and are thermally and electrochemically characterized. Tracking every
process of the sample synthesis along with the data they generate provides a complete record of sample
provenance. Applying a graph data model makes working with this complex web of data tractable.
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not enable the data collection infrastructure we envision. More modern ELNs incorporate more
extensive data management features, like recording data directly from instruments or supporting
inline data analysis3®3’. Modern ELNs can also interact with a vendor’s laboratory information
management system (LIMS) product to enable organization of data across experiments and
laboratories. LIMS are discussed below. Given the wide selection of ELN systems tailored for

diverse types of lab work, the lack of adoption in academic laboratories3® raises questions. While

a full exploration of issues associated with the Data From Exp erlm “ri-Scale
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data, and agree on how it will be used. They will also be involved in discussions to assess the
quality of collected data prior to broadly disseminating it or reporting major outcomes in the
scientific literature. Effective group scale data management builds from and complements strong
experimental-scale data collection and management. In practice, the distinction between
experimental and group scales is ‘thin’ and may not be apparent in real world data management
systems. However, the disparate goals of these two data management scales merit separate

treatments.

To support the goals of group data management, tools should enable linking data from
related experiments and samples. In turn, groups of experiments should be linkable into project
campaigns. For example, in an automated sample synthesis process, multiple experiment
campaigns might be run, with multiple replicates of a material in each campaign. Samples that are
replicates of one material should be linked to that material, as well as to the campaign where they
were generated. In our examples, multiple high-throughput synthesis campaigns that are all part
of the same project should be linked and accessible as one combined project. Data from different
but loosely related experiments should also be grouped together. Our imaginary ‘user’ should be
able to view all the work done with a particular sample precursor, grouped across different sample
preparations and experiments. Computational results should be included in this grouping to
broaden the scope of available information. Having all this data in one place will enable anyone
involved in a project, be they researchers, supervisors, or artificial intelligence agents, to have
access to up-to date versions of data which will enable faster and smarter decision making around
future experimental plans. It is important that editorial tasks and human data interpretation be
supported. Capturing the motivation and intent behind running an experiment can give context to

a group of experiments in a project. Low quality or compromised data could still be relevant to a
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project at this scale, but quality issues should be flagged. Tracking the quality of data should be
supported. This could involve automated or human data review. Backups of data should be
automated so data isn’t lost by accident, and modifications to data should be tracked and version
controlled so data isn’t manipulated by malice or by mistake3°. Preparation of data for downstream
uses, like machine learning initiatives or for ‘export’ to community level databases, should be

straightforward and automatable to prevent errors and to remove data processing bottlenecks.

As with experimental data collection, a common approach to managing data at the group
scale is to design a custom system. This can either be a software system, or a manual workflow.
Building a custom software system requires the expertise and effort to set up physical and digital
data management infrastructure but can yield a system that better complements a laboratory’s
experimental workflows. The internal systems developed at NREL and JCAP, both discussed
above, also provide group data management capabilities. They allow for linking individual
experiments into campaigns, sorting experiments by criteria like experimental method, and sharing
up to date data among a group®>°. These one-off systems can work well for groups with the
resources to fully implement them but are out of reach for most researchers. Many laboratories
have pieced together a manually updated data management system centered around a commercial
cloud storage provider such as Google Drive or Dropbox. These platforms are attractive to use as
they facilitate simple data sharing amongst laboratory members, provide a degree of data
versioning and backup, and are often provided via an institutional license making them free to use.
Before relying on third party cloud storage solutions, researchers need to consider the
appropriateness of a particular offering for the sensitivity of the data they work with. As an
example, storing protected health information on a consumer Google Drive account would violate

HIPAA?. The vendors of these products may also choose to make changes to either the product
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itself or the terms of use of the product that can be disruptive to how they are used in a laboratory

or group, forcing researchers to make disruptive changes to their workflows.

Commercially available systems for managing data at the group scale are commonly
referred to as Laboratory Information Management Systems (LIMS). Traditional LIMS systems
provide sample tracking and provenance management capabilities, a centralized store of
experimental data and other information, some level of integration with instruments for data
collection, capabilities to manage experimental workflows, and a user interface. Some systems
integrate with automated equipment, providing capabilities we classify as experiment
management. These systems usually work in concert with a vendor’s ELN solution. Like ELNSs,
LIMS are available from a robust array of vendors3”4143 and at least one open source option is
available**. Many available LIMS systems are designed for life science or commercial
laboratories, but there are options targeted at materials science research. Dotmatics offers a
platform with LIMS capabilities that is designed for materials science and chemistry laboratories*.
Citrine informatics’ data management system is based on their GEMD data model (discussed
above) and targeted at materials laboratories. This system has the benefit that data is extracted
from files and stored directly in their data model, which makes the data more searchable and
usable®®. As with ELNs, adoption in academic laboratories is limited, likely for the same reasons

(e.g. cost and/or complexity).

We believe that there is a notable lack of open-source software options that provide the
capabilities we envision for laboratory data management, especially in materials science fields. An
open-source software tool, built off a robust experiment capture infrastructure as described above,
would make the group data management we envision accessible and customizable for a wide array

of groups. An important criterion for this software will be its useability and ease of adoption, in
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addition to how it handles technical data management tasks. Adoption of a group data
infrastructure with the attributes we envision that is integrated with experimental data collection
tools would revolutionize data management in most academic laboratories, and in our opinion
would be a worthwhile investment on its own. However, even greater benefits can be realized by

using this infrastructure to share research data with the broader community.

4.4 Community scale data management

Community data sharing has always been at the core of scientific communication. Traditionally,
data has been shared through plots and tables in manuscripts, with important context embedded in
manuscript text. While recent efforts make it possible to extract information from these documents
using natural language processing methods*’ >, traditional publications are not an efficient way
of transmitting data. Fortunately, a slow shift towards more open data sharing is underway. The
importance of accessible data sharing has gained broad acceptance. References to making data
FAIR (originally defined as findable, accessible, interoperable, and repurpose-able)*! are common
in the literature®%>2>4, Well-designed community data sharing practices enable the aggregation
and dissemination of data from multiple research groups and heterogeneous projects in a unified
fashion, allowing existing data to drive unforeseen future works. Ultimately the goal of openly and
accessibly sharing research data is to make it reusable in future research. Effective data sharing
can enable new machine learning initiatives, make comparing new results to existing values
simple, or prevent the unnecessary reproduction of existing work. What exactly this future reuse
looks like is difficult to define, which is part of what makes establishing robust and useful data
sharing infrastructure difficult. Thus, community data sharing initiatives should be built to be as
generally useful as possible, rather than optimizing for a particular downstream use case. To

support data findability, data should be stored in curated, focused databases. The domain scope for
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these databases should be tuned so that relevant materials or experiments are stored together,
without fractioning the ecosystem into hyper-specific datasets. Choosing a level of specificity for
a database is an important consideration that impacts how data is likely to be re-used in the future.
Specialized databases may make re-use simple for new applications that are similar to the original
use of the data. However, being too specific can limit community contributions and engagement
that is needed to sustain a database after initial support runs out, and can make it difficult to find
databases that contain the desired information. Conversely, databases that are too broad in scope
might not support the level of detail needed for some downstream use cases. In an example from
computational materials science, the Catalysis Hub surface reactions database provides a home for
relaxation and chemisorption energies of reactants on catalyst surfaces obtained from electronic
structure calculations®. This focus strikes a balance that makes it specific enough to be useful, but
broad enough to have over 100,000 entries. A critical aspect of making data accessible is ensuring
the long-term existence of databases and their accessibility over the internet. Shared data is an
important part of the scientific record, so community databases should be administered in a way
that guarantees long term availability. To make data interoperable, data needs to be accessible as
database records rather than as groups of files. This makes searching and filtering data using
standard query tools like SQL or SPARQL possible. However, existing community and domain
specific standards should be respected where applicable. For example, the small-angle scattering
(SAXS, SANS) community has standardized beamline data around the CANSAS standard?®. Any
database dealing in a particular type of data needs to support data retrieval in the agreed standard
to facilitate use with domain-specific tools. Data format exchange tools like Tiled® can facilitate
data access in preferred formats. Human readability should be enabled through well designed user

interfaces. This would make exploratory data analysis easier and enable access by users without a

55



coding background. To make data reusable, it is necessary to maintain a minimum standard of
quality and completeness for data. Low quality data can’t be tolerated at this scale because users
lack the context to critically evaluate data quality and experimental nuances that is present at
smaller scales. Peer-reviewing data submissions to these databases as part of journal manuscript
submissions could help curate this data quality. To enable reproducibility of data (another
interpretation of the ‘R’ in FAIR), information about how a sample was prepared and characterized
should be shared in a standardized format. Intermediate data points should be shared alongside
final results when possible, to support use cases that rely on them. Figure 4.5 illustrates the process
for sharing data in this envisioned system. Once one establishes a new community data repository
that satisfies all the points of our vision, attention needs to be turned to the social aspects of
managing a community data resource. Use of these databases needs to be incentivized for
researchers. Mechanisms for encouraging use might involve mandates from publishers or funding
agencies, the generation of a citable digital object identifier (DOI) and other mechanisms for
claiming credit for data submissions, and a seamless interface with lab data management systems
to take the pain out of publishing data. When broadly sharing data as we advocate for, export
controls may need to be considered. Current US export controls don’t generally restrict the public
sharing of basic research outputs®®. However the US government has recently announced efforts
to limit foreign access to US technology®® and influence over research®’, so future controls on
research sharing may become more restrictive. Researchers outside of the US will need to consider
how their government’s export control policies might impact how they share research data. The
current state of experimental data sharing in materials science has been described as “critical’®!. A
report on the materials genome initiative by the (US) National Science Foundation points to data

sharing as a bottleneck in the materials innovation process, and suggests that national agencies
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should establish data sharing infrastructure like what we envision above®?. We think this is an
appropriately dire assessment of the current situation, but there is a lot of work in this space that
gives cause for hope. Perhaps the most widespread form of data sharing currently is through journal
article supplementary information and general data repositories like Zenodo®® and Dryad®.
Repositories allow users to upload their data files along with a description of what the data
contains, and then generate a unique identifier for that data. Materials focused repositories include
the Materials Data Facility®® and Citrination®®. Sharing data in this form at least makes it available
but doesn’t address the spirit of the FAIR philosophy. Assembling datasets from files shared as
supplementary information, or via a repository, requires searching the literature for relevant
publications and datasets, checking that they contain the desired data, then manually collecting
and parsing files that likely use unique (i.e. non-standardized) formatting. Poor metadata
annotation often means one needs to read the original journal publication to understand the data.
Curated databases provide solutions to these issues. These databases aggregate data from multiple
experiments and projects into one database with a specific domain focus. Examples in the materials
science field are limited. The NREL High Throughput Experimental Materials (HTEM) database
contains records for over 82,000 unique samples of inorganic thin film materials . This database is
populated using the NREL internal research data infrastructure described in the experimental data
section and includes characterization data as well as some sample synthesis metadata. The
Materials Experiment and Analysis Database (MEAD) was hosted by the Joint Center for Artificial

Photosynthesis and populated by their internal experimental data collection system. Unfortunately,
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this database was not accessible at the time of writing, which highlights the need to plan for the
long-term stability and availability of community data resources. The inorganic crystal structure
database (ICSD) provides a database of inorganic crystal structures compiled from literature®®,
This database is neither open to community contributions, nor open access. Outside of
experimental materials science, many more examples show the promise of shared community data
sharing. The Materials Project is a widely known community database for computational materials
data. It contains properties for over 154,000 materials®® and has over 200,000 registered users’®.
This database makes computed properties of materials available via both an easy to navigate web
page and an API. Arguably the best success story of community data sharing is the Protein Data
Bank (PDB), a database of protein structures. This database has lasted for over 50 years and has
grown to over 30,000 data contributors and over a million site views per year. This database

provides curated, validated data in a consistent format. It has become a core part of research in its
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Figure 4.5: In a community data sharing ecosystem, data from individual research groups is curated and
validated before being added to a network of domain databases. This makes data accessible with programmatic
tools like SPARQL, makes reuse (e.g. in data science initiatives) feasible, and enables straightforward
reproducibility, among other benefits.
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field, as submitting a new protein structure for publication practically requires submission of that
structure to the PDB’L. Access to the PDB has also enabled groundbreaking advancements such as
the accurate prediction of protein folding and de-novo structures based on sequence, with machine

learning models® 2.

Several projects and organizations are working toward new data sharing platforms that
provide many of the capabilities we described above. The FAIRmat consortium is a German
initiative to realize many of the goals for community data sharing that we describe here. This
project aims to build a series of domain specific data repositories, following similar criteria as we
propose to establish ‘as few as possible but as many are needed’ to support diverse needs of
different fields. Their proposal, which is to create a federated network of databases with centrally
searchable metadata, has the potential to enable domain specific databases that are still findable
and reusable for applications in other contexts. This project has also considered the needs of
experimental and laboratory data management infrastructure to feed these community
repositories’®. The development of knowledge graphs to store and structure experimental data is a
promising approach to implanting data sharing infrastructure. Knowledge graphs structure
information as a connected graph, with data points and entities represented as graph nodes and
properties or relationships represented as edges’4. This is similar to the graph data models
discussed in the experimental data collection section. When coupled with a standardized definition
of properties and relationships, known as an ontology, knowledge graphs promise enhanced
interoperability between databases and flexibility in defining data schemas. Knowledge graphs can
be queried using standard query languages such as SPARQL. Bai et. al. envision a knowledge-
graph based approach to managing data, and more broadly, laboratory automation. In their vision,

computational agents maintain the state of the knowledge graph and use it to drive closed-loop
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experimentation'®. The Mat-o-lab initiative seeks to develop domain-specific ontologies for
materials research, and corresponding knowledge graph representations of data®*. This initiative
envisions a network of knowledge graphs using compatible ontologies to represent data and enable
re-use across projects. The OPTIMADE consortium aims to solve the data interoperability

challenge by providing an API specification for materials databases’®. This specification has been
adopted by several databases including the Materials Project’®. The wide range of solutions under

development to address the community data sharing problem shows that this issue is well

understood by the community and makes us hopeful that truly FAIR data sharing is near.

4.5 Common obstacles and recommendations

As shown above, data management is an active area of research, and the need for the capabilities
we describe herein are recognized by the community. So, what motivated this perspective? Most
of these initiatives are carried out as individual efforts to solve a small subset of the problems
facing the field. While this bottom-up approach is leading to innovative and exciting tools, these
individual efforts generally don’t integrate with other tools and do little to reduce the fractured
nature of the data management field. The NREL internal research data infrastructure team
recognized these limitations, and called for a top-down approach to design data management
infrastructure with a holistic vision in mind?>. While this is a noble goal, building an entire research
data infrastructure from scratch as one project is a major undertaking. Further, one organization is
likely unable to anticipate and build for the diverse use cases and requirements of such a tool.
Rather than leave the development of future tools to one entity, we believe that future development
should continue to be undertaken by diverse community projects, but with a stronger eye towards
how projects will inter-operate to enable the seamless data management system we envision. To

enable this interoperability between different tools and software, we should define and adopt
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standards for how data is represented as a community. As we discussed in the experimental data
collection section, interfacing lab equipment with any data collection software is a challenge due
to vendor-specific protocols and data formats. Developing a standardized API for communicating
with laboratory equipment would resolve this challenge. A standardized data model for
representing collected experimental data would enable greater interoperability between competing
solutions. Agreeing on a common implementation and specification of a graph data model for
sharing between data management tools would enable easier data sharing and make data more
reusable. Alongside data, information needed to reproduce experiments needs to be shared. Leroy
Cronin’s y-DL project seeks to develop a ‘compilable’ language for specifying synthesis steps®”.
A standard means to specifying experimental procedures promises to make experiments

reproducible on heterogeneous automated experimentation platforms.

We noted that there is an acute lack of software tools to organize and store data at the
laboratory or group scale. This gap in the data management infrastructure compounds shortfalls in
experimental data collection and community data sharing. Without an effective means to organize
and use large amounts of experimental data and metadata, little motivation exists to expend effort
to collect data beyond what is immediately needed. And if collected data is scattered across a wide
range of files and locations, preparing data for submission to a community database can be a
herculean task. A robust, user-friendly, and generalizable implementation of a laboratory data
management system would bridge the gap between the two other levels of data management,
encouraging wider experimental data collection and facilitating rapid dissemination of data to
community databases. An open-source software tool for managing laboratory data that implements
the data management standards we describe should be created, either by establishing a new project

or extending an existing one. This tool should be generalizable to different laboratory
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environments, but customizable to provide the specificity and workflow efficiencies needed for
any given laboratory. This tool should provide both a graphical user interface for easy data
management, as well as programmatic access via (at least) a python library so that use of the tool
can be integrated into existing data-generating processes controlled by python scripts. In practice,
such a tool could also fulfill our vision for experimental data collection and management as the
two are closely related. We believe the availability of an open-source tool (as opposed to a
proprietary one) in this space is critical. While proprietary software can solve many data
management problems, it raises issues with vendor lock-in, laboratory equipment support, and
custom use cases. Automation in research laboratories involves prototyping new hardware and
workflows, so it is virtually impossible for a commercial vendor to envision and support all the
possible use cases. A community-driven open-source tool could be more responsive to new
applications, and individual laboratories would have a fair shot at adapting an open-source tool to
creative new workflows or use cases. An open-source tool would also remove financial hurdles to

using a data management infrastructure.

At present, implementing data management infrastructure requires a high level of proficiency in
software engineering and systems administration. Most academic laboratories do not have access
to personnel with these skills. Tasking grad students with learning them is problematic as it adds
to their already full plates. Expecting laboratories to establish their own research data
infrastructure!®® will lead to low adoption rates, poor quality systems, and frazzled graduate
students. We do not think it is fair to ask this of junior researchers. Community organizations
should establish a leadership stance on this front and guide the development of both software tools
for use at the experimental and group scale, and community databases for data sharing. These

organizations could be federal agencies like the NSF or NIST, existing community organizations
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like the MRS, or newly formed consortia with data management as their express goal. For their

part, the NSF has recognized the need for a leader in this space, and the role they could play®2. The

FAIRmat initiative has been referenced as a model for what that role could look like®?.

A common theme across all areas of data management is the need for broad community
buy-in. Building the perfect data management tool won’t make a difference if nobody chooses to
use it. Getting researchers to move beyond paying lip service to data as a first-class research
product is a major barrier to our envisioned data management future. Funding agencies should
make effective data sharing a core project requirement by seriously considering data management
plans in grant application evaluations and following up to ensure they are followed. The extra
overhead this creates for researchers should also be recognized and accommodated. Publishers
could require data sharing to community databases as a condition of publication’’. Mechanisms
for giving credit to researchers for their data contributions would provide further incentives.
Success stories shared by early adopters of time saved, mistakes avoided, and discoveries enabled
by new data management tools and practices would also help show that taking data management

seriously is a worthwhile endeavor.

4.6 Conclusion

Materials science and chemistry are entering a new phase where automated and autonomous
experimentation methods will multiply the capabilities of researchers and make new data driven
research paradigms commonplace. To make the most out of these new research paradigms, the
community needs to overhaul how data is handled at all scales of the research process. However,
we are concerned that the moment to make these changes is being missed. Rather than enabling
new research approaches based on easy access to data, new automated methods will lead to an
incomprehensible data landscape and siloed research projects. We believe that effective data
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management practices for this new era must consider the entire data lifecycle across scales from
individual experiments to broad community dissemination. We envision one possible set of
capabilities and norms that could contribute to such a multiscale data management system.
However, this is certainly not the only vision that should be considered. Our hope is that this
perspective encourages more researchers to participate in the discussion around data management
by making it accessible and by presenting a tantalizing potential future where data management
‘just works’ and can fade into the background. We are excited to hear alternative visions from
other researchers and to collaborate towards a future that embraces digital data management

methods and prevents us from getting lost in the ‘Laboratory of Babel’.
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5 Democratizing accelerated experimentation with open-source
automation infrastructure

5.1 Introduction

Laboratory automation and autonomous experimentation systems are quickly gaining widespread
adoption throughout materials and chemicals research communities!™. As research groups,
companies, universities, and other organizations build and unveil new self-driving labs, alternative
visions for how researchers will access these tools and perform their science as they become
commonplace are demonstrated. Given the varied and at times conflicting approaches to
experiment automation, orchestration, and collaboration researchers are pursuing in their
automation development projects, it is clear the future of how science is done is at a crossroads.
Many lab automation developers are pursuing a path of automated experimentation as ‘big
science’. Several examples of automated workflows use industrial automation equipment and
professionally engineered custom fixtures and integrations*>. These systems can provide advanced
automation capabilities and reliable operation. However, they require significant resources to build
and maintain. Several of these examples involve six or seven figures worth of hardware and require
teams of dedicated staff engineers to manage integration and operation. For some projects, this
approach to automation is appropriate. However, this level of complexity is likely excessive for
many experiment automation needs. This level of resource investment is also out of reach for most
researchers. As an alternative to individual investment in commercial automation solutions, some
researchers foresee a future of ‘cloud laboratories’ and automation user facilities. In the cloud lab
model, researchers upload experiments as tasks to be executed by a commercial provider using

automated equipment, in a manner analogous to running computing jobs on a remote high
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performance computing cluster®. In a user facility model, scientists would be awarded time on
shared equipment and likely receive support from facility staff to execute their experiment. While
these approaches appear to provide broad accessibility to automated experimentation by enabling
researchers to use these tools without an upfront infrastructure investment, they risk ultimately
divorcing the researcher from the science they are doing. In a cloud lab context, scientists are
completely removed from their experiment. They submit a protocol and receive results a few days
later. This may be acceptable for performing well-defined screening campaigns using established
protocols, but scientists lose a full understanding of how their experiment is run that is important
for understanding new or unexpected findings. Cloud labs also tend to cater to well-established
and widely marketable experimental protocols and techniques®, which is not conducive to
supporting novel experimental methods that are critical to moving materials research forward. User
facilities, if executed well, could provide a brighter path forward. This approach could pair
researchers with experienced automation experts and equipment owners who can help scientists
translate their experimental goals into effective automated experiments. However, this approach
may still limit the flexibility and availability of automation as automated experiment setup requires
non-trivial hardware and sample integration. This barrier will likely result in user facilities that
either cater to specific automated execution workflows or are limited in availability due to

extensive setup overhead.

Between these three automation implementation styles, important science can be
accomplished. Well-resourced labs can execute large, well-coordinated screening and
optimization campaigns. Cloud labs enable access to automation for researchers needing well-

established protocols. And user facilities can serve an intermediate role by providing infrastructure
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access to promising research. What is left out here? Flexible, creative, exploratory research done
by researchers without the resources to purchase or access to utilize these high-complexity
commercial lab automation systems’. If this is the approach to lab automation implementation that
the research community pursues and normalizes, we risk deprioritizing early-stage experimental
research that is critical for developing new materials and limiting the pool of researchers able to

leverage automation in their work to the exceptionally well resourced.

5.2 Democratized automation and autonomous experimentation through open-

source infrastructure

An alternative path forward for the automated experimentation community is one characterized by
democratized access to these tools and resources. ‘Democratized’ automation infrastructure and
self-driving labs are loosely defined. They are generally characterized by reasonably affordable
and extensible systems. This makes automation accessible to more researchers and allows them to
modify and extend systems to meet the needs of new research projects. Well-supported open-

source hardware systems are exemplars of democratized automation.

Commercial proprietary systems can also play a role in democratized automation. For
example, the Opentrons OT2 liquid handling robot is a moderate-cost automation platform. While
it is not fully open source and is not intended for modification, it has served as an entry point to
lab automation for many researchers and has been extended, for example to enable automated
electrochemical testing®. However, many challenges arise in adapting proprietary equipment to
perform tasks it was not designed for. Democratized access to automated experimentation may
best be achieved through fully open-source automation infrastructure that is designed and intended

to be modified and extended by end users.
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Open-source automation infrastructure is hardware and related software for which designs
are freely released and licensed’. Effective open-source hardware (open hardware) projects
provide a complete bill of materials with guidance on purchasing or acquiring components, along
with full documentation that covers the entire build, setup, and operation procedures for the
equipment. Many open hardware projects are designed from the ground up to utilize standard off
the shelf components where possible, which lowers the cost and increases the availability of
components. When custom fabricated components are required, detailed designs along with
instructions for procurement or options to purchase through a manufacturing partner facilitate
access. Open-source automation infrastructure can provide several benefits to lab automation
users. Open-hardware equipment inherently supports modification and extension. When
automation equipment is assembled from scratch, users have the option of excluding unneeded
components or selecting more appropriate alternatives for their use case. This also makes it, in
principle, feasible to extend equipment’s capabilities with new components and apply it to new
use cases beyond those originally intended. Open-source automation equipment is especially
powerful when it serves as baseline automation infrastructure that can be shared between many
different experimental workflows and even domains of science. For example, Science-Jubilee has
been used for both nanomaterial synthesis and plant biology research'’. In both cases, the existence
of an open-source platform to perform basic XYZ motion allowed researchers to take the basics
of automation for granted and focus on the automation development required for their specific
project. The open nature of Science-Jubilee allowed users to modify and extend the platform as
needed to support their experiments, for example by replacing vulnerable PLA 3D printed

components with more robust SLA resin versions. Open-source equipment that is assembled by

74



the end user requires the user to understand the low-level assembly and operation of the device.
This understanding can be important to understand the capabilities of a device when used in new
research areas and helps facilitate effective troubleshooting. Open-source equipment also typically

has a lower price compared to commercial alternatives.

The advantages of open-source automation equipment do not come without tradeoffs,
however. Because these systems require end users to assemble, set up, and troubleshoot the
hardware, significant time investment is required to implement open-source solutions. This
investment may more than fully offset any cost savings in a simple time value comparison with
commercial solutions. This time investment in system assembly does allow users to build new
skills that they would not have by setting up an off-the-shelf solution, including mechanical
assembly and soldering. While the time and skill investment to get started with a piece of open-
hardware equipment may seem severe at first glance when compared to using off-the-shelf
solutions, the difference is not as stark when considering a highly integrated automated
experimental workflow. Automated workflows comprised of multiple off-the-shelf components
require a significant investment in system integration and orchestration work. Often these systems
require custom hardware development and modifications to get commercial off the shelf systems
working together in ways they were not designed to. These efforts are often complicated by poor
or missing documentation and issues related to modifying systems designed without extension in
mind, such as a lack of an available software API to automate equipment operation. When the
whole end-state system is considered, the time investment required to use an open-source, built
from scratch component may be a small part of the overall system development effort. The effort

invested in building open-source equipment also builds detailed knowledge of the system that
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facilitates troubleshooting and maintenance. This is required, because there is no support contract
for open-source hardware like one might expect for commercial equipment. Leveraging open-
source equipment also requires an acceptably mature open-source option to exist for the type of
equipment needed. Successfully designing a piece of open-source equipment requires a substantial
amount of effort and fully documenting it and supporting it so that new, non-expert users can find
success with it requires an order of magnitude more effort. This work does not fit into traditional
roles in academic research, which makes it difficult to dedicate the time to these projects that they

require.

When defining and categorizing open-source hardware solutions, it is important to
acknowledge that not all custom automation equipment projects are open source. In fact, perhaps
most examples of custom, end-user-developed automation infrastructure used in materials and
chemicals research does not meet the licensing and documentation requirements to be considered
‘open source’. Many project developers do not fully document their hardware due to the extensive
effort required and the lack of incentive to undertake this effort in academic contexts. Some may
also avoid sharing their designs because they view them as a proprietary competitive advantage
that should be protected. Regardless of the motivation, many contributions to the advancement of
automated experimentation are made through such systems. These systems can provide the same
benefits related to novel capabilities and affordability that fully open-source systems do. However,
they lack the community enablement advantages of openly shared projects. They also raise unique
reproducibility challenges. Using fully custom, undocumented equipment that is not generally
available results in data that can only be produced in that lab. The catch-all term ‘User-developed

automation infrastructure’ has been coined to describe all systems that fall under the umbrella of
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custom, end-user-built, non-commercial laboratory automation equipment, including both fully
open-source and non-open projects. It is important to acknowledge that a wide gradient of
community sharing and reproducibility exists within the user-developed automation space. While
all user-developed automation can be critical for enabling new science, the community should
strive to build truly open-source projects that fill the needs of custom lab automation and avoid

settling for closed-source, one-off systems.

Given their unique advantages and capabilities, open-source lab automation equipment will
play an important role in automated labs of the future. Open automation will enable automated
experiments in contexts where commercial solutions are simply unavailable, as well as where they
are out of reach given the resources available for an experiment. However, open automation
adoption won’t simply run on autopilot. To build healthy projects that contribute to the
advancement of lab automation, a significant portion of the community needs to agree that open
automation is critical. We need to accept open automation as ‘real’ solutions to automating
experiments, not write them off as low-cost alternatives that are ‘built out of Legos’ for less-
resourced researchers and undergraduate teaching labs. We need to value and prioritize open-
source automation efforts by recognizing them as important contributions, providing incentives to
researchers to develop and maintain documentation for their custom automation hardware projects,
and provide funding to support these efforts alongside more traditional materials research.
Throughout my PhD, democratizing laboratory automation through open-source infrastructure
development has been a main objective. My primary contribution to this effort has been
contributions to the development and maintenance of the Science-Jubilee open-source automation

platform project. I have also supported and led several initiatives to foster a community and build
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collaborations around open-source automation infrastructure, including co-organizing a Science-
Jubilee focused workshop at UW, co-organizing a workshop on democratizing self-driving labs at
the 2024 Accelerate conference (the premier conference in this field), and showcasing the

capabilities of the Science-Jubilee platform internationally.

5.3 Science-Jubilee: Developing open, flexible automation infrastructure

A key advantage of open-source automation infrastructure is that it allows researchers to
implement custom automated experiments without needing to start from scratch. Rather than
spending time designing, building, and validating a new piece of hardware to handle the
automation task they need, researchers can use existing designs that have been tested and refined,
spending more time on the novel automation integration aspects of their experiment and the
science they are ultimately interested in doing. A core component of lab automation required by
many experiments is basic 3-dimensional
motion. Many experiments involve
performing operations on samples with a
tool and require moving the tool between
samples to automate the task. Given how
fundamental this basic motion capability is
to  successfully implementing lab
automation, making a simple, robust, well-

tested, and extensible system to perform

Figure 5.1: The base Jubilee platform with no tools this motion available to the community in
attached.
an open-source format would greatly lower

78



barriers to entry in automation. The Science-Jubilee project seeks to do just this. Science-Jubilee
is an active collaboration between multiple researchers at the University of Washington and
beyond. This project aims to provide an open-source platform for automating diverse experiments
through a 3D motion platform, compatible tools to perform many common laboratory tasks, and a

python software interface to program experiments.

The Science-Jubilee project builds off the success of the Jubilee tool-changing 3D printer
platform developed by Sonya Vasquez and Machine Agency!!. Jubilee was originally developed
as an extensible tool for digital fabrication. The core Jubilee platform is shown in figure 5.1. It
consists of a 3D motion platform with a tool changing head that enables it to swap tools on the fly
during a workflow. It is open-hardware, meaning that it is freely licensed and all documentation
required to build it is freely available online!?. It is assembled from commercially available
components, including several standard off-the-shelf hardware items and a few custom-fabricated
components that are available from partner vendors. The electronic components are controlled by
Duet control boards'® using RepRap firmware!*. In the context of digital fabrication, tool changing
enables techniques like 3D printing with multiple filament colors or materials, advanced multi-
tool methods like additive subtractive manufacturing by layer, and 2D methods including drawing
and laser engraving. The use of an open source, easily adaptable control board and a documented
mechanical tool changing interface (figure 5.2) makes it feasible for users to develop new tool
capabilities for Jubilee. This open hardware extensibility has attracted a large community of
makers. The Jubilee discord server has close to 400 members and hosts regular discussions on

platform enhancements and is a source of support for first time Jubilee users.
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The base Jubilee system provides a promising platform for laboratory automation as it
addresses many issues with traditional lab automation. The tool changing capability provides a
path to solving the single-task specificity of most lab automation equipment. A Jubilee can perform
multiple lab tasks in a single workflow by integrating different tools into an experiment. For
example, a pipette can be used to prepare samples in the same manner as a commercial liquid
handling robot, then a spectroscopic tool can be used to characterize samples. The open hardware
and software of Jubilee along with the tool changing hardware interface makes it feasible to
develop new modular tools to automate lab tasks for which automated equipment is not available.
Contributors to the Science-Jubilee project have adapted a sonication horn into a Jubilee
compatible tool format which enabled the automated synthesis of cadmium selenide nanocrystals

’15 Other work has developed a platform for

on a Jubilee instance nicknamed ‘sonication station
automating duckweed experimentation with Jubilee'®. The open nature of jubilee lowers the
monetary cost of the platform. The base motion platform kit can be purchased for approximately
$1,700 and existing lab equipment can potentially be adapted to work with the platform. However,
researchers considering investing in Jubilee should consider the
large time commitment required to build and commission the

platform as well as the lack of paid support options should issues

arise.

Our work with the Science-Jubilee project has focused on

developing hardware and software infrastructure that enables the

core Jubilee motion platform to be used in experimental

Figure 5.2: Close up of the tool
changing head that enables
Jubilee to swap tools on the fly.

workflows, and on enabling community engagement and
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contributions to the development of Jubilee. This project is a collaboration between current and
past Pozzo group members and Machine Agency, Nadya Peek’s research group in UW Human
Centered Design and Engineering. The ‘core Jubilee motion platform’ describes the basic motion
infrastructure of Jubilee that handles XYZ movements and does not include capabilities provided
by tools. This encompasses the frame, XYZ motion motors and components, tool changing
mechanism, and control boards. This system is well established and generally reliable. We mostly
avoid modifying this system in our work, instead focusing on making the system more accessible
to scientists. We have done this by developing Jubilee’s scientific hardware capabilities,
developing a software interface to enable science on Jubilee, and working to enable community
usage and contributions toward Jubilee for science. My contributions entail contributing to the
initial development and ongoing refinement of the Science-Jubilee python control software,
designing and integrating new tools, and co-organizing events to build community around Science-

Jubilee.

5.3.1 Hardware development

Effective automation platforms for autonomous experimentation platforms need to integrate
capabilities to perform the sample preparation and characterization tasks required for a particular
experiment. As described above, the Jubilee platform makes this theoretically possible by
changing tools. Hence, our work has included tool development. Currently, Jubilee has a handful

of experimentation tools available, with new tools being developed on an as-needed basis.

Liquid handling tools: Science-Jubilee has three main liquid handling tool options: a peristaltic
pump tool, a pipette interface for an OT2 pipette, and a syringe pump tool adapted from an external

open-source hardware initiative.
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I developed the peristaltic pump tool for use in a color-matching experiment, which is
described below. The peristaltic pump tool is well suited to low precision, high volume liquid
transfers. This tool consists of an array of 3 peristaltic pumps attached with tubing to 3 dispensing
nozzles on a tool head, pictured in Figure 5.3. The pump inlet is connected by tubing to a reservoir
of liquid. Liquid is dispensed by placing the appropriate dispensing nozzle over the desired
location then activating the desired pump. This dispensing method is well suited to applications
that require large volumes (O[mL]) or where time is important, as this method does not require the
aspiration steps that a pipette does. However, the precision of delivered volumes is relatively poor.
Initial measurements estimate the precision at +/- 0.1mL, which is unacceptable for many

experiments.

The Opentrons OT2 pipette tool and Digital Pipette syringe tools both offer precision liquid
handling and are suitable for different tasks. The Opentrons OT2 tool adapts an Opentrons pipette
to mount on Jubilee. The Opentrons liquid
handling systems use modular, standalone
pipettes. These pipettes use a standard
stepper motor that can be controlled by the
Duet board used for the Jubilee platform. A
mounting bracket and wiring harness has

been designed that makes it possible to use

Figure 5.3: Peristaltic pump liquid dispensing components.
The pumps (blue objects in back) are independently

controlled and connected to dispenser nozzles (black array
in front) by tubing (not pictured). users can perform a simple gravimetric

these pipettes on Jubilee. Once mounted,

calibration to enable precise liquid
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handling. This tool provides a true pipetting solution that enables transfer of microliter quantities
with disposable pipette tips. While the OT2 pipette integration has several advantages, the

relatively high cost ($2,750 USD per pipette) motivates lower-cost, open-source alternatives.

As an open-source alternative for precise liquid handling, the Digital Pipette liquid
handling tool was integrated onto Jubilee. The Digital Pipette tool is an open-hardware liquid
handling tool developed at the University of Toronto!”. The original design consists of a linear
servo motor, a 10cc disposable syringe, and a 3D printed frame to mount the syringe to the servo.
The tool was originally designed to be a low-cost liquid handling solution that could work with
grippers on robotic arms. The cost per tool is around $80 USD, in addition to a required
microcontroller module such as an Arduino or Raspberry Pi (additional $40-80, can be shared
between multiple Digital Pipette tools). This tool has several advantages over the OT2 Pipette tool.
Selecting syringes with standard Luer-lock tip connectors enables compatibility with a wide range
of needles and tips, allowing the tool to work with septa. The full syringe barrel volume can be
filled with liquid, avoiding pipette head space evaporation leading to dripping when handling
volatile liquids. Glass syringes can be mounted, allowing compatibility with most liquids. The low
cost per tool makes it feasible to mount several tools on a Jubilee and dedicate each one to a
specific liquid, which can greatly speed up the dispense process for larger amounts of liquid. The
fully enclosed fluid handling volume also minimizes evaporation of volatile compounds which
enables more accurate transfers and safe operation outside of a fume hood. To work with Science-
Jubilee, the original Digital Pipette system required extensive modification. The 3D printed frame
was modified to accept a Jubilee tool mount plate and parking post wings (Figure 5.4). Three

versions of the frame were designed to accommodate different syringe types: a lcc disposable
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syringe, a lcc Hamilton glass
syringe, and a 10cc disposable
syringe. Glass syringes are used
when a liquid is incompatible
with the polypropylene or Buna
rubber components of the

disposable syringes. Due to the

design of the syringe mount, the

mount needs to be adjusted for

Figure 5.4: Five adapted Digital Pipette tools mounted on a Jubilee.

every new syringe design, including syringes of equivalent volume from different manufacturers.
The control software was also modified to integrate with the Science-Jubilee python control
software. The original Digital Pipette control software was designed to run a single pipette tool
from an Arduino. To integrate with Jubilee, the capability to control multiple syringes from a
separate control computer was needed. This was accomplished by re-implementing the control
software as an HTTP web server running on a Raspberry Pi. The Raspberry Pi GPIO pins are used
to control the servo motors, and liquid handling commands are sent as HTTP requests. This web
server integrates with a client that is structured as a Science-Jubilee Tool class, making it seamless
to control the syringe tools from a python process running the Science-Jubilee control software.
Gravimetric calibrations were performed to calibrate the syringes and assess their accuracy and

precision. Results of these calibrations are shown in Appendix 1.

Sample characterization tools: Jubilee currently has multiple camera tools for sample

characterization. These tools are designed around Raspberry Pi cameras. There are many variants
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of this tool design available, for both the basic Raspberry Pi camera as well as the ‘high-quality’
camera. Camera tools are useful anytime images of samples are required as characterization, for
example in duckweed growth analysis'® or Bayesian optimization color matching experiments (see

below). Camera tools also provide the potential of automating experimental setup tasks.

An automated sample loading system has also been implemented that allows integration
of the Jubilee platform with measurement techniques that support flow-cell measurements. This
tool was implemented with the intention of integrating small-angle X-ray scattering measurements
but is compatible with other systems that have flow-cells for measurement, such as dynamic light

scattering. This tool is discussed further in chapter 6.

Jubilee frame alterations for science: An exploratory project to adapt the Jubilee motion
platform frame for better compatibility with lab automation use cases was pursued. This work was
primarily done by a summer REU student. Two issues with the original Jubilee frame were
identified. First, the assembly and alignment process is delicate and precise, requiring careful
manual alignment of the aluminum extrusion frame components. Misaligned frames lead to
inaccurate positioning and require extensive rework to correct. This challenge is amplified in a lab
automation context, where the frame assembly may be the first mechatronic assembly work a

researcher attempts, so issues can cause frustration and disappointment. Second, the stock Jubilee
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components are printed out of
polylactic acid filament (PLA),
which has poor compatibility with
many organic solvents. To
address the frame alignment issue,
the top and bottom frame
components were replaced with
single-piece laser cut aluminum
plates (Figure 5.5). The plates
were designed to integrate with
the rest of the existing frame
components, without modifying
the shape or kinematics of the

motion platform. These plates

Figure 5.5: Modified Jubilee with aluminum top and bottom frame
components and resin-printed components.

greatly simplify the assembly process, helping new builders get to an assembled frame around 8

hours sooner. They can be ordered from online laser cutting vendors like Send-Cut-Send, making

them as accessible as the original Jubilee frame is. To address the chemical compatibility issue,

critical PLA components were replaced with SLA resin-printed components. This work is still

ongoing. However, the modified Jubilee has been successfully used for 3D printing and lab

automation tasks without any issues associated with the new frame components.
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5.3.2 Software Development

Successful execution of experiments on Jubilee requires effective software control. The Science-
Jubilee python package was developed to facilitate the programming of experiments. The goal of
this interface is to enable researchers using Jubilee to define experiments using an intuitive
pythonic programming interface and to handle the required state management, sub-tasks, and
movement planning that is required to execute the experiment but not directly of interest to the
experimenter. There are plenty of examples of similar programming interfaces to draw inspiration
from. Any commercial lab automation hardware will have its own programming interface that will
most likely manage the points mentioned above. PyLabRobot is an open source software project
that attempts to be provide an abstracted interface to control liquid handling robots, essentially
solving the same problem that we are solving for Jubilee'®. We have chosen to implement our own
solution from scratch to enable greater flexibility in managing the tool-changing capabilities of
Jubilee. This is a unique capability among lab automation hardware, and we anticipated challenges
in adapting existing interfaces to Jubilee. Our interface builds from an existing Jubilee software
interface written for sonication station'®. In developing our interface, we chose to follow the
Opentrons API as closely as possible by using the same deck configuration and pipetting function
definitions. The current version of the Science-Jubilee control software has proven to reliably
manage core experiment workflows?’. This implementation includes capabilities to manage deck
layout, interact with labware such as well plates, and control the tools that have been developed.
Documentation has been developed alongside the code. This software package significantly lowers
the barrier to entry for new users of the Science-Jubilee platform. However, improvements are still

possible. While the core functionality has been refined, control software for some tools still
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contains bugs and unexpected behaviors. Currently, there are no unit tests and no defined protocol
for hardware integration tests when changes are made. The largest issue, however, is with the
overall architecture and intended use of the package. This python package was developed with the
intent of being run interactively in a Jupyter notebook. This interactivity provides several
advantages. Users can run subcomponents of experiment steps and carefully manage the software
state of the system to ensure it matches the physical state of the Jubilee. However, it has become
apparent over a few years of using this approach that notebooks are terrible structures for building
and maintaining mirrored physical state. As a user sets up an experiment, there are many pieces of
state that are changed on the Jubilee that also need to be updated in the Python object model. For
example, when loading a new piece of labware, the user needs to both place the labware on the
deck and set the location of the labware in the software. If the physical and software states do not
match, the Jubilee might crash into an unknown piece of physical labware or may try to interact
with a software-defined piece of labware that does not exist. This state management is an inherent
part of writing control software for physical systems and is not inherently problematic. However,
managing it in a notebook is. Notebooks allow users to skip cells, run cells out of order, and
arbitrarily reset values. This is great for experimental debugging but quickly leads to problems
when the notebook and physical state diverge. Running all Jubilee control from a notebook also
poses problems when researchers need to integrate a Science-Jubilee platform with other
equipment in an orchestrated fashion, for example when synthesizing samples determined from a
separate optimization system and transferring them to an X-ray scattering instrument for
measurement. This can become complicated to implement from a notebook, for example requiring

that all steps be orchestrated from the Jubilee main run loop or mediated through message queue
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to manage the jubilee component of the workflow. As an alternative to the notebook-based
approach, the main Science-Jubilee control software should be repackaged to run as a web-
accessible service that runs on a control computer that is physically attached to the Jubilee, e.g., a
Raspberry Pi bolted to the back panel. Interactive access can be maintained through a transparent
client library that allows users to control their jubilee through a notebook over a network
connection. This client would provide a well-scoped subset of the full Science-Jubilee
functionality so that users minimize their chances of unintentionally breaking their state. This

would also facilitate easier automated control for machine-machine communication.

5.3.3 Jubilee Community Development Initiatives

Having a reliable hardware platform with unparalleled scientific capability and flawless control
software doesn’t matter if nobody uses it. Developing a strong community of users and
contributors for Jubilee is a critical step towards expanding usage of the platform. Existing
community driven hardware
programs can provide
resources to guide or
bootstrap development
around a community for
Science Jubilee. In particular,
the existing Jubilee printing

community is a group of

dedicated individuals

contributing to the

Figure 5.6: Students observe a Jubilee color mixing experiment

89



development of the Jubilee platform and guiding new members in getting started. An active
Discord server is a hub for resources and feedback on Jubilee related topics. This community has
been immensely helpful in our efforts to get started with Jubilee from a hardware perspective. The
Gathering for Open Science Hardware (GOSH) is an organization that aims to build and support a
global community for the development of open science hardware?!. This organization works to
coalesce a community around open hardware by hosting meetings, advocating for institutional
support, and providing resources to newcomers. We aim to build a similarly strong community
around Jubilee for Science without duplicating the efforts or resources of these existing spaces.
Our efforts have focused on providing resources for interested new users to make getting started
as straightforward as possible, and to raise awareness of the Jubilee platform through live
interactions with relevant researchers. To facilitate new user onboarding, the project contributors
have developed thorough documentation to walk new users through the process of building a
Jubilee and using it for science applications. We also have a discord server for support and a
GitHub repository to facilitate
community contributions. To raise
awareness of the Science-Jubilee
project, we have provided live
demonstrations of the system at
conferences and events. I have

presented the system at conferences

in Canada and Slovenia, and

Figure 5.7: Experiment samples after a color mixing optimization
campaign in which the objective was to make the greenish color on
the right.

incorporated the system into a
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weeklong outreach event in Mexico. These demonstrations are immensely valuable for sparking
excitement about the platform. At every event, I have watched researchers faces light up as they
realize the possibilities that a flexible, approachable automation system would unlock for their
work. These live interactions seem to be critical for demonstrating the potential of the project.
During these demonstrations, a color matching experiment is typically used. Color mixing is a

standard demonstration for autonomous experimentation platforms?>%}

. In a color mixing
experiment, a Bayesian optimization campaign learns how to make a target color by mixing
appropriate amounts of component colors, typically red, yellow, and blue for liquid examples. This
demo is popular because it works easily without a lot of optimization algorithm tuning, and it is
safe, intuitive, and cost effective. For this demo, liquid handling was done with the peristaltic pump
tool, and sample characterization was done with a camera. Experimental control was managed
with an early version of the Science-Jubilee control software. Outside of ‘adult’ research

demonstrations, this demo is great for introducing children to automated research at outreach

events like Discovery Days.

5.4 Advocating for broad adoption of democratized automation

To realize the vision laid above for a democratized future of autonomous experimentation, a robust
ecosystem of community-driven infrastructure is needed. I co-organized a workshop dedicated to
democratizing self-driving labs at the 2024 Accelerate conference with the goal of catalyzing
community development in this space. This workshop was a joint effort between many
contributors to the autonomous experimentation field who are similarly motivated by the benefits
of democratized access to these tools. The workshop consisted of presentations and discussions
focused on exploring the role of open-source automation infrastructure in autonomous

91



experimentation research and reducing barriers to the deployment and adoption of these systems.
The workshop also featured live hardware demonstrations of over 14 user-developed automation
infrastructure projects. This demonstration provided an important opportunity for interested
members of the community to learn more about available open-source solutions and to talk with
project developers about adapting them to their own uses. It also facilitated idea exchanges
between builders of these tools. One of the conclusions of the workshop’s discussion sections was
that missing incentives hinder the development of complete open-source infrastructure projects.
As a first step toward addressing this issue, I led the compilation of a hybrid perspective-showcase
manuscript that compiled outcomes of the workshop along with highlights of the contributed
projects for the live demonstration®*. Inclusion in this manuscript provides the developers of these
projects with a citable reference for their work. As authors, we hope that this contribution will help
to motivate more researchers to adopt democratized automation practices. A larger conversation
about democratizing this field will both inspire researchers to consider adopting democratized
approaches where feasible and normalize contributing infrastructure advancements back to the

wider community as a core ethos in the field.
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6 Open-hardware automation platform for accelerated sol-gel
nanomaterial synthesis
This work is also in preparation as a manuscript for publication.

6.1 Introduction

Mesoporous and nanoporous colloidal silicas are synthesized via sol-gel methods that incorporate
micelle-forming surfactants to produce an ordered (nano)porous internal structure. Mesoporous
silicas are critical in a wide range of applications. In chemical separations, mesoporous silica
chromatography column packings enable efficient separations due to their narrow particle and pore

size distributions’? and improve the performance of pervaporation separations when included in
membranes®. Mesoporous silica nanoparticles (MSNs) are also promising drug delivery platforms.
Pores can be loaded with pharmaceutical ingredients to avoid solubility and other delivery issues?,
and particle surfaces can be functionalized to promote targeted delivery®® and coated with stimuli-
responsive coatings to control drug release’. Pore and particle size control is important to optimize
delivery and release characteristics*®. While drug delivery applications are still in development,
mesoporous silica has been used for decades in tablet formulations as an excipient®. In catalysis,
mesoporous silica can serve as a support substrate for metallic heterogeneous catalysts'®, where

the material’s high specific surface area and controllable pore sizes contributes to high mass

transfer and can prevent metal sintering’’. MSN supported metallic catalysts have shown
promising results for various CO: utilization reactions including CO> methanation™, CO>

photoreduction' and electrocatalytic reduction of CO2 with Ag or Au nanoparticles'™.
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Colloidal silica particles are typically synthesized through a surfactant templated sol-gel
process illustrated in figure 6.1. In the traditional sol-gel synthesis, commonly referred to as the
Stober process’, a silicon alkoxide such as tetraethyl orthosilicate (TEOS) undergoes a base-
catalyzed hydrolysis reaction (often using ammonia) followed by a condensation step to form
nanoparticles. Mesoporous silica can be produced by including a micelle-forming surfactant, such
as cetyltrimethylammonium bromide (CTAB), in the synthesis. The surfactant micelles provide a
template for silicic acid monomers to condense around, before the resulting oligomer-micelle
complexes aggregate and condense to form highly ordered porous structures'®'”. The packing
structure of the porous phase is thus controlled by the micelle structure and reaction conditions.
Common pore phases for these materials include the hexagonal rods of the canonical Mobil
Composition of <atter (MCM)-41"® and Santa Barbara Amorphous (SBA)-15" mesoporous
silicas, and the gyroid cubic packing of MCM-48"®, The synthesis of a mesoporous silica material
was first reported in 1992 with the development of the MCM mesoporous silicas'®. These materials
were subsequently deployed commercially in 2002?°, a notably fast turnaround for a novel

material.

Several approaches to synthesizing mesoporous silicas have been investigated with the goal
of gaining control over particle morphology and aggregation, pore size, and pore arrangement,
include evaporation induced self assembly®', simple monophasic solution synthesis®,
heterogeneous oil-water biphasic systems?3, semi-batch continuous TEOS addition?, and other
schemes?. This complex space of synthesis routes multiplies when the potential for including new
surfactants as templates to control pore phase properties. Many of the reported mesoporous silica

synthesis routes have been well characterized and the general factors that impact particle
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morphologies are understood in a ‘directional’ sense. For example, it is generally accepted that
ammonia, TEOS concentration, and temperature control particle size?®, and that surfactant chain
length controls internal pore size'®. However, these understandings are often stated as general
trends, rather than prescriptive guidelines for achieving target mesoporous silica morphologies.
Many studies do not quantify the reproducibility of their results and draw conclusions from single
replicates. As Noureddine and coworkers hypothesize?, the complexity of synthesis methods
present in the literature may hinder the adoption of MSNs for downstream applications, as
selecting appropriate synthesis conditions to produce MSNs with specific target morphologies

requires navigating a vast design space.

An automated synthesis and characterization procedure for mesoporous silica could help
overcome these challenges by facilitating repeatable, high-throughput explorations of synthesis
parameter space and enabling closed-loop optimization to discover appropriate synthesis

conditions for target morphologies. Mesoporous silicas are well suited to study with a high-
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Figure 6.1: Illustration of the cooperative assembly mechanism of particle formation during the synthesis
process. 1) CTAB solution is added to a mixture of ethanol, water, and ammonia, resulting in free micelles. 2)
TEOS is added to the micelle-containing solution. TEOS undergoes hydrolysis to form silicic acid monomers,
which interact with the micelles. 3) Micelle-oligomer complexes aggregate to form assemblies. 4) Continued
TEOS condensation produces spherical particles.
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throughput or accelerated experimentation approach due to liquid-based, ambient-condition
synthesis procedure, complex dependency of material morphologies on synthesis conditions, and
large parameter space of compositions and component identities. In this work, we describe such a
system for the automated synthesis and characterization of mesoporous materials. This system
performs sol-gel synthesis with an open-source liquid handling platform and integrates with small-
angle X-ray scattering instruments for sample characterization, as illustrated in Figure 2. The
Science-Jubilee open-hardware laboratory automation platform is used to automate the synthesis
process?”-?® utilizing an adapted version of the Digital Pipette syringe tool?® to provide liquid
handling capabilities. Small-angle X-ray scattering instruments, including a lab scale instrument
and a synchrotron beamline, are used for sample characterization. A modified version of the NIST
Autonomous Formulations Laboratory (AFL) sample loading module is used to automate sample
loading from the Jubilee synthesis platform into the X-ray scattering instruments®. This platform
enables the fully automated and reproducible synthesis of mesoporous colloidal silicas, allowing
for high-throughput investigations and providing an important component of a self-driving lab for
this material. Additionally, the use of open-source automation components showcases the promise
of democratized approaches to accelerated experimentation®'. This platform integrates three open-
hardware automation components, including the internally co-developed Science-Jubilee and ones
developed by the broader community (Digital Pipette and NIST-AFL). Using open hardware
provides flexibility to meet the unique requirements of this sol-gel synthesis and facilitates
extension of the platform by other researchers to study alternative sol-gel synthesized systems such

as solid silica nanoparticles or other metal-oxide nanomaterials.
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Small-angle X-ray scattering is a powerful technique for the automated characterization of
porous nanomaterials. X-ray scattering provides volume-averaged structural information over a
broad range of length scales with a single instrument, from atomic crystalline structure (wide-angle
X-ray scattering or X-ray diffraction) through mesopores (small-angle X-ray scattering or SAXS)
to particle size, shape, and aggregation (ultra- small-angle X-ray scattering or USAXS). Samples
can be quickly (seconds to minutes) measured as liquid dispersions, making the method amenable

to automation.

The automated synthesis and characterization system described in this work was used to
perform an initial composition space screening for a mesoporous colloidal silica synthesis. This
synthesis campaign validates that the system is capable of reproducibly synthesizing monodisperse
colloidal silicas with highly ordered mesoporous structures, supports insights into synthesis —
morphology relationships for this system, and provides an initial starting point for future

autonomous optimization campaigns. The binary surfactant mesoporous silica synthesis procedure

synchrotron beamline
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L Jubilee lab automation platform ) \with NIST-AFL sample loader

y 3. Sample characterization with SAXS

Figure 6.2: Overview of automated synthesis platform. Silica nanoparticle samples are synthesized on Jubilee,
transferred for characterization using the NIST-AFL sample loader, and characterized with small-angle X-ray
scattering using either a laboratory instrument or synchrotron beamline.
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first reported by Kim et al.?® was used for this exploration. This procedure modifies the traditional
Stober synthesis by adding two surfactants: A cationic surfactant such as CTAB to serve as a pore
template, and Pluronic F127 to aid in particle dispersity. It is performed at ambient conditions, can
produce monodisperse, colloidally stable particles, and can be performed in around 20 minutes, all

of which make it amenable to automated and autonomous experimentation.

6.2 Materials and Methods

6.2.1 Mesoporous colloidal silica synthesis

TEOS (Sigma Aldrich), Anhydrous Ethanol (Decon labs), CTAB (TCI), Pluronic F127 (Sigma),
and Ammonium Hydroxide aqueous solution (Sigma) were all used as received. Ultra-pure water
(resistivity > 18 MQ*cm) was used throughout. The synthesis was performed on a Science-Jubilee
laboratory automation platform. Science-Jubilee is an extension of the Jubilee open-hardware 3D
printer project. The science-jubilee project extends the Jubilee open-hardware 3D printer
project?®® to include tools, software, and documentation that facilitates laboratory automation?’.
Liquid handling for the sol-gel synthesis was performed with a modified implementation of the
Digital Pipette liquid handling tool?. The 3D printed components of the tool were modified to
integrate with the Jubilee tool changing mechanism, and the control software was adapted into the
science-jubilee python library. Five Digital Pipette tools were used in this synthesis procedure: a
dedicated 1 cc disposable plastic syringe dispensed water, dedicated 1 cc glass syringes (Hamilton)
dispensed TEOS and ammonium hydroxide solution, a shared 1 cc disposable plastic syringe
dispensed both aqueous CTAB and Pluronic F127 solutions, and a shared 10 cc disposable plastic
syringe dispensed ethanol, mixed samples, and transferred samples to the NIST-AFL sample

loader (described below) for characterization. 1 cc syringes provide more precision for low-volume
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transfers compared to 10 cc syringes. Glass syringes were used with TEOS and ammonia due to
incompatibility of these reactants with the plastic syringes. Accuracy for the used Digital Pipette
tools is shown in tables S3-S5. Documentation for the Science-Jubilee/Digital Pipette integration
is available on the Science-Jubilee project website*>. The Science-Jubilee was used with the lab

automation deck component, which retains 6 standard SLAS labware plates in a grid.

Sample synthesis was performed in 20 mL glass scintillation vials. Custom 3D printed
labware was used to hold the vials. A synthesis volume of 10 mL per sample was used. This
synthesis involves volatile reactants — ammonium hydroxide solution and ethanol. Evaporation of
these components needs to be prevented to avoid changes to sample compositions during synthesis.
TEOS vapors are also hazardous, and mitigation is needed to limit exposure. Pre-slit silicone septa
were used on all reaction and stock solution vials to minimize evaporation. This effectively
prevented reactant evaporation and allowed for the synthesis procedure to be run outside of a fume
hood, facilitating beamside sample preparation. The automated synthesis procedure was controlled

from a Jupyter notebook using the science-jubilee python package to control the Jubilee platform?’.
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6.2.1.1 Workflow for mesoporous silica nanoparticle synthesis

6.2.1.1.1 Experimental design

For the batch synthesis campaign, a space filling experimental design strategy was used to select
sample compositions. An experimental parameter space was selected by defining composition
bounds on each component. Composition bounds (Table 6.1) were selected by expanding the
compositions explored by Kim et al®*. and identifying ranges likely to produce dispersed colloids
through initial experiments. A set of randomly selected compositions from within these bounds
was generated using a constrained Sobol rejection sampling strategy which selected samples that
met the constraints imposed by the selected composition bounds and the necessity that all volume
fractions sum to 1. First, a set of 128 composition values for the first five components (excluding
water) was generated with a Sobol sequence**>. For each sampled composition, the volume
fraction of water required to meet the additive constraint was then calculated, accounting for water
added during the addition of aqueous surfactant solutions. Compositions meeting all composition
bound and additive constraints were retained, and the rest were discarded. This process was
repeated until 80 valid sample compositions were selected. 63 of these selected samples were
successfully synthesized within available time at a synchrotron beamline. Additionally, further

experiments were run to validate the reproducibility of the synthesis protocol.

Table 6.1: Composition bounds. Bounds for liquid components are reported as volume fraction of final sample
mixture, while surfactant components are reported as concentrations in [mg/mL] in final sample mixture.

Component Lower bound Upper bound
TEOS 0.0035 0.04
Ammonium hydroxide solution 0.01 0.08

Ethanol 0.2 0.4

CTAB [mg/mL] 1 10

Pluronic F127 [mg/mL] 0 30

Water 0.3 1
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6.2.1.1.1.1 Synthesis execution

Stock solutions of TEOS, ammonium hydroxide solution, ethanol, water, CTAB solution
(aqueous) and Pluronic F127 solution (aqueous) were prepared. TEOS was dissolved in ethanol at
a ratio of 1 part TEOS:1.85 parts ethanol by volume. This dilution was necessary to increase the
syringe delivery volume for TEOS dispensing, which increases the relative precision of low-
volume dispenses. This dilution amount was selected such that the minimum dispense volume for
the lower bound of the TEOS composition space would be 100 uL, which was identified as the
minimum reasonable volume for precise transfers with the syringe tool (Table A1.4). CTAB was
dissolved in water at a concentration of 15 g CTAB per liter of water. The mixture was lightly
heated on a hot plate to dissolve. Recrystallization during the synthesis campaign was prevented
by periodically re-heating the CTAB solution on the hot plate during synthesis campaigns.
Pluronic F127 solution was prepared at a concentration of 50 g/L. by dissolving Pluronic F127
powder in water. Ethanol, ammonium hydroxide solution, and water were used without
preparation. Stock solutions were transferred to 20 mL septa-covered vials and placed on the
Jubilee deck. The actual delivery volume for each reactant was calculated from the target sample
composition and the stock solution compositions. For example, the water delivered with the
aqueous CTAB solution is accounted for in the total water delivered to the sample. A typical
nanoparticle synthesis involves the following steps and is illustrated in figure 6.3. 1) Ethanol is
transferred from the ethanol stock vial to the sample vial using the 10 cc syringe tool. 2) Water is
dispensed into the sample vial from the dedicated 1 cc water syringe tool. The syringe is refilled
from the water stock vial as needed. 3) Ammonia solution is dispensed with the dedicated syringe

tool. 4) CTAB solution is dispensed with the shared surfactant syringe, then the syringe is rinsed
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by aspirating and dispensing ethanol from a series of three rinse vials dedicated for use before
TEOS is added to a sample. 5) Pluronic F127 solution is dispensed with the shared surfactant
syringe, then the syringe is rinsed as it was after CTAB. 6) The precursor solution is mixed via
aspirate/dispense cycles with the 10 cc syringe used for ethanol. 7) TEOS is added with the
dedicated syringe tool. The Jubilee immediately swaps for the 10 cc syringe tool, then mixes the
sample with aspirate/dispense cycles. 8) The 10 cc syringe is rinsed in a series of 4 post-TEOS
addition ethanol vials. 9) Particle growth is complete and the sample is ready to be loaded for
measurement two hours after TEOS addition. The entire synthesis process takes approximately 20

minutes of active time per sample.
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Figure 6.3: Mesoporous colloidal silica synthesis protocol.
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6.2.2 Sample transfer to characterization instruments

The NIST-AFL sample loading system was used to transfer samples from the Jubilee synthesis
platform to X-ray scattering instruments for sample characterization. The sample loader is a
component of the NIST-AFL platform, an open-source initiative to develop autonomous
experimentation capabilities for formulation development tasks®. The sample loader is a
pneumatic system that uses air pressure to push a sample through flexible tubing into a quartz
capillary flow cell. To load a sample, the Jubilee robot transfers a sample into the NIST-AFL
‘catch’ cell using the 10 cc mixing syringe tool. The catch cell is closed with a rotating clamp arm.
Air pressure is used to move the sample through tubing until it reaches a capillary flow cell
positioned in the X-ray instrument. After measurement, the sample contact path is rinsed and dried.
More information on our implementation of this system for Jubilee can be found on the project
GitHub repository, and additional information on the NIST-AFL system can be found in the
hardware and software repositories for this project®®-®’. The sample loader design used in this work
is an update to the version described in the original AFL publication. The sample loader is well
suited to run in a sequential one-sample-at-a-time mode. Alternatively, custom liquid cartridge
cells were also used to run samples in a ‘batch’ mode. Documentation to reproduce these cells is

available online®.

6.2.3 Sample Characterization

6.2.3.1 Small-angle X-ray scattering

Small-angle X-ray scattering measurements were made at the 12-ID-E USAXS beamline at the
Advanced Photon Source®, and with a laboratory instrument. The USAXS instrument enables

observation of larger structural features than the laboratory instrument, while the laboratory
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instrument provides higher resolution data at the high-q regions corresponding to scattering from
the internal porosity of mesoporous samples. USAXS measurements were made with an X-ray
energy of 21 keV (1 = 0.5895 A). USAXS flyscan data were reduced and corrected using Igor.
Data were corrected for instrumental and empty container background scattering and de-smeared
to correct for instrumental slit smearing. Laboratory SAXS measurements were made using a
Xenocs Xeuss 3.0 instrument with a Cu-Ka source (A = 1.5406 A). Data were reduced and

corrected for empty container background scattering using XSACT 2.10 from Xenocs.

Operating this system in a fully automated manner requires integrating with X-ray
scattering instruments to trigger measurements and collect completed data. This integration is
instrument-specific due to varied sample mounting stages and control interfaces. Mechanically
integrating the synthesis system with an instrument requires mounting the capillary flow cell and
NIST-AFL electronic components on the instrument sample stage. This can be achieved with
appropriate sample stages or custom 3D printed holders*°, and requires the Science-Jubilee and
NIST-AFL control hardware to be located next to the instrument. Software integration with the
instrument control system is needed to trigger a measurement once a sample is loaded. The details
of this implementation are instrument-specific, but common instrument control softwares
including Bluesky and SPEC provide provisions for initiating measurements through a network
request. The integrations developed in this work for the 12-ID-E and the Xenocs instrument are

documented in the project GitHub repository*!.

Raw X-ray scattering data needs to be corrected and reduced then analyzed before it can
be used to understand the structure of the sample it was generated from. For closed-loop

autonomous experimentation, this data processing process needs to be automated to allow for fully
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autonomous optimization. Instrument-specific data reduction and correction processes perform the
necessary transformations to convert raw detector data into 1-dimensional, intensity vs. scattering
vector (q) data. Fully automated reduction and correction pipelines exist for many instruments,
making it straightforward to attain reduced 1D data from a measurement. The larger challenge in
integrating SAXS characterization into autonomous experiments is automation of the data analysis
and interpretation process. This process traditionally requires extensive researcher involvement
because it relies on external or a-priori information about the sample and expert model selection.
Nevertheless, the scattering community is making significant progress in developing methods to
automate this process. Possible approaches include machine-learning classifier guided model
fitting*?**, domain-specific structural solvers such as CREASE***¢ and shape metric approaches

to compare measured and target scattering®’. While this problem is not addressed in this work,

continued progress by the community is likely to enable SAXS integration into autonomous

experimentation workflows in the near future.

6.2.3.2 Dynamic light scattering

Dynamic light scattering (DLS) was used to measure particle sizes in initial exploratory
experiments and reproducibility verification campaigns. DLS measurements were made with a
Malvern Instruments Zetasizer Nano ZS fitted with a 633nm laser. As-prepared samples were
diluted in water before measurements. Analysis was performed with Malvern Zetasizer Software

version 8.0. Z-average diameters and PDI are reported here.

6.2.3.3 Electron Microscopy
Scanning electron and transmission electron micrographs were collected from samples supported

on a carbon grid. SEM images were collected on a Thermo Fisher Scientific Phenom Pharos
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desktop instrument in secondary electron detector mode operated at 20 kV. Samples were prepared
for SEM by dispersing as-prepared samples in ethanol then drop-casting them on the grid.
Transmission electron microscopy (TEM) was performed using a Tecnai G2 F20 SuperTwin TEM
at an operating voltage of 200kV using a Gatan Ultrascan CCD digital camera. TEM samples were
first washed to remove surfactant using an acid wash procedure®®. Washed samples were dispersed

in ethanol and drop-cast onto grids.

6.2.3.4 Integrating automated experimentation with a synchrotron beamline

The integration of the Jubilee and NIST-AFL systems with the 12-ID-E USAXS beamline was a
significant undertaking, and important details are worth discussing here to document decisions
made and provide a reference point for similar future experiments. This experiment was scheduled
consecutively with another Pozzo group USAXS experiment, providing 96 hours of continuous
beamtime. The other experiment involved pre-prepared static samples that were relatively simple
to set up and could be run uninterrupted. The concurrent scheduling allowed timing flexibility with
the execution of automated sol-gel synthesis. When problems were encountered with the
automated equipment, alternative samples could be swapped in quickly to make the best use of
available beamtime. This allowed the 48 beamtime hours of this experiment to be spread over the
96 hours allocated to our group, enabling significant flexibility for troubleshooting. Pursuing a
similar backup scheduling strategy is highly recommended for future work. This trip would not

have resulted in useful sol-gel scattering data without this flexibility.

Transporting equipment to a national laboratory facility and operating it there presents
logistical challenges that need to be addressed. Options for transporting equipment are to ship it

via ground transportation or to fly with it as checked baggage. An effective system for flying with
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the Jubilee platform has been developed. The NIST-AFL platform and auxiliary experimental
equipment (e.g., vials, tools) were shipped. It is necessary to allow sufficient time for shipping and
is recommended to ship equipment to a FedEx or UPS store in the vicinity of the national lab and
to pick it up on the drive to the laboratory. This avoids issues with the facilities shipping receiving
department. In addition, any hazardous chemicals needed for the experiment must be delivered
well in advance. From experience on this trip, it is recommended that hazardous materials be
scheduled for delivery to Argonne National Lab 3 business days before they are needed for the
experiment to allow for intra-lab delivery. Plan well in advance to manage the hazmat shipping
process for these materials. Arrangements also need to be made with the beamline staff to provide
air and network access inside the instrument hutch. While the experiment safety form does ask
about this, it is also suggested to directly communicate with the staff well in advance. The
equipment complexity involved in this system is beyond the scope of most beamline experiments,
so it is imperative to clearly communicate the experiment setup plans. Equipment used at APS also
needs to pass an electrical safety inspection. Electrical equipment generally needs to be NRTL
listed. The 24V power supply used on Jubilee and the NIST-AFL implementation used here is not
listed and is also used in a non-approved manner. While the equipment used here was approved
for use with some additional wiring protection, future APS trips should replace all 120V
components with an NRTL listed 24V power supply. Future trips involving the Jubilee system will
also need to develop shielding that covers the exposed belts and prevents users from putting

appendages in the Jubilee deck space while the machine is active.

Integrating the automated synthesis system with the instrument to trigger measurements

and retrieve data is an administrative and integration challenge. In principle, triggering
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measurements should be trivial. At the time of this experiment, the USAXS instrument control
was done with Bluesky. Through the NIST-AFL project, various drivers have been developed to
allow for triggering over the network. The barrier to this is security restrictions on access to the
national lab network. Due to these restrictions, it was impossible to place the control computer
used for the sol-gel synthesis on the network or otherwise gain direct access to the USAXS control
system. The circumvention developed on the fly for this experiment was to develop a cloud-
brokered task messaging architecture. The Jubilee experiment control computer updated a file on
an AWS EC2 instance when a sample was loaded and ready for measurement. A script running on
the USAXS control machine monitored the file for changes and triggered the measurement when
changes were detected. While more elegant solutions exist, this was a reliable solution
implemented on a time crunch. Unfortunately, this solution will not work for future experiments
due to more security restrictions that will prevent instrument control computers from
communicating with the general internet. Future experiments will need to work with APS
IT/security to clear the experiment control computer for access to the internal network. This will
raise another issue: GPU access for closed-loop experiments. In this work, had an autonomous
optimization been attempted, Amazon Web Services GPU resources would have been used to run
the BoTorch based optimization workflow. Fully segregating the experiment control system from
the general internet will preclude this resource. One possibility is to gain access to GPU resources
at Argonne’s computing user facilities to run the experiment. Data reduction is another challenge
for fully automated experiments. At the time of this experiment, an automated data reduction

pipeline for USAXS flyscan data was prototyped and available for testing. Again, it is imperative
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to communicate with the beamline staff well in advance to make sure this capability is in place

and available to integrate into the experimental workflow.

6.3 Results and discussion

6.3.1 Workflow validation

6.3.1.1 Assessing synthesis reproducibility

Two assessments were used to understand the reproducibility of the automated synthesis

workflow. In the first, a sample composition observed to produce highly monodisperse, colloidally

stable (non-aggregating) particles was replicated. Sample 1 (composition listed in table 6.2) was
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Figure 6.4: Mesophase SAXS scattering from
reproducibility control experiment

selected. This sample was replicated five times
in a single synthesis run. Particle size was
measured with DLS, and the mesoporous
structure was characterized with SAXS. Across
the five samples, the particle diameters were
similar (average particle diameter 778 nm, with
a standard deviation of 12nm), and the
scattering data from the mesoporous region is
nearly identical for all particles (figure 6.4).
These results suggest that the synthesis
workflow is capable of reproducibly

synthesizing samples.
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In the second reproducibility check, control samples were synthesized throughout the main

batch synthesis experiment (described below). Samples with identical compositions were made in

triplicate at the start of the experiment, then at regular intervals over the course of the 24-hour

synthesis campaign. The control composition was selected as the most monodisperse sample from

early exploratory experiments and is shown in Table S1. The scattering data suggests all samples

were polydisperse in diameter. While samples 1-4 were well dispersed, the scattering for sample
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Figure 6.5: Controls from USAXS batch experiment.

5 suggests particle aggregation
(figure 6.5). This control
experiment also indicates that
the synthesis procedure is
generally reproducible both
between individual synthesis
executions and over the course

of a 24-hour campaign.

Initial development
experiments indicated that
effective control of ammonia
evaporation is important for
achieving reproducibility in
this synthesis as ammonia
concentration has a large

influence over particle size
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and ammonia is highly volatile. Researchers working on similar sol-gel syntheses, whether using
automated systems or traditional manual methods, should take precautions to prevent ammonia
concentration changes due to evaporation from impacting results. In this work, silicone septa were

used to minimize evaporation.

6.3.1.2 Comparison of this workflow to traditional stirred workflow

Many reports suggest that the stirring of the reaction mixture during and after TEOS addition is an
important factor in determining the packing structure of the porous mesophase and potentially
particle size®*>“®. The synthesis procedure presented in this work, however, replaces continuous
stirring with repeated syringe aspirate/dispense cycles. To evaluate the impact of this procedural
adaptation on sample morphologies, samples with identical compositions were synthesized using
both traditional stirring and the syringe mixing used here. The composition of sample 1 (table 6.2)
was used. For the traditionally stirred samples, the precursor mixture was prepared on the Jubilee
platform, then TEOS was added with a manual pipette while stirring at 1000 RPM. Stirring was
continued for 1 minute after TEOS addition then stopped. The Jubilee syringe mixed samples were
prepared following the general procedure presented in this work. Samples were characterized with
dynamic light scattering to measure particle size and SAXS to compare mesopore phase structure.
The resulting sizes were similar between methods (726 +/- 45 nm for stirred, 778 +/- 12 nm for
jubilee, n=5), and scattering from the porous structures was essentially identical (disordered porous
structure, figure 6.5). This suggests that particles synthesized using this automated synthesis

procedure are similar to those made with traditional manual procedures.
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6.3.2 Exploring the design space for mesoporous silica nanoparticles

The automated synthesis platform was used to perform a batch parameter space exploration
experiment. This experiment was performed at the APS 12-ID-E beamline. 63 samples were
synthesized in the available experiment time from the 80 compositions generated with the
constrained Sobol sampling method discussed above. Samples were continuously synthesized over
a contiguous 24-hour period. Samples were characterized with USAXS using the custom liquid
cartridge plates described in the methods section. Fully automated synthesis-characterization
integration was achieved at 12-ID-E, and several samples were synthesized in this manner.
However, the samples described here were prepared offline and measured in batch mode to more
efficiently utilize beamtime for the initial screening experiment. A minimum of two hours elapsed
between sample synthesis and USAXS measurement. To supplement the USAXS scattering data,
additional SAXS data was collected from the same samples 11 days after synthesis on the Xenocs
Xeuss 3.0 instrument. SEM and TEM images of selected samples were also collected 26-60 days
after sample synthesis. Particle dispersion and size monodispersity are both important sample
characteristics. This experiment campaign demonstrates that the automated synthesis presented is
capable of producing stable, monodisperse particles, and that USAXS is an effective method for
understanding these properties for colloidal silica samples in high throughput. Figure 5 presents
USAXS scattering data from four selected samples. SEM images of these samples are also shown.
The scattering data presented in Figure 6.6a suggests a sample consisting of monodisperse particles
with minimal aggregation. Size monodispersity is indicated by the oscillations present in the

intensity (y axis), and minimal aggregation is indicated by the turnover to a flat slope at low q
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Figure 6.6: SEM images and USAXS scattering for selected samples. A) highly monodisperse sample (sample
composition 1), b) Moderately monodisperse sample (sample composition 2), ¢) aggregated polydisperse
sample (sample composition 3), and d) aggregated polydisperse sample (sample composition 4).

values (x axis) (left side of plot). The associated SEM image confirms that this sample contains

uniformly sized, spherical particles with minimal aggregation. A polydisperse sphere model fit of

the USAXS data suggests particles with a mean diameter of 602 nm. Figure 6.6b-d show samples

whose scattering data suggests varying degrees of aggregation and polydispersity. The SEM

images of these samples indeed confirm polydisperse, aggregated particles. Compositions of select

samples discussed are shown in table 6.2.

Table 6.2: Compositions of selected samples

Sample | TEOS vol. Ammonia Ethanol [CTAB] [F127] Water
frac. vol. frac. Vol. Frac [mg/mL] [mg/mL] | vol. frac.
1 0.008 0.018 0.37 5.0 6.9 0.60
2 0.019 0.064 0.21 2.8 6.3 0.70
3 0.034 0.055 0.21 7.5 0.5 0.70
4 0.029 0.022 0.23 4.2 5.3 0.72
5 0.011 0.059 0.29 5.4 1.8 0.64
6 0.007 0.021 0.40 7.0 1.0 0.57
7 0.020 0.026 0.28 8.5 5.4 0.68
8 0.012 0.020 0.27 3.6 11.9 0.70
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6 out of the 63 synthesized samples have USAXS scattering data that is consistent with
stable, size monodisperse particles. Polydisperse sphere model fits made with the Sasview
software*® indicate that the mean diameters of these samples range from 220 nm to 630 nm, and

that their associated polydispersity indices range from 0.08 to 0.19. Model fits are shown in figures

Al.3-Al.6.

The influence of sample composition on particle size monodispersity can be evaluated
qualitatively. Figure 6.7 presents the relationship between sample composition and USAXS
scattering by plotting the measured scattering data directly in the composition space. Sample
compositions low in TEOS, high in ethanol, and low in F127 favor monodisperse particles.

Monodisperse scattering data is primarily present in the lower left corner of the composition-
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Figure 6.7: Composition-scattering plots for USAXS scattering data demonstrates relationships between
composition and particle morphology. USAXS scattering data for each sample is plotted at a position
corresponding to that sample composition with respect to the components in each axis. The inset highlights
distinct features in the scattering data. Scattering from highly size monodisperse samples has clear oscillations
while polydisperse samples lack this feature. Scattering from aggregated samples has a negative slope in the
low-q region (the left portion of the scattering data) while stable samples have a slope approaching zero.

117



scattering plots, indicating low compositions. This campaign did not generate enough
monodisperse samples to facilitate quantitative conclusions about composition — diameter
relationships. Composition-aggregation relations can also be inferred from these plots by

comparing the low-q slope of the scattering data. Stable particles are produced primarily from

samples with low TEOS content. Other components do not significantly impact aggregation.

Samples with a variety of ordered internal pore mesophases were formed, including those

with hexagonal p6mm and gyroid la3d cubic structures. These phases were identified by multiple
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Figure 6.8: Examples of samples exhibiting ordered 2D hexagonal (Sample 3) and gyroid (Sample 5) internal
pore orderings. Internal porosity is visible in a TEM image of the hexagonal sample, but cannot be seen in the

gyroid sample.
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sharp peaks that index to known peak spacings®. Additionally, many samples exhibit an
unidentified two-peak mixed phase, and others show a single, often broad peak suggesting poorly
ordered pores. Figure 6.8 shows examples of scattering from samples with ordered internal porous
phases, along with TEM images showing their internal porous structure. Several samples do not

have any high-q scattering peaks, suggesting a lack of ordered pore formation.

Qualitative composition — structure relationships for pore ordering can also be investigated
with composition-scattering plots (figure 6.9). These plots show that high CTAB content is
necessary to form ordered mesoporous phases, which is expected given CTAB’s role as the
micelle-forming template surfactant in this system. Low Pluronic F127 content also favors ordered
pore phase formation. We hypothesize that high Pluronic F127 content may interfere with CTAB
micelle formation to inhibit mesoporous structure growth. Pluronic F127 was originally included

in this synthesis to minimize particle aggregation®® However, stable samples were synthesized with
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Figure 6.9: Composition-scattering plots for SAXS measurements of samples. This plot is analogous to figure
6 but shows high-q scattering associated with porous phase order from the same samples.
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low Pluronic F127 content, suggesting that this may not be a necessary component of the system,
or that the selected upper composition bound for this experiment needs to be lowered. Low ethanol
and TEOS content with moderate to high ammonia content and high water content also favor
highly ordered pore phases. These qualitative conclusions are supported by a SHAP feature

importance analysis applied to a peak sharpness score. A peak sharpness score was defined as

Peak prominence
Peak width

Sharpness = for the first peak in the SAXS data region (g>0.1 1/A). Peaks were

identified using the scipy find peaks function with parameters [prominence = 0.1, width = 10].
Prominence was calculated with the scipy peak prominences function and width was calculated
with the scipy peak widths function. A SHAP feature importance analysis was used to help
understand the impact of composition on peak sharpness®?. An XGboost regressor was fit to predict
peak sharpness from sample composition®>. SHAP values were calculated from this model and are

shown in figure 6.10. Figure 6.9 also suggests a compositional dependence for phase selection. In
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Figure 6.10: SHAP plot for peak sharpness analysis.
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Figure 6.11: The most monodisperse samples observed have poorly
ordered porous phases, and the most ordered porous phase samples

observed occur in polydisperse to moderately monodisperse particles.

However, moderate monodispersity in sample 28 suggests further
optimization may yield monodisperse, highly ordered particles

particular, the ethanol-TEOS
panel suggests that as ethanol and
TEOS compositions are jointly
increased, the porous phase
arrangement undergoes
transitions from hexagonal to
gyroid to 2-peak mixed to

disordered phases.

Comparing the

composition-morphology
relationships for overall particle
morphology and pore phase order
suggests the existence of a trade-
off between compositions that
generate monodisperse, dispersed
particles and those that generate
highly ordered pore phases. For
example, a high ethanol content
supports monodisperse particles,
but a low content is associated
with ordered pore phases. This

effect can be observed in figure
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6.11, which plots USAXS and SAXS data for examples of highly monodisperse samples as highly
pore-ordered samples. This shows that the observed monodisperse samples have moderate pore
ordering, while the highly ordered samples have at best moderate polydispersity. This suggests
that further investigation, potentially with an autonomous optimization approach, would be
necessary to identify compositions supporting both high diameter monodispersity as well as highly

ordered pore phases.

6.4 Conclusions

An automated synthesis and characterization system was developed for sol-gel nanomaterial
synthesis and was used to study the composition space of a mesoporous colloidal silica synthesis
procedure. This study demonstrated that the platform is capable of synthesizing size monodisperse
mesoporous silica particles with a wide range of particle sizes and ordered pore phases. This work
also shows that small-angle X-ray scattering is an effective characterization method for automated

sol-gel synthesis experiments.

This system and the initial exploratory dataset described in this work will enable future
research to understand and optimize synthesis conditions for mesoporous colloidal silica and other
sol-gel synthesized nanomaterials. The initial exploration conducted here will allow further
investigations to study ‘interesting’ parameter spaces with active learning approaches. Possible
objectives include phase boundary mapping to develop a better understanding of the conditions
that lead to specific pore phase ordering, and morphology optimization to discover synthesis
conditions for size monodisperse, colloidally stable particles with targeted particle sizes and pore
structures. Many opportunities exist to expand on the synthesis conditions investigated here, for

example by incorporating additional surfactants or adding a reaction quenching step to the
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synthesis. Our hope is also that other researchers adapt and extend this platform to accelerate
research across a diverse range of sol-gel chemistries beyond the colloidal silicas studied here. The
open-hardware nature of this system makes it possible for researchers to explore new synthesis
steps and conditions or alternative characterization techniques by building off the existing
capabilities discussed here. This integration of new accelerated experimentation methods with
traditional sol-gel synthesis techniques will yield exciting advancements in nanomaterials

development.

6.5 Data, code, and hardware availability

Complete experiment information is available in an associated GitHub repository at

https://github.com/pozzo-research-group/automated-mesoporous-silica, including the code and

detailed procedures used to execute the experiments described here and resulting X-ray scattering
data. Extensive hardware documentation for the Science-Jubilee project is available at

https://science-jubilee.readthedocs.io/en/latest/, and the NIST-AFL implementation described

here is documented at https://github.com/pozzo-research-group/AFL-sample-loader.
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7 Toward autonomous experimentation for morphological optimization
of silica nanoparticles

7.1 Introduction

Fully automated synthesis and characterization of mesoporous nanomaterials was demonstrated in
the previous chapter. This automated approach to studying nanomaterials enables sample synthesis
in high throughput, which on its own enables high-resolution grid studies to understand the phase
behavior of porous phase ordering, accelerated screening of previously unstudied templating
surfactants, and more replicates to better understand the reproducibility and sensitivity of synthesis
processes. However, many important questions pertaining to porous nanomaterial development
could be more effectively addressed with an autonomous experimentation approach that integrates
an active experimental design strategy with the automated experiment execution platform to
selectively guide experiments in pursuit of a particular goal. In the context of mesoporous colloidal
particles, properties of interest include pore ordering and connectivity, pore size, particle size and
size polydispersity, and dispersibility, among others'. Precise retrosynthetic control over these
properties is needed when developing a mesoporous material for specific applications. For
example, a particle for drug delivery may need to be below 100 nm in diameter to exhibit enhanced
permeability and retention?, while containing sufficiently large pores to retain an active
pharmaceutical ingredient at a controlled overall porosity to determine loading. A porous
nanomaterial designed for use in catalysis, on the other hand, may need to exhibit specific pore
ordering and associated connectivity to control mass transfer properties with particle size being of
little importance®. A self-driving lab for sol-gel synthesis would provide a tool to optimize

synthesis conditions for property outcomes.
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To extend the automated experimentation process described in chapter 6 into an
autonomously operating system, additional components are needed. The automated
experimentation system is capable of synthesizing and characterizing particles. The input to this
process is a sample composition, and the output is reduced one-dimensional scattering data. To
integrate these capabilities into an autonomous system, scattering data processing and
experimental design components are needed at a minimum. These components will enable the
closed-loop selection of experiments without requiring researcher decision making. To perform
truly autonomous experiments without human involvement, software orchestration to integrate and
manage all interrelated components is also needed. However, human-orchestrated ‘autonomous’
experimentation, in which individual components are managed manually by a researcher, is also a

viable approach to implementing such systems®.

Synthesis w/ Jubilee
/ \

Bayesian optimization I‘B/ ]
M1E o)

\ Characterization w/ SAXS

|y

Automated data assessment

Figure 7.1: Necessary components to enable closed-loop optimization of
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Implementing automated small-angle scattering data analysis is by far the most difficult
and important task to enable autonomous experimentation for experiments using scattering
characterization methods. Fully automating small-angle scattering data analysis to provide
machine-learning ready information is a significant barrier to the successful development of small-
angle scattering based autonomous experimentation systems’. Once reliable data analysis
methodologies are developed, they can be coupled with an appropriate active experimental design
strategy such as Bayesian optimization to enable autonomous experiment selection. Integrating
these components with the experiment execution workflow using an orchestration software system
will be challenging but is relatively approachable compared to the needs for data processing

capability development.

In this chapter, progress toward the execution of autonomous experiments for the
optimization of silica nanoparticle morphologies is discussed. This work focuses on the
optimization of particle diameter for solid spherical silica nanoparticles, in contrast to the
mesoporous colloidal particles of the previous chapter. These particles are synthesized in a similar
manner to mesoporous particles, except that the surfactant micelle templates of the mesoporous
synthesis are excluded. This synthesis is known colloquially as the Stober synthesis, after its
original developer®. Solid spherical particles provide a simpler starting point for developing the
additional capabilities required for autonomous optimization. They involve optimizing over a
composition space with 3 independent parameters instead of 5 for mesoporous. Optimizing solid
particle morphology also avoids the additional complexity of analyzing porous contributions to

scattering and balancing multiple objectives during optimization.
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An appropriate X-ray scattering data processing method has been identified, performant
experimental and Bayesian optimization configurations have been selected through a virtual
instrument optimization simulator, experimental optimization campaigns have been executed, and
experimental reproducibility challenges have been addressed. While a successful morphology
optimization campaign has not been demonstrated, the components to enable one have been
developed and validated. The order of work presented here has been selected to best describe the
findings and results of this work and is not a historical recounting. Chronologically, the work
presented in this chapter predates the mesoporous work in chapter 6. The workflow for solid
spherical nanoparticle synthesis was developed initially. After some initial validation experiments,
several experimental optimization campaigns were run. Concerns over the performance of these
campaigns prompted an investigation into campaign structure with an in-silico simulator. This
simulation suggested that experimental reproducibility is an important factor for convergence,
which prompted an investigation into reproducibility. Continued development of the autonomous
experimentation work was deprioritized in favor of advancing the automated mesoporous
synthesis, as mesoporous particles were of greater interest for practical applications and for a

scheduled synchrotron beamline trip.

7.2 Synthesis and characterization workflow

7.2.1 Experimental synthesis methods

The solid spherical nanoparticle synthesis process is analogous to the synthesis of mesoporous
nanoparticles described in chapter 6, except that the surfactants (Pluronic F127 and
cetyltrimethylammonium bromide (CTAB)) are omitted. Also, ethanol serves as the primary

dispersant, and water is added in small quantities to participate in the tetraethyl orthosilicate
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(TEOS) hydrolysis reaction, in contrast to the mesoporous synthesis where water and ethanol are
both present in large quantities. The synthesis proceeds in a similar fashion: Ethanol, water, and
ammonia are added to a reaction vial and mixed. TEOS is added to the precursor mixture and
mixed. For appropriate synthesis compositions, colloidally stable particles are formed over a few
hours. The Jubilee platform was used to automate this synthesis. As with the mesoporous
synthesis, Digital Pipette syringe tools were used to perform liquid handling. The synthesis was
initially performed using disposable plastic syringes for all components. After identifying
compatibility issues between the rubber seal on the syringe plunger and TEOS, the TEOS and
ammonia syringes were replaced with glass syringes for later experiments. Early on, it was
identified that reaction vials needed to be sealed to prevent evaporation of the high ethanol content
reactant solution over the extended (5 hours) reaction time. Later experiments also suggest that
evaporation control is critically important to prevent ammonia evaporation from impacting particle
size. Various options were tested for evaporation prevention including well plates with sealing
mats or sealing stickers and vials with septa caps. Ultimately, 2 mL glass vials with snap-top pre-
slit septa caps were selected as reaction vials, and 20 mL scintillation vials with pre-slit silicone
septa caps were used to store stock solutions on the Jubilee deck. A 1,700 pL total sample volume
was used for all samples. This value was selected as the largest volume that did not lead to liquid
ejection from the vial during the syringe mixing process. Implications of reaction volume for
experimental reproducibility are discussed later in the chapter. The use of septa-covered vials does
preclude the use of disposable tip pipettes like the Opentrons OT2 pipette adaptation for Jubilee.
Friction between the pipette tip and the silicone septa causes labware to be pulled out of its deck

slot or the pipette tip to be removed from the pipette when the pipette is withdrawn from the vial.
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This friction issue is still present, albeit to a lesser extent, with the syringe tips used with the digital
pipette tools. The labware lifting issue can be mitigated by using a retainer lid on the vial labware
and mounting the labware to the deck, and the syringe tip is not unintentionally removed from the
syringe because it is threaded on with a Luer-lock fitting. Custom 3D printed labware holders were
used to hold the stock and reaction vials, which are available on the Pozzo research group
automation hardware repository’. These holders incorporated a lid that held the vials in place and
could be screwed to the Jubilee deck to prevent movement. Samples were synthesized in a
‘reactant-wise’ batch mode, meaning that each reactant was dispensed to each vial in order of
reactants in contrast to the ‘sample-wise’ synthesis order used for the mesoporous synthesis. A
typical synthesis was performed by 1) preparing the Jubilee deck with fresh stock solutions and
reaction vials, and loading the syringes with stock solution, 2) dispensing ethanol to reaction vials
using a 10 cc syringe, 3) dispensing water to all reaction vials using a 1 cc syringe, 4) dispensing
ammonium hydroxide solution to all reaction vials using a 1 cc syringe, 5) mixing each reaction
vial with consecutive aspirate/dispense cycles using the same 10 cc syringe used for ethanol
delivery, followed by rinsing the syringe by aspirating/dispensing from a series of 3 ethanol rinse
vials, and 6) Dispensing TEOS from a dedicated syringe, then immediately mixing the sample
with the 10 cc syringe before rinsing the syringe in ethanol. After TEOS addition, 5 hours were
allowed for the nanoparticle synthesis to proceed. After 5 hours, the samples were diluted in
preparation for SAXS measurements. A dilution ratio for each sample was calculated based on the
TEOS composition of the sample and a target silicon loading. Each sample was diluted in ethanol
by transferring the appropriate volume of sample to a new dedicated dilution vial and adding a

balance volume of ethanol. The dilution concentration used was 0.1 mol silicon per liter of diluted
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sample. This value was determined by comparing multiple dilution amounts for early samples and
selecting the largest dilution ratio that still resulted in strong scattering. Note that dilution was not

done in the mesoporous case.

SAXS measurements were made on a Xenocs Xeuss 3.0 instrument using a Cu-ka source.
Measurements were made with the instruments ‘Biocube’ autosampler system. This system uses a
robotic arm mounted air displacement pipette system to load samples into a capillary flow cell.
Samples were manually loaded into a well plate after synthesis for use with the autosampler.
Reduced, unsubtracted 1D g-intensity data was used as prepared by the instruments onboard data

reduction process. Subtraction was performed using the data processing software described below.

Dynamic light scattering (DLS) was used to measure average particle size. A Malvern
Zetasizer Nano ZS instrument was used with polystyrene disposable cuvette cells. Samples were
diluted in ethanol before DLS measurements. Scanning electron microscopy (Thermo Phisher
Phenom Pharos operated at 20kV in secondary electron detector mode) was used to image select

samples.

7.2.2 Automated assessment of small-angle scattering data for optimization campaigns

Automating the assessment of small-angle scattering data is a major challenge, and a key
requirement for integrating this characterization technique into a closed loop autonomous
workflow. Integrating small-angle scattering data with commonly used optimization algorithms
requires converting the functional form of reduced scattering data into a scalar-valued score that
assigns a figure of merit to the sample. This requires an appropriate processing method that is
capable of integrating the nuanced information contained in the scattering curve into a meaningful

score.
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Before scattering data can be analyzed, it must first be ‘reduced’ to the familiar 1D Intensity
vs. q scattering curve form from raw instrument and detector data, and background scattering must
be subtracted. The data reduction process depends on the specifics of the instrument (e.g., pinhole
camera vs. Bonse-Hart geometry) and may require manual input. Many instrument control
softwares, including that of the Xenocs instrument used here, provide data reduction capabilities
that allow users to start with reduced 1D data. A data reduction pipeline was in development for
the 12-ID-E USAXS instrument at the time of the mesoporous silica experiment but was not
generally available yet. For the automated scattering analysis work described here, it is assumed

that reduced, background-subtracted 1D data is available.

Quantitative analysis of scattering data is traditionally done through the fitting of structural
models developed and selected by domain experts who possess significant a-priori knowledge and
intuition about the sample. Parametric scattering models calculate the scattering that expected for
given values of model parameters. For example, a sphere model with a polydispersity factor
calculates the scattering from a sample with a given radius and radius distribution width®. These
models are fit to the measured data to determine appropriate values for the parameters using a
software implementation such as Sasview’. This approach provides a way to solve the ‘inverse
problem’ inherent to scattering methods. Scattering measures the amplitude of the forward Fourier
transform of the spatial arrangement of material in a sample. As phase information is not measured,
assigning a structure to scattering data requires solving the inverse Fourier transform with
incomplete information. This gives rise to an inherent degeneracy in model selection, as multiple
models and thus structures may explain the same scattering data. Due in part to this degeneracy,

selecting an appropriate model requires external information about the sample. For example,
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researchers may use their knowledge about a synthesis process (e.g., an experiment is known to
produce spherical particles) or complementary techniques (e.g., SEM imaging showing spherical
particles) when selecting models. Basic model fitting methods can frequently converge to incorrect
local optima that do not adequately describe the scattering data, requiring manual quality control
and coaxing of initial conditions to achieve quality fits. These factors make reliably automating
model selection and fitting challenging. Nevertheless, many approaches have been attempted.
Many researchers have pursued a machine-learning classifier driven approach to select models for
scattering data.>'%1?, It is also in principle possible to simply brute-force fit a wide range of
models, for example, all models in the popular sasmodels package', and select the best fit. These
approaches have shown promise when tested on constrained simulated data, but problems arise
when applying them to real, complicated scattering data. Real material systems are not perfectly
represented by idealized models and may contain mixed geometries or geometries not effectively
represented by analytical models, making model selection nontrivial. The degeneracy of model
fitting makes an entirely black-box model fitting approach challenging, although this may be
overcome by selecting a subset of reasonable models expected to be applicable to a system under
study. Further, and perhaps most critically in an optimization context, a score value that is
continuous across the entire experimental parameter space is needed. Many material systems of
interest may exhibit phase changes or other transitions in geometry over a large synthesis
parameter space. Identifying and understanding these phase changes may be a primary goal of an
experiment, such as in an autonomous phase mapping effort'*. Even correctly selected and fit
models may not be helpful in this case, as optimizing over the multiple regions of parameter space

would require comparing disparate structural parameters. Early in this work, an automated fitting
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approach was attempted. Polydisperse sphere models were fit to experimental scattering data, with
the intention of using the resulting diameter and polydispersity values directly for optimization.
Challenges included achieving correctly converged fits and incorporating results from samples
that were not fit well by the selected model. Resulting particle sizes for highly polydisperse or gel-
like samples had little physical significance, making it unclear how to incorporate these results

into an optimizer. Rather than pursue this strategy further, an alternative approach was explored.

To develop an alternative approach to performing optimization over small-angle scattering
data, consider the ultimate objective of an autonomous optimization campaign: to synthesize
samples that have a desired structural property. The contribution of the scattering data analysis
process to this end goal is to provide a score that describes how ‘close’ a particular sample is to a
target structure. Rather than fitting data and comparing measured structural parameters to target
structural parameters, another approach is to compare the measured scattering from a sample to
the scattering that is expected from a sample with optimal structure. Target scattering can be
calculated from a target geometry using the same parametric models. An appropriate comparison
tool — a distance metric - can then be used to compare the scattering curves and compute a score
for the sample. Defining this distance metric is important for achieving physically meaningful
scores. A simple distance metric is the Euclidean distance or root mean square error (RMSE)

between the scattering intensity vectors for the target and measured scattering. However, this
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Figure 7.2: Comparison of Amplitude-Phase distance and Euclidean distance (RMSE) in evaluating distance
between target and measured scattering. The oscillations in the measured scattering on the right indicate that the
sample contains monodisperse particles of a larger size than the target, while the monotonic slope on the right
suggests polydisperse particles. Experimental intuition would consider the sample on the right to be much closer
to the target than the sample on the left. The amplitude-phase distance reflects this intuition, ranking the sample
on the right as ‘closer’ to the target than the one on the left. The RMSE distance does not.

approach is ineffective because it only accounts for differences in intensities. Information in SAXS
data is encoded in the overall shape of the scattering curve in addition to the absolute intensity.
The example in Figure 7.2 compares two real measured samples: a monodisperse sample and a
polydisperse sample, to a monodisperse target. The measured data has been smoothed as described
below. Intuition suggests that the monodisperse sample is much ‘closer’ to the target in the sense
that it is structurally similar. It is highly monodisperse, but with a different diameter than the target.
By comparison, the polydisperse sample would be considered further away, as it demonstrates
neither the target diameter nor polydispersity. However, by the RMSE distance metric the
polydisperse sample is closer to the target. This example illustrates that shape-aware distance

metrics are needed to make this direct scattering data comparison approach to optimization

effective.

One such shape-aware metric is the Amplitude-Phase distance developed by Kiran Vaddi'®.
This approach compares the shape of two functions by considering the amount of ‘warping’
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required to align the functions along their amplitude (y-axis) and phase (x-axis) directions. To
calculate a distance between a query and reference function, the calculation first determines an
optimal warping function that re-maps the x-axis of the query function to minimize the distance to
the reference function. The area under the curve of the warping function provides a ‘phase’
distance, or measure of distance along the x-axis. The remaining distance between the aligned
functions provides an ‘amplitude’ distance or distance along the y-axis. This alignment is
illustrated in figure 7.3. These distances can be summed to provide a single scalar distance. The
warping process provides a means to account for the overall shape of the function. For more details
refer to the publication'® or GitHub repository'¢. For the SAXS scattering observed from the silica
nanoparticle samples, this metric has proven to be effective at ranking sample similarity in a
manner that agrees with experimentalist intuition. It consistently ranks samples exhibiting
oscillations, a sign of size monodispersity, as closer to a monodisperse target than straight-line

‘power law’ samples indicative of polydisperse scatterers. In comparison, the RMSE distance
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Figure 7.3: Amplitude-phase distance calculation process. Left panel: Reference, query,
and aligned query functions. Right: Optimal warping function.
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metric accurately identifies monodisperse samples that are very close to the target as close
matches, but ranks polydisperse samples over monodisperse samples that are shifted in q. These
results are discussed further in the in-silico simulation and optimization campaign sections below.
A feature of the distance metric approach to SAXS-based autonomous optimization is that it
merges the assessment of multiple structural optimization parameters into a single scalar-valued
distance. In the case of this silica nanoparticle work, particle size as well as polydispersity are both
captured in this value. This can be an advantage for optimization, as it sidesteps the need for a
multi-objective optimization strategy. However, for more complex optimization problems or
systems with degenerate scattering, this merging may hinder optimization. Further work would be

needed to understand the impact.

Significant pre-processing of measured SAXS data is required to successfully use the
amplitude phase distance metric. Experimental SAXS data is noisy at high q values, which
interferes with the distance calculation. The amplitude-phase distance calculation also requires that
the x-axis (q values) be equally spaced, and that the target and measured scattering intensities have
the same q grid, neither of which is the case for reduced data. Because the SAXS intensity scale is
arbitrary, the target and measured scattering data needs to be scaled to match. To support these
requirements, a data processing pipeline was developed for the experimental scattering data. This
pipeline starts by subtracting the capillary and solvent background from the data. The subtracted
measured data is smoothed with a Savitsky-Golay filter'!® to reduce noise, then fit with a B-spline
to interpolate onto an evenly spaced q grid and perform additional smoothing. The interpolated
smoothed intensity is then scaled to match the intensity of the target scattering at the high-q region.

The amplitude-phase distance calculation is done in the ‘log(I)log (q)’ space. This processing
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pipeline works well for the smooth continuous features observed in this work. However, the
smoothing performed might flatten sharp features, such as the pore diffraction peaks seen in the
mesoporous silica samples discussed in chapter 6. Alternative data preparation approaches may be
needed in this case. This pipeline contains components from the saxs_data_processing repository'’
and is demonstrated in the optimization processing notebooks of the main silica nanoparticle

project repository’.

7.2.3 Active learning optimization

Composition optimization was done with Bayesian optimization. Bayesian optimization generally
is described in the methods chapter. Composition optimization problems need to satisfy an equality
constraint in the parameter space, as the total volume fraction of all components added to a solution
needs to sum to 1. There are four components in the solid spherical nanoparticle synthesis (TEOS,
water, ethanol, ammonia solution). In this work, the optimization problem is posed as an
unconstrained 3-parameter optimization problem, with the composition of the fourth component
determined by the volume balance. TEOS, ammonia, and water compositions are directly
optimized. Ethanol composition, the 4" component, was calculated from the volume balance.
Thus, ethanol composition is not directly selected by the optimization algorithm but can be
implicitly selected through the selection of the other 3 components. The upper composition bounds
of the 3 optimized components for the solid spherical case summed to 0.41, allowing for
unconstrained optimization which simplifies optimization implementation as any selected
composition was physically accessible. For future extension to the mesoporous case, this will not
be the case because the upper composition bounds of directly optimized components will sum to

more than 1 if the same composition bounds used for the batch synthesis experiment are used. In
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this case, a constrained optimization scheme will need to be used to select points that satisfy the

composition constraint. Bayesian optimization was implemented using the Botorch package?!.

7.3 Building an in-silico simulator to assess data processing components of
workflow

7.3.1 Methods

Executing an autonomous optimization campaign requires selecting appropriate values for many
configuration parameters. In this work, experimental structure (e.g., composition bounds,
experiment batch size), data processing pipeline (e.g., RMSE vs. amplitude-phase distance metric
approach), and Bayesian optimization (e.g., acquisition function, GPR kernel) all require the
selection of parameters that could have a large impact on optimization performance. Performing
this parameter tuning and campaign design validation on real experiments would be impractical
due to the high time and effort investment. Recall that the end goal of this entire endeavor is to
reduce the experimental investment required to develop desired materials, not to prove that a
particular means of performing optimization is the best. In-silico simulators or ‘virtual
instruments’ for autonomous experiments are useful tools to help build and tune the computational
parameters of these systems without relying on real experiments. They are a form of ‘frugal twin’,
allowing for cheap and rapid development work®’. An in-silico simulator replaces the entire
experiment component of the optimization loop with a computed surrogate model that realistically
captures important features of the experimental data and outcomes. This model is not necessarily
a physical model that accurately accounts for the physics and chemistry of the synthesis but rather
can be a simple mathematical function selected through intuition. Integrating this model with the

real data processing and experimental planning components allows for these components of the
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system to be easily tested and modified. Of course, optimizing actual experiment workflow

parameters still needs to be done on the real equipment.

An in-silico simulator was developed to simulate the solid spherical nanoparticle synthesis.
This model was used to validate the use of the amplitude-phase distance metric to evaluate small-
angle scattering data for use with Bayesian optimization, and to understand the impact of
experiment parameters on convergence. The experiment simulator module takes a sample
composition as input and returns corresponding simulated scattering data. This replaces the
experiment and characterization components of the workflow while retaining the data processing
and Bayesian optimization modules. To simulate the experiment, arbitrary functions were defined
to map a sample composition to a diameter and polydispersity. SAXS scattering was calculated
using a polydisperse sphere model with these parameters. This calculated scattering data was used
in the data processing, amplitude-phase distance, and Bayesian optimization pipelines described
above. Separate ‘experiment’ functions were defined for the particle diameter and the

polydispersity. The diameter experiment function was defined as

d = 57.36 x log(xrgps) + 344.16 * exp(Xammonia) + 344.16 * Xethanot

Where x is the volume fraction of a component. The PDI experiment function defined as a negative
multivariate normal distribution centered at X7gos, Xgmmoniar Xethanot = (0.007,0.025,0.03) and
standard deviations (0.08, 0.1, 5). A bias of 1.1 was added to the PDI to set the minimum
achievable PDI to 0.1. The definitions of these functions are entirely arbitrary. They were selected
to provide a reasonable approximation to the shape of the composition-scattering plots seen
experimentally. Contour plots of the diameter function, PDI function, and resulting amplitude-

phase distance landscape for an 80 nm target diameter is shown in figure 7.4. Experimental noise
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was simulated by introducing uncertainty about the composition evaluated. For each composition
component, the actual composition ‘simulated’ was sampled from a random normal distribution
centered at the requested composition value. This noise level was tunable as a parameter to
investigate its impact on optimization performance. In addition to simulated scattering, simulated
dynamic light scattering was also evaluated. This was done by defining a DLS evaluation function
that calculated a score for a sample based on the simulated diameter and PDI. The score function

for the DLS simulation was

PDI — PDI
| measured targetl) + (1

Distancep;s = Wdls< PDI
target

|Diametermeasured — Diametertargetl
—w .
dis Diameter_target

Where wp; s is a weighting factor. DLS weight values of 0.1 and 0.5 were tested, and 0.5 showed

the best convergence.

This in-silico simulation tool was used to explore several questions about the design of
optimization campaigns. The primary objective was to demonstrate that ‘reasonable’ convergence
to a target particle size could be achieved for the ‘SAXS + Amplitude-Phase distance’ sample
characterization method with Bayesian optimization. RMSE was also evaluated as an alternative
distance metric and compared to amplitude-phase distance. Further, dynamic light scattering was
tested as an alternative to SAXS-based characterization methods, the impact of experimental noise
or reproducibility on convergence was investigated, and the experimental parameters of batch size

and parameter bounds were both tested. Batch size presents a tradeoff
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between hypothetical optimization performance and campaign efficiency. In theory, smaller batch
sizes enable optimization convergence in fewer samples because the optimization algorithm has
more information available when picking each sample. However, larger batches require less
experimental overhead so are more efficient to run. Restricting the parameter bounds lowered the
maximum concentration of each component, focusing the parameter space on the region where
optimal conditions were known to be located. Each of these factors were evaluated by comparing
an experiment with the relevant parameter modified to a baseline experiment. For the modified
experiment, all other parameters were kept the same as the baseline. Three replicates were run for
each experiment. Each trial consisted of 32 initial seed samples selected with a Sobol sampling
strategy, followed by 100 samples selected with Bayesian optimization. All optimization
experiments used the same Bayesian optimization configuration. The batch Log Noisy Expected
Improvement acquisition function was used as implemented in Botorch?*2* using a Gaussian
process regressor with Matérn kernel (v = 5/2). For all amplitude-phase distance experiments, an
amplitude weight of 0.1 was used, with corresponding phase weight of 0.9. This weight adjusts
the contributions of the amplitude (y-axis) and phase (x-axis) contributions to the amplitude-phase
distance. The resulting amplitude-phase distance value was given by APy = 0.1 %
AmplitudeDist + 0.9 x PhaseDist. These values were selected through initial experiments. A
control experiment was also run using Sobol sampling to select 128 samples to compare the
optimization methods against a random search. The specific parameters used in each trial are

summarized in Table 7.1.
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Table 7.1: Parameters evaluated in experiment conditions in-silico experiments. Bounds are volume fractions
and are in the format [TEOS lower, ammonia lower, water lower] — [TEOS upper, ammonia upper, water

upper].

Trial Name

Batch
size

Bounds

Noise
level

Characterization

Distance
metric

Baseline

5

[0.005,
0.005,
0.005] —
[0.1,0.1,
0.15]

0.05

SAXS

AP dist.

Increased
Noise

[0.005,
0.005,
0.005] —
[0.1, 0.1,
0.15]

SAXS

AP dist.

DLS

[0.005,
0.005,
0.005] —
[0.1,0.1,
0.15]

0.05

DLS

DLS
weighted
score

RMSE

[0.005,
0.005,
0.005] —
[0.1, 0.1,
0.15]

0.05

SAXS

RMSE

Increased
batch size

10

[0.005,
0.005,
0.005] —
[0.1,0.1,
0.15]

0.05

SAXS

AP dist.

Restricted
bounds

0.005 —
[0.06,
0.08, 0.08]

0.05

SAXS

AP dist.

Sobol
baseline

[0.005,
0.005,
0.005] —
[0.1,0.1,
0.15]

0.05

SAXS

AP dist.
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7.3.2 In-Silico optimization results

The optimization performance was evaluated quantitatively by calculating the amplitude-phase

distance between the simulated ‘experiment’ scattering and the calculated target scattering, using

an amplitude weight of 0.1. Three results were monitored to assess performance: The number of

iterations taken to identify a sample with APdistancemeqsyred,targer < 0.05, the overall

convergence trajectory as monitored on a distance vs. iteration number plot, and the scattering

observed for the best sample identified throughout each 132 sample campaign. In cases where

optimization was performed with a metric other than amplitude-phase distance, the convergence

was still monitored using amplitude-phase distance to maintain consistency. Qualitatively, the

samples selected with this metric show excellent agreement with the target scattering. The average

iterations to convergence for each experiment is listed in table 7.2

Table 7.2: Iterations to convergence to amplitude-phase distance of less than 0.05.

Trial Average iterations to convergence [3 trials]
Baseline 52

Increased noise 102

DLS 48

RMSE 113

Batch_size 10 56

Restricted bounds 50

Sobol baseline

132+ (none converged)
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Two implementations of the Amplitude-Phase distance metric were used to generate the
results presented here. Initially, an implementation using numpy was used in all experiments
shown here. However, during post-processing an issue was identified with anomalously large
amplitude and phase distances for some ‘close’ samples. This issue was resolved by using a Torch
implementation that performs an iterative optimization of the warping function. This torch
implementation is sensitive to optimization settings, including the number of iterations allowed
and the number of random restarts. Results shown here for the ‘Baseline’, ‘Increased noise’, and
‘Sobol baseline’ cases were run with the new torch implementation, while all other trial results
shown here were generated with the numpy implementation. The resulting amplitude-phase

distances and convergence performance appear to be analogous between the two methods.

7.3.2.1 Results

7.3.2.2  ‘Baseline’ optimization compared to random search

The ‘baseline’ campaign configuration converges to the convergence criteria in ~ 52 total samples
on average, while none of the three trials run with the Sobol baseline campaign converged to this
criterion. The campaign convergence trajectories for these trials are shown in figure 7.5. This
convergence plot plots the best observed amplitude-phase distance between a virtually measured
sample and the target scattering in a campaign at a given sample number. The gray box on the left
indicates the initial random sampling executed before the optimization is enabled. Figure 7.6
shows the best sample observed from representative campaigns for each experiment. This shows
that the ‘baseline’ case identified a composition which mapped to a nearly exact scattering match,

and nearly exactly reproduced the target 80 nm diameter. The
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Figure 7.5: Convergence plot for baseline and Sobol comparison virtual campaigns.
‘Sobol” comparison case also identified a close match to the target. However, the scattering does
not match as closely as the ‘baseline’ case, resulting in a larger amplitude-phase distance. The

Sobol comparison campaign also took longer to identify this sample than the baseline campaign.

7.3.2.3  Results for Amplitude-Phase vs. RMSE distance comparison

The convergence performance of the campaigns run using the RMSE distance metric are shown
in figure 7.7. The best-observed samples from the three RMSE optimization campaigns are also
plotted in figure 7.8. These results show that the amplitude-phase distance metric enables more
effective optimization than RMSE. Only one of the three RMSE campaigns identified a reasonably

close match to the target scattering, and it took longer to do this than the amplitude-phase distance
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Figure 7.6: Examples of best observed simulated samples from baseline and Sobol sampling comparison
campaign.

campaign. These results and observations from other initial exploratory investigations suggest that
the RMSE distance metric correctly ranks scattering that is ‘close’ to the target scattering and
identifies curves with nearly exact matches. However, as demonstrated above and below in the
experimental optimization results, it ranks polydisperse scattering as ‘closer’ to a monodisperse
target than scattering from monodisperse particles with a different average diameter than the target.
In the one trial that converged in this campaign, a sample that was sufficiently close to the target
for the RMSE distance to correctly select it as the closest was identified, then the optimization
algorithm could fine-tune the composition of that sample using the now-performant RMSE
distance. This close-match sample identification likely did not occur in the other two campaigns,
resulting in non-converged optimization. The results from this optimization campaign suggest that
the improved ranking performance of the amplitude-phase distance method in terms of intuition-

based ‘closeness’ does indeed translate into effective optimization convergence.

152



0.5 + —— AP Dist. 0
—— AP Dist. 1
-~ AP Dist. 2
0.4 === RMSE 0
ot === RMSE 1
5 -== RMSE 2
o
-c = o S S A A e v o ———————————
v 0.3 Co e s Ll 'l.
g ] 1
1
e 1 i
z 1 1
S 0.2 T —‘ 1
= 1 b e
3 1
€ 5
< 1
0.1 A 1
]
1
e B
= ' =
0.0 +
0 20 40 60 80 100 120

Sample number

Figure 7.7: Convergence plot for RMSE campaigns, plotted against baseline amplitude-
phase distance campaigns. Note that the AP-distance campaign run here is a different
optimization run (using identical conditions except for the use of the Torch amplitude-
phase distance implementation) than the ‘baseline’ campaign discussed above.
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Figure 7.8: Best observed samples for RMSE campaigns.
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7.3.2.4 Results for increased noise case

Increasing the simulated experimental noise has a negative impact on optimization performance.
Experimental noise was simulated by introducing uncertainty to the actual sample composition
that was simulated. Before an experiment for a composition was simulated, the requested
composition was modified by selecting new composition values for each component from a normal
distribution centered at the requested composition values. The standard deviation of this
distribution was determined as a function of both the requested composition as well as a ‘noise
fraction’ value that controlled the magnitude of the introduced noise. The function was defined as
a piecewise linear function such that a noise fraction value of 1 was fit to the measured precision
of the Digital Syringe tool, and a noise fraction of 0 resulted in noise-free experiment simulations.
The ‘baseline’ noise value used throughout the virtual instrument investigation was 0.05. Early
investigations indicated that larger noise fraction values adversely impacted optimization, so this
value was selected to allow for a fair comparison of the impact of other parameters on convergence.
The ‘increased noise’ case shown here was simulated with a noise fraction value of 1. Figure 7.9
shows the overall convergence of the increased noise campaigns compared to the baseline
campaigns. Only one of the trials from the increased noise campaigns converged to the amplitude-
phase distance < 0.05 threshold, and it took around 110 samples to do so. The resulting best sample
does not match the target scattering as closely as the best samples from the baseline campaign as
shown in figure 7.10. These results are in agreement with the adverse impact of experimental noise
on Bayesian optimization convergence that has been documented in the literature on self-driving

labs®.
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Figure 7.9: Convergence plot comparing campaign convergence of increased noise case

to baseline case.
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7.3.2.5 Impact of other investigated parameters on optimization convergence

The other tested campaign configuration parameters were not observed to have a meaningful
impact on optimization convergence. The performance of the overall scattering to distance metric
characterization pipeline was evaluated by comparison with a direct optimization over particle
diameter and polydispersity, with optimization performed through a scalarized score function
defined above. This simulated characterization was referred to as the ‘DLS’ method due to its
similarity to dynamic light scattering characterization. The convergence plot for these campaigns
is shown in Figure 7.11. The convergence shows that the direct optimization over particle

properties performs similarly to the indirect optimization of scattering with the amplitude-phase
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Figure 7.11: Convergence plot for simulated DLS characterization case. Note restricted
campaign with 40 samples was run due to time constraints.
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distance. However, the direct particle size optimization required objective function tuning to
achieve this level of performance. Varying the weights or structure of the scalarizing objective
function can have a large, negative impact on convergence, suggesting care needs to be taken here

if DLS is used for experimental optimization.

Increasing the batch size of individual experiment batches from 5 to 10 samples, or
reducing the bounds on the composition space, does not observably impact optimization
performance. Figures 7.12 and 7.13 show the convergence results for these experiments. While the
restricted bounds campaigns do identify closer samples during the initial random search phase, the

overall convergence during the optimization phase of the campaign is similar to the full
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Figure 7.12: Convergence plot for batch size 10 experiments
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composition bound case. These results suggest that an overall ‘reasonable’ campaign structure will
enable a simple Bayesian optimization implementation to identify samples close to the target
structure. The negligible impact of experimental batch size on convergence relaxes constraints on
experiment scheduling. Batching sample synthesis together can improve sample throughput by
reducing the number of tool changes and washing steps required and can provide more flexibility

in sample synthesis sequencing compared to a one-sample-at-a-time approach.
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Figure 7.13: Convergence plot for restricted bounds experiments.
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7.3.3  Virtual instrument conclusions

Overall, the results from the in-silico simulation validate the general approach to nanoparticle
optimization and help identify important experimental conditions to monitor. Reasonable
optimization was achieved with a range of experimental parameters, suggesting that the premise
of optimizing nanoparticle structure using SAXS coupled with the amplitude-phase distance metric
for characterization is sound. Amplitude-phase distance is generally an effective metric. These
results do highlight experimental reproducibility as an important factor for optimization
performance. This can be understood by considering that excessive noise or irreproducibility in an
experiment will lead to an effectively uncontrollable synthesis, which would be impossible to
optimize. The virtual experiments reported here were intended as an initial validation, and the in-
silico optimization tool may be of further use to develop the optimization campaigns. Further work
could investigate the impact of additional Bayesian optimization configuration parameters. A
single model, kernel, and acquisition function was used here. Alternatives may impact
performance. No assumptions about experimental noise were made in the Gaussian process
regressor model. Modeling expected noise could improve optimization performance, although the
interaction of this noise accommodation with the noise assumptions made in the noisy expected
improvement acquisition function should be considered. The in-silico simulator itself could be
improved by replacing the ad-hoc experiment surrogate functions with a model trained on real
experimental data. This might provide a more realistic surrogate, but the benefits should be
weighed against the effort required, and the end goal of optimizing real nanoparticles through

experiments should be kept in sight. Virtual instruments should also be used moving forward to
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optimize campaign scheduling. Given the long sample synthesis times (2+ hours reaction time)
and Jubilee machine times (20 minutes) for each sample, synthesis sequencing and scheduling
should be optimized to make effective use of instrument resources while enabling optimization
performance. Options for batching synthesis to increase overall sample throughput should be
investigated. Given the large difference between machine-on time and total reaction time per
sample, new samples will need to be selected by the optimizer before results from the most recently
selected samples are available. The virtual instrument approach should be used to evaluate the
impact of this lag on optimization performance and identify strategies to reduce any negative

impacts.

7.4 Experimental optimization campaigns

A series of experimental optimization campaigns were run, with an optimization objective to
produce particles with a target diameter and polydispersity. The general optimization workflow
described above in the experimental methods section was used. Samples were synthesized on
Jubilee and characterized with SAXS using the ‘Biocube’ autosampler. Reduced 1D scattering
data was retrieved from the SAXS instrument, processed using the above-described data workflow,
and compared to the calculated scattering profile for the target particle using the amplitude-phase
distance. Bayesian optimization was used to select batches of sample candidates. The data
processing and Bayesian optimization was managed manually using notebooks. Two sets of
campaigns were run, with experimental parameters and protocols modified between the sets. The
same data processing and Bayesian optimization configurations were used in both sets of
campaigns. The amplitude-phase distance was computed as a simple sum of the amplitude and
phase distances, with equal weighting. A single-task Gaussian process regressor was used as the
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Bayesian optimization surrogate model, with a Matérn kernel (v = 5/2). The batch Log Noisy
Expected Improvement acquisition function was used. The optimization problem was posed as a
maximization problem by negating the amplitude phase distance and scaling the observed values

to the range [0,1].

7.4.1 Experimental campaign set 1

7.4.1.1 Methods:

The composition space parameter bounds for the first set of campaigns were selected by expanding
the range of compositions of monodisperse samples synthesized during initial protocol
development work, and by considering compositions of monodisperse samples reported in
literature. These bounds are shown in table 7.3. The same set of samples was used to initialize
optimization for all campaigns in the first set. This set consisted of 84 compositions selected
randomly from a uniform distribution over the composition space. During the optimization phase
of each campaign, a batch size of 20 samples was used. This batch size was selected because it is
an efficient batch size to run on the Jubilee platform. Three campaigns were run in the first set.
The first targeted a 120 nm particle, and the second also targeted a 120 nm particle and added a
comparison between RMSE and amplitude-phase distance metrics. In this campaign, parallel
optimization campaigns were run, one with sample scattering assessment through amplitude phase

Table 7.3: Composition bounds for campaign set 1.

Component Lower limit [volume Upper limit [volume
fraction] fraction]

TEOS 0.01 0.15

Ammonia 0.005 0.11

Water 0.005 0.15
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distance, and the other with sample scattering assessment through RMSE. The third campaign

targeted 80 nm particles, and also compared amplitude-phase distance and RMSE.

7.4.1.2 Results:

In the first campaign (targeting 120 nm particles with only the amplitude-phase distance metric),
the optimization phase of the campaign did not improve on the best sample identified during the
random search phase, as shown in figure 7.14. In this campaign, samples from a reproducibility
trial were included in the set of initial samples. The best sample identified in the campaign was

from the random sampling phase and synthesized during the reproducibility experiment. A
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Figure 7.14: Campaign convergence plot for 120 nm target, campaign round 1. Each gray box labeled ‘Random’
represents an initial batch of experiments selected randomly, and each ‘Optimizer’-labeled green box represents
a batch of experiments selected with Bayesian optimization.
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polydisperse sphere model fit to the scattering from this sample (figure 7.15) suggests a mean
particle diameter of 130 nm, with a PDI of 0.11. Samples that separately met the diameter target
(figure 7.16) and size monodispersity target (figure 7.17) were also identified in this campaign.
These results suggest particles meeting the target are obtainable in the parameter space, but the

optimization in this campaign was not effective.

The second campaign also targeted 120 nm particles and ran a comparison between the
amplitude-phase distance metric and RMSE. During the execution of this campaign, an error was
made in synthesis execution code while loading the sample composition files. The amplitude-phase

distance and RMSE samples were swapped, resulting in the cross-contamination of the
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Figure 7.15: Best observed sample from campaign 1
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Figure 7.16: Best diameter observed in campaign 1. Figure 7.17: Best PDI observed in campaign 1.
optimization datasets. Due to this error, only the first round of optimization was valid. Figure 7.18
shows that minimal improvements were made to the best observed sample in this first round. The
results still provide a useful comparison between the RMSE and amplitude-phase distance metrics.
Figure 7.19 shows the top four samples from both the amplitude-phase distance and RMSE
campaigns, as ranked by the respective metric. The top amplitude-phase distance samples all
exhibit either high size monodispersity or a close match to the target particle diameter, as indicate
by the location of oscillation maxima and minima that align with the target scattering. On the other
hand, the RMSE top candidates include polydisperse samples in 2" and 4" place. Both metrics do

identify a top sample that does closely match the target.
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The third campaign targeted 80 nm particles and also compared amplitude-phase distance
and RMSE. This campaign suffered the same error of mixed-up file loading, so the optimization
results are invalid. However, the same comparison between amplitude-phase distance and RMSE
results ranking can be made. Figure 7.20 shows the scattering from the top-ranked samples in each

campaign. As with the 120 nm target, the amplitude-phase distance metric ranks highly
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Figure 7.18: Campaign convergence plot for 120 nm target comparing RMSE and amplitude phase distance
performance (evaluated with amplitude phase distance).

165



monodisperse samples highly, while the RMSE metric selects multiple samples that exhibit
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Figure 7.19: Top-ranked samples by respective metric for the amplitude-phase distance and RMSE
campaigns. Results for the second 120 nm target campaign with comparison between RMSE and
amplitude-phase distance.
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polydisperse scattering. In both campaigns, samples that have reasonable agreement with the
target scattering are identified. Figure 7.21 shows scattering and SEM images for samples which
have scattering that is similar to the target. The SEM images show that the samples do indeed

consist of spherical particles with sizes close to their respective targets.

7.4.1.3 Campaign set I discussion

In all 3 campaigns, no or insignificant improvement was observed in the optimization phase.
However, samples that somewhat matched the target particle morphology or scattering were
identified in all cases. These results could be caused by an overly extensive random search phase
that oversaturates optimal regions of parameter space, or by an issue with the experiment or
optimization, such as poor experimental repeatability. The results from these campaigns do suggest
that the amplitude-phase distance metric is an effective tool for scoring and ranking scattering, and

that it outperforms RMSE at identifying samples that are similar but not close to the target

scattering.
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Figure 7.21: Scattering and SEM images from selected samples from 80 nm and 120 nm target campaigns.
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7.4.2 Experimental optimization campaign 2

Following the first round of campaigns, updates were made to the experimental setup to improve
optimization performance. Experimental protocol issues uncovered during the first round of
experiments were also addressed. In the second set of campaigns, the lower bounds on TEOS
composition were reduced. It was observed in the first campaign that monodisperse particles were
synthesized on the lower boundary of the TEOS composition space. The updated parameter space
bounds are listed in Table 7.4. It was discovered that the rubber seal on the plunger of the
disposable plastic syringes in use with the Digital Pipette tool were incompatible with TEOS, so
the TEOS and Ammonia syringes were replaced with glass syringes. A glass 10 cc mixing syringe
was also tested, but the plunger seized, potentially due to nanoparticle contamination. Due to this,
a plastic 10 cc syringe was used in this set of experiments. To mitigate any swelling, a new syringe
was used for every batch of experiments. It was suspected that the Digital Pipette syringe dispense
precision may have been a cause of the poor convergence seen in the first set of campaigns. To
improve the relative dispense precision, the TEOS, ammonia, and water stocks were diluted in
ethanol. This dilution increased the dispense volume of a given dispense step, increasing the

relative precision. The stocks were diluted at a ratio of 1:1.85 stock component:ethanol by volume.

Table 7.4: Composition bounds for campaign set 2.

Component Lower limit [volume | Upper limit [volume
fraction] fraction]

TEOS 0.005 0.1

Ammonia 0.005 0.1

Water 0.005 0.15
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7.4.2.1 Campaign 2 results

One optimization campaign was run with this configuration. This campaign targeted 80 nm
particles. The same optimization and data processing configuration as the first set of campaigns
was used. An initial set of 32 seed samples was selected using a Sobol sequence. Batch sizes of 10
samples were used in the optimization phase. Figure 7.22 shows the optimization performance of
the campaign. Over the three optimization campaigns, essentially no improvements were made.

None of the scattering from synthesized samples was similar to the target scattering, and a
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Figure 7.22: Convergence plot for second round optimization with 80 nm target.
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significant amount of polydisperse, gel-like scattering was observed. Figures 7.23 and 7.24 plot
the observed samples in composition-scattering plots. These plots show that monodisperse samples
are mostly clustered in the lower portion of the composition space (lower left corner of plots), but

that polydisperse samples are made throughout the parameter space.
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Figure 7.23: composition-scattering diagram for campaign 2, showing the regions of parameter space
where monodisperse particles are made.
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Figure 7.24: Composition-scattering diagram for campaign 2, (TEOS-Ammonia axes).

7.4.3 Experimental synthesis campaigns - conclusions

After the three rounds of optimization were run in the second set of campaigns, it became clear
that larger issues needed to be addressed to enable effective morphological optimization. In the
experimental campaigns that were run, none demonstrated effective convergence. Possible causes
of this poor performance include inappropriate campaign configuration, failure of the amplitude-

phase distance metric as an optimization scoring function, and experimental reproducibility issues.
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The in-silico simulation results suggest that the campaign configuration, including amplitude-
phase distance, enables the optimization of synthesis conditions in a system that behaves similarly
to the experimental sol-gel synthesis system which that morphological optimization is achievable
with the workflow tested here. In the following section, factors impacting the reproducibility of
this synthesis will be discussed. Despite the lack of optimization convergence, this work still
provided valuable insights for the development of autonomous nanoparticle optimization. The
work suggests that monodisperse samples can be synthesized for a range of nanoparticle diameters
using the Jubilee synthesis protocol and selected composition bounds. These results also suggest
that the amplitude-phase distance metric is an effective approach to analyzing small-angle

scattering data for optimization objectives.

7.5 Investigating synthesis repeatability

The experimental reproducibility of the solid spherical nanoparticle synthesis procedure was

repeatedly and extensively investigated. An initial, informal reproducibility check was run during
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Figure 7.25: Nearly exact reproduction of initial
scattering in second sample. This sample had
composition TEOS:Ammonia: Water:Ethanol [uL] of

Figure 7.26: Sample with least reproducibility of
scattering between initial and replicate sample.
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the initial synthesis setup and workflow validation. In this check, 20 compositions were selected
from the first batch of random initial screening samples to be duplicated. The replicated samples
were selected because their initial synthesis had scattering that suggested monodisperse particles.
Reproducibility was analyzed by qualitatively comparing the original scattering to the scattering
of the replicate. Overall, reproducibility was deemed to be reasonable. Scattering from replicated
samples generally matched that of the original. The closest match is shown in figure 7.25, and the
worst match is shown in figure 7.26. In the best case, the scattering is nearly identical. In the worst
case, the scattering is similar, but suggests different particle sizes between the two samples. These
results suggested that the synthesis procedure was reasonably reproducible. Further investigation

was not pursued before starting experimental optimization campaigns.

However, concerns about reproducibility were raised after observing the poor experimental
optimization performance and the large impact experimental noise had on convergence in the in-
silico simulation. It was noted that some samples in the lower regions of the composition space
(lower left corner in figures 7.23, 7.24) seemed to vary in scattering shape from close neighbors.
An additional reproducibility investigation was run, specifically focusing on compositions in the
lower region of the parameter space that had been observed to create small (<100 nm) particles. A
spot check to reproduce one such composition in triplicate showed that one sample (replicate 1)
had notably different scattering from the other 3 samples synthesized with this composition, as
shown in figure 7.27. An extensive investigation was conducted to better understand the

reproducibility of the nanoparticle synthesis process as well as the factors that controlled it.
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Figure 7.27: Scattering from replicates of a sample made for the second repeatability check.
Sample composition [volume fractions TEOS: Ammonia:Water:Ethanol] is
0.018:0.028:0.010:0.84.

Several factors were considered that could potentially impact reproducibility. The
volumetric precision of the Digital Pipette syringe tools could have a large impact on repeatability.
It was known that the syringes had a low precision (10%+) at low volumes (< 100 uL) as shown
in Appendix Al. Large variances in the actual delivered composition of the sample could lead to
variable synthesis outcomes. The age of diluted stocks was also hypothesized to be a factor. The
dilution of TEOS in ethanol could potentially ‘age’ the TEOS, potentially pre-hydrolyzing it or
otherwise altering it in a way that would impact the synthesis. The syringe mixing step could
potentially be contaminating samples with residue from previous samples. In this case, the primary

concern was that the syringe would transfer seed particles to later samples, impacting the growth
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kinetics of the synthesis. Evaporation of ammonia from the ammonium hydroxide solution was
considered. Ammonia is volatile, and evaporation could potentially alter the concentration of
delivered ammonia solution.

These factors were investigated through a series of repeatability trials. Each trial generally
involved synthesizing 5 replicates of a sample composition, then characterizing the mean particle
diameter and polydispersity of each sample using dynamic light scattering. The sample
composition used was [volume fractions TEOS:Ammonia: Water:Ethanol]
0.0075:0.0188:0.044:0.93. This composition was selected because it exhibited the closest
scattering to the 80 nm target during the final experimental optimization campaign. With the
exception of the syringe precision study, all experiments were run using a 10,000 puL sample
volume. Synthesis was performed with TEOS, Ammonium hydroxide, and water stocks diluted in

ethanol at a 1:1.85 reactant:ethanol ratio by volume.

7.5.1 Impact of Syringe precision

Syringe precision was investigated by scaling the sample volume. This increased the volume
dispensed of each reactant. The synthesis was originally performed at 1,700 pL total sample
volume. This volume was selected for compatibility with the 2000 pL vials used for the
experimental optimization trials. Increased volumes of 5,000 pL and 10,000 puL were tested. The
larger volume syntheses were performed in the same 20,000 pL scintillation vials with pre-slit
silicone septa caps used for stock solutions. The mass of each dispense was measured during the
synthesis process to compare the precision of the sample composition to the reproducibility of the
mean diameter. Table 7.5 contains the results of this experiment. These results show that increasing

the sample volume leads to a large improvement in the precision of dispense volumes, and that
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this correlates with a large reduction in the standard deviation of particle sizes. The differences in

particle diameter are within the standard deviation range. These results suggest that the precision

of the reactant dispensing has a large impact on sample reproducibility.

Table 7.5: Syringe precision experiment results

Sample Mean Diameter Diameter Volume
volume [uL] | particle standard percent delivered
diameter deviation standard percent
[nm] [nm] deviation standard
deviation
(average for
Ethanol,
water,
ammonia)
1700 156 25 16% 5%
5000 158 14 9% 2%
10,000 148 1.9 1.3% 0.4%

7.5.2  Impact of stock age

The TEOS, ammonium hydroxide, and water stocks were diluted in ethanol to improve the
volumetric precision of syringe dispenses during the second set of experimental optimization
campaigns. It was hypothesized that the stock age from dilution and mixing could impact sample
diameter or reproducibility. This hypothesis was evaluated in two ways. In the first, the same stock
solution preparations were used to run multiple syntheses on different days. This controlled for
any variability in the stock dilution. In the second, multiple batches of stock solutions were
prepared at varying times in advance to run multiple synthesis experiments in one day. This
controlled for any spurious day to day variability. Tables 7.6 and 7.7 show results for synthesis

with the same stock solution across multiple days, and tables 7.8 and 7.9 show results for syntheses
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using different stock solutions on the same day. Note that some individual sample results are

included in multiple tables, such as the day 0 sample in tables 7.7 and 7.8.

Table 7.6: Synthesis across multiple days, Stock solution batch #1

Stock age at synthesis [days] | Mean particle diameter | Diameter standard
[nm] deviation [nm]
0 148.7 1.9
7 153.9 11.4
8 144.9 4.9
Table 7.7: Synthesis across multiple days, Stock solution batch #2:
Stock age at synthesis [days] | Mean particle diameter | Diameter standard
[nm] deviation [nm]
0 115.5 5.5
3 143.8 14.5
Table 7.8: Same-day synthesis experiment #1
Stock age at synthesis [days] | Mean particle diameter | Diameter standard
[nm] deviation [nm]
0 115.5 5.5
8 144.9 4.9
Table 7.9: Same-day synthesis experiment #2
Stock age at synthesis [days] | Mean particle diameter | Diameter standard
[nm] deviation [nm]
0 154.8 14.7
0 133.1 2.9
3 143.8 14.5
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These experiments are limited and lead to inconclusive results. The results suggest that stock age
may not play a significant role, and any impact it does have is small compared to variability in the
synthesis. The two experiments that used the same stock preparations across multiple days have
mixed results, with the 7-day aged sample in table 7.6 having a large diameter standard deviation,
but the 8-day aged sample having a similar standard deviation to the 0-day sample. The 0-day
sample in experiment 2 with a 115 nm particle average diameter is something of an outlier — this
diameter is much smaller than all other samples synthesized. This makes drawing conclusions from
the experiments represented in tables 7.7 and 7.8 challenging. The experiments shown in table 7.9
suggest that experiment variability is significant, as there is a larger difference in particle size and
standard deviation between the two samples synthesized from fresh stock preparations as there is
for the 3-day old stock preparation. While a larger set of experiments would be needed to

conclusively rule out stock solution age, these results suggest it is not an important contributor.

A notable trend not visible in the descriptive statistics shown here is that the average
particle size of samples tends to decrease with sample synthesis order. For many experiments, the
first sample synthesized in a batch is the largest, and particle sizes steadily trend down. Table 7.10
shows an example of this for a batch of samples. This trend is not present in all experiments. It
appears in around half of the reproducibility experiments and is present in all experiments with
large (>10 nm) diameter standard deviations. The presence of this trend suggests that either the
samples are somehow correlated, or that some change is occurring to the synthesis conditions
within the timescale of the synthesis (~one hour). Contamination of subsequent samples through

re-use of the shared mixing syringe was identified as a possible cause of sample correlation.
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Evaporation of ammonia from the stock solutions was considered as a factor that could alter

synthesis conditions.

Table 7.10: Measured particle diameters for a batch of 5 sample replicates synthesized using the standard Jubilee
synthesis.

Sample order DLS diameter [nm]|
1 163
2 148
3 137
4 132
5 128

7.5.3 Syringe mixing with shared mix syringe

The use of a shared mixing syringe could potentially alter the synthesis process by contaminating
downstream samples. The mix syringe was washed in a series of three ethanol rinse stock vials, so
contamination with a meaningful amount of reactant was unlikely. However, it was possible that
nanoparticle seeds transferred from initial samples could alter the growth kinetics of downstream
samples. To evaluate this, parallel experiments were run. One synthesis used the standard Jubilee
syringe mixing protocol used throughout this work, and the alternate mixed the sample after
precursor addition and after TEOS addition with a stir plate and magnetic stir bar. Samples in the
stir plate experiment were stirred for one minute on a stir plate after all precursors were added, and
again after TEOS was added. All reactant dispensing was done with the Jubilee and Digital Syringe
tools for the stir plate experiment. The same two-day old stock solution was used for both
experiments. Table 7.11 presents the results. The size standard deviation is large and similar for
both experiments. The downward diameter trend noted above is also present in both experiments.
This suggests that the syringe mixing process is not leading to contamination or other issues that

significantly impact the reproducibility of experiments.
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Table 7.11: Results from syringe mix vs. stir plate experiment

Sample Mean Diameter | Diameter Sample 1 | Sample 5
[nm] standard diameter diameter
deviation [nm]
Stir plate 133 12.0 154 125
Syringe mix 142 14.1 163 128

7.5.3.1 Ammonia evaporation

Ammonia evaporation from the stock solution or mixed sample precursors could be decreasing the
ammonia content of the sample and impacting particle diameter. An experiment was run to confirm
that ammonia content does impact particle diameter. The results are shown in figure 7.28. This
experiment demonstrates that decreasing ammonia concentration does have a large impact on
particle size, which is in agreement with literature consensus®S. Just between the highest ammonia
content and second-highest ammonia content, the volume fraction of ammonia changes by 0.0025,
and the particle diameter drops by 27 nm. This experiment was not run with replicates so care must
be taken in interpreting these

results, but this does suggest that
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Figure 7.28: Ammonia concentration impacts particle diameter.
a layer of mineral oil to limit
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evaporation. In the second, the ammonia solution was replaced with ethanolamine. Ethanolamine
has been successfully used in modified Stober synthesis procedures®’, and is less volatile than
ammonia. The vapor pressure of Ethanolamine at 20°C is 0.4 mmHg?®, while the vapor pressure
of ammonia at 25°C is 7500 mmHg?’. The mineral oil capped Ammonia experiment produced
samples with average particle diameters of 147.3 +/- 10.5. A downward diameter trend was
present. The first synthesized particle diameter was 159 nm, and 5" was 141 nm. The ethanolamine
experiment was run by swapping the ammonia solution for an ethanolamine:ethanol solution.
Previous work found that directly replacing ammonia with ethanolamine resulted in larger
particles?’, so for this experiment the dilution of ethanolamine was doubled from that of ammonia
to 1 part ethanolamine: 5.7 parts ethanol. All other stock preparations and experimental protocols
remained the same. Two batches of ethanolamine particles were synthesized. Results from this
experiment are shown in table 7.12. While the diameter standard deviations are smaller for
ethanolamine than for similar experiments with ammonia, there is still a notable downward trend
in particle diameters, particularly in the second experiment. This suggests that ammonia
evaporation may play a role in the observed downward trend and may drive large standard

deviations in inter-experiment diameters, but other factors are also likely causing this effect.

Table 7.12: Results for ethanolamine synthesis

Experiment Mean diameter | Diameter First  particle | Fifth  particle
[nm] standard diameter [nm] diameter [nm]
deviation [nm]
Ethanolamine 1 | 168 6.8 179 164
Ethanolamine 2 | 159 5.7 165 151

7.5.3.2  Synthesis reproducibility conclusions
This investigation provided results that develop an understanding of the reproducibility of the

Stober sol-gel nanoparticle synthesis and factors that influence this reproducibility. The results
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suggest that composition precision is an important factor in enabling reproducible syntheses. On
the Jubilee synthesis platform, precision can be improved by increasing the sample volume. This
does come at a trade-off of decreased sample capacity. The Jubilee deck has a limited amount of
space and increasing sample volume increases both the amount of deck space required per sample
(12 samples per deck slot at 10,000 puL vs 40 at 1700 pL) and the amount of stock solution required
for the experiment. Based on the results from this work, 10,000 uL is the recommended sample
volume for future experiments. However, the possibility of realizing additional reproducibility
improvements by increasing sample volume further should be investigated. The results suggest
that ammonia evaporation may be influencing reproducibility. The mineral oil cap mitigation did
not make a large difference in reproducibility and introduced the risk of contaminating the sample
with another component. Replacing ammonia with ethanolamine as the base catalyst may improve
reproducibility, and this could be further investigated. However, this is a major change to the
synthesis and results in working in an entirely different chemical space. Given that most of the
silica nanoparticle research in literature has used ammonia as a base, solutions that enable the
continued use of ammonia are preferred. Pre-slit septa were used in this work for compatibility
with the blunt-tipped syringe needles used. Further improvements may be realized by using non-
slit septa and a sharp, septa piercing needle. Stock age and syringe mixing do not appear to have

significant impacts on synthesis reproducibility.

An overall synthesis reproducibility for the Jubilee synthesis protocol can be estimated from
the experiments executed in this investigation. Samples synthesized using a 10,000 pL sample
volume with ammonia are included in this average. The average diameter of particles for all such

samples made as part of this reproducibility was 142 nm +/- 11.3 nm. This is a relative standard
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deviation of 8%. No known similar synthesis reproducibility investigations are available to

compare this value against.

This line of investigation was not followed further due to time constraints. Further
investigation is warranted to validate the findings of this work before further optimization
campaigns are attempted. The continued presence of the downward diameter trend is a primary
concern that should be investigated moving forward. Further steps to control ammonia
evaporation, such as the solid septa described above, should be tested. Also, larger batches of
samples should be run to understand how the trend continues. Synthesis timing could also be
investigated to test the evaporation hypothesis. Time delays between synthesis could be added. If
increasing delay time exacerbates the downward trend, this would support the evaporation
hypothesis. Ultimately, a certain amount of experimental stochasticity is likely to remain.
Appropriate modeling and optimization approaches should be selected to work within these

constraints.

7.6 Progress towards an orchestration and data management platform for

nanoparticle synthesis experiments

The campaigns described in this chapter have been run in a human orchestrated fashion. Samples
were manually loaded into a well plate and transferred to the SAXS instrument for
characterization, and data processing and Bayesian optimization workflows were run manually
through notebooks. While the selection of experiments was autonomous and the synthesis was
automated, each step of the process required human orchestration and oversight. To achieve full
autonomy, a system to automatically orchestrate and manage these steps is needed. The capability

to integrate the Jubilee synthesis platform with an X-ray scattering instrument with the NIST-AFL
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sample loader has been developed and demonstrated. As described in chapter 6, this platform
provides a reliable means of transferring samples from the Jubilee deck into a flow cell for
characterization. To fully close the loop, additional infrastructure is needed to collect and manage
sample data, run the data processing and Bayesian optimization jobs, and pass results back to the
Jubilee system for synthesis. In this section, the architecture used to manage the integration and
orchestration of these components in the existing implementation is discussed, and progress toward

a data and compute management platform is described.

Orchestration describes the integration required to coordinate the disparate steps involved
in an autonomous synthesis experiment. It involves coordinating multiple synthesis and
characterization steps across different hardware and managing the data processing and
experimental design steps that happen on the ‘back end’ to enable an autonomous workflow.
Orchestration involves networking, communication, state, and data management administration
that enables complex automation. Any autonomous experimentation endeavor involves some form
of orchestration infrastructure. Many examples of these orchestration software systems have been
shared with the intention of providing a shared community resource to build from3**!. However,
adoption outside of the originating labs has been slow. This is likely due to hardware-specific
design decisions made during the development of the orchestration software, and unclear long-
term support and development commitments from the academic labs authoring this software. Many
SDL orchestration systems use a centralized approach, in which a manager process controls all
aspects of the experiment automation. Centralized orchestration can allow for sophisticated
experimental concurrency and effective error handling but can require significant integration and

setup work to integrate control over every hardware component into a single controller. For this
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project, re-using an existing open-source lab orchestration system with centralized control was
briefly considered, but due to concerns over integration effort and flexibility, it was decided to

implement an alternative approach from scratch.

The orchestration approach taken for the automated synthesis — NIST-AFL — SAXS
integration grew organically into a decentralized, modular system. Each hardware module that
plays a discrete role in the workflow process workflow (synthesis on Jubilee, NIST-AFL sample
loading, SAXS measurement, data processing and management) is independently responsible for
executing its tasks. Each component has a means to receive a task request from an upstream
module, and to notify relevant modules of its state and task completion status. Some modules
(NIST-AFL and data management platform, discussed below) have formal task queues and status
systems to manage this interface. Others, like the USAXS integration developed at APS, use
simple informal methods like file uploads to communicate status. The autonomous experiment
orchestration network for this experiment works as follows. The processing of a sample is started
by the jubilee synthesis system (running from a notebook) querying the sample server to fetch the
next sample to be made (either from a randomly selected baseline list of samples to make, or the
active learning optimizer). Once the synthesis is complete, the synthesis process calls the AFL to
load the sample. The AFL loads the sample, communicating with the Jubilee to manage the shared
deck space of the AFL sample catch arm and the Jubilee tool. Once the sample is loaded, the AFL
sends a request to the SAXS driver to start the measurement by means of an instrument-specific
communication protocol. (In the APS integration, due to network security restrictions, this was
done by updating a timestamp stored in a file on a jointly accessible AWS EC2 instance. A USAXS

driver script watched the timestamp and triggered a measurement on a change). The SAXS driver
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uploads the data to the sample server when the measurement is complete. On data upload, the
sample server initiates data processing and experiment planning, adding a new proposed sample
to the queue and closing the loop. The NIST-AFL process also watches for the measurement file

to be uploaded, which triggers the rinse cycle for the sample cell.

This decentralized orchestration system may seem like a ‘hack’. In fact, significant portions
of it were developed on-site at the APS beamline to circumvent last-minute integration challenges.
While some of the communication methods should be formalized (such as replacing a shared scp-
updated timestamp file with a proper task queue), this approach has proven to be simple,
extensible, and reliable, and has several advantages over a more formal centralized approach to
task orchestration. This decentralized approach is simple to modify and extend. Adding another
component to the workflow orchestration is a matter of modifying upstream task software to call
the new component and configuring the new component to trigger subsequent downstream tasks.
Each module maintains complete control over its own internal state, and only exposes high-level
tasks that are needed for integration control. For example, the NIST-AFL sample loader only
provides a ‘load sample’ task for external control and maintains all solenoid valve and state
management internally. This facilitates modular development and makes modules easily
interchangeable. The NIST-AFL sample loader system could easily be swapped onto an Opentrons
OT2 robot without modifying the workflow orchestration system, for example. Perhaps most
importantly, this is an effective ‘minimum viable implementation’ for workflow orchestration. It
allows researchers to get up to speed with new integrations quickly and easily make changes that

will surely be discovered through trial and error. This helps focus work on developing correct,
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reliable automation that supports the end-goal science case, instead of bogging scientists down in

another layer of software engineering and systems administration complexity.

The above proposed orchestration workflow for the sol-gel synthesis process requires a
‘sample server’ component that manages the data processing, Bayesian optimization, and data
management steps. A prototype of such a service has been developed?. This service runs as a
Flask web application. It provides endpoints for uploading sample data, running a data processing
and Bayesian optimization pipeline, and managing a queue of proposed samples. Sample
information is stored in a relational database table that tracks sample identifiers, synthesis status,
and the location of associated data files. This service provides the missing computational backend
component needed to enable fully autonomous execution of this sol-gel synthesis process.
Development was not fully finished. However, it may provide a useful component for future
closed-loop experiments with this platform, or a template for similar sample server components of

decentralized experiment orchestration platforms.

7.7 Conclusions

The results described in this chapter lay the groundwork for future silica nanoparticle optimization
campaigns. Most of the infrastructure to enable autonomous experimentation with this platform
has been developed. Through initial optimization campaigns, core assumptions about integrating
Bayesian optimization with X-ray scattering data were validated, and important factors influencing

optimization performance were identified.

With the sample server component described above, all components exist to run the sol-

gel synthesis process described in Chapter 6 and this chapter in a fully automated, closed-loop
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manner. The full automated synthesis, sample transfer, and characterization have been successfully
demonstrated at the APS 12-ID-E USAXS beamline, and a proof-of-concept integration has been
developed for the UW Xenocs Xeuss 3.0 instrument. The sample server module has not been
integrated into this process but has been tested in isolation. The experimental and in-silico
campaigns described in this chapter indicate that the amplitude-phase distance metric approach for
optimization with small-angle scattering data is effective. This approach provides a
straightforward framework for managing the complex task of scattering data analysis in a fully
automated process, allowing for scattering data to be reliably integrated into a nanoparticle
optimization campaign. Extending this method to include optimization of mesoporous
nanoparticles will require more development. The amplitude-phase metric has not been evaluated
with the diffraction peaks seen for scattering from porous materials. It may be possible to simply
use an amplitude phase distance between measured scattering and computed scattering for a
mesoporous nanoparticle target. However, this may overload the metric. Alternative approaches
would involve splitting the low-q ‘particle’ scattering and high-q ‘porous’ scattering into separate
analysis pipelines and managing the separate evaluations with a multi-objective optimization
approach. This work also demonstrated that experimental reproducibility is critically important for
successful optimization. An investigation suggested that reproducibility for the experimental
conditions used in the initial experimental optimization campaigns was likely poor, possibly
contributing to the lack of convergence. Increasing the volume of samples greatly improves

repeatability, and managing ammonia evaporation may yield further improvements.

This project is nearly ready for additional experimental optimization experiments to be run.

It is recommended to pursue additional reproducibility trials to better understand the causes of the
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downward diameter trend observed. However, all major infrastructure components are in place
and several synthesis-specific issues have been addressed, making autonomous optimization of

silica nanoparticles a feasible goal for near-term research.
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8 Conclusions and Outlook

Autonomous experimentation is poised to accelerate the development of mesoporous silica
materials for a variety of applications. This approach promises a means of retrosynthetic control
over important material structure properties like particle size, size polydispersity, and pore
ordering. These properties are determined by complicated interactions between reactant identities
and composition as well as synthesis conditions. Determining appropriate conditions to generate
silica materials with specific target properties is a challenging process that could be streamlined
with automated experimentation and closed loop optimization. More broadly, autonomous
experimentation is of great interest to researchers throughout materials science and chemistry
fields and is likely to gain widespread adoption in the coming years. Flexible, accessible
automation infrastructure will be critical to making these systems widely accessible. Open-
hardware automation platforms are important for enabling accessible deployment and
democratization of autonomous experimentation. The current moment in infrastructure
development is a great time to build and advocate for these systems. Standards and best practices
are still being developed, so new systems can still be adopted before alternative proprietary

solutions become entrenched.

The work presented here represents advancements toward these goals. It was demonstrated
that automated synthesis and characterization of mesoporous colloidal silicas is an effective way
to explore synthesis parameter spaces. The workflow developed for mesoporous silicas is capable
of synthesizing dozens of samples in a 24-hour period. It was used to identify interesting sample
compositions, including those that synthesize a range of monodisperse spherical particles and

multiple ordered pore phases. The integration of this system with an ultra- small-angle X-ray
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scattering instrument demonstrates a powerful system for the synthesis and characterization of a

range of sol-gel accessible materials in high throughput.

This work also demonstrates and advocates for the promise of a ‘democratized’ future for
autonomous experimentation. The Science-Jubilee project presents a vision and a model for how
open-hardware automation infrastructure can play a key role in autonomous laboratories. This
platform provides common baseline automation capabilities, namely liquid handling, that are
frequently provided by stand-alone equipment in self-driving labs. The system’s tool changing
mechanism and extensible software interface presents new possibilities for researchers to integrate
automation into their experiments. This makes it possible to build novel, multi-process workflows
without needing to handle the complexity of robotic sample transfer. The open-source nature of
the Science-Jubilee project is key to this flexibility. Modular, extensible motion platforms like
Jubilee will be important to enable the application of automation to the long tail of difficult,
project-specific research. The integrated sol-gel synthesis platform also reinforces the importance
of openly shared automation equipment. This platform makes use of 3 open-hardware projects
(Science-Jubilee, Digital Pipette, and NIST-AFL) to enable a novel automated workflow.
Integrating existing, well-developed automation equipment enabled this project to progress to a
functional, reliable automation platform rapidly. This approach can provide a model for the

development of task-specific automation by domain scientists in the future.
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Appendix 1 Additional details on automated sol-gel synthesis platform

A1l.1Polydisperse sphere model fits of selected USAXS scattering data

Model fits were performed in SasView, version 6.

Sample 1

Fit chi-squared: 311

Particle radius: 3014 A +/-2.4

Radius PDI: 0.0332+/-0.00069
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Figure A1.1: Polydisperse sphere model fit for sample 1 USAXS data.
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Sample 6
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Figure A1.2: Polydisperse sphere model fit for sample 6 USAXS data
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Table A1.1: Sasview polydisperse sphere model fit results for additional monodispersed disperse samples not

discussed directly in the manuscript:

Sample UUID Radius Radius PDI PDI error | Fit chi-
[A] error [A] squared
586e06c8-0f02-43a3-9121- 1579.8 1.989 0.192 0.0011 368.43
81e46d43ef64
c5ce72e5-18c¢6-44cb-b802- 1091.6 0.99 0.185 0.00095 24428
leec061e79d7c
1¢775223-741t-4¢55-9018- 2512.3 6.02 0.173 0.0017 173.07
ccocH1ad0bbs
4356786¢-177a-45a2-a2¢9- 1115.2 3.8 0.188 0.003 170.76
36¢cele03c05b
~ w1 [9_586e06c8-0f02-43a3-9f2f-
8le46d43ef64_B2_1_2043.dat]
10% 5 9 586e06c8-0f02-43a3-9f2f
b sTeasdasefss B2 1 2043.dat
103 4
'-_l"; 102 4
E 10! §
107 5 #
i 'i
10-1 4 y mﬁ“h
1072 =

1073

lO
Q(a-l

2 10—1

Figure A1.3: Fit for sample 586e06¢c8-0f02-43a3-9f2f-81e46d43ef64
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Figure A1.4: Fit for sample c5ce72e5-18c6-44cb-b802-1ee061e79d7c
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Figure A1.5: Fit for sample 1¢775223-74ff-4¢55-9018-cc6c61ad0bb5
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Figure A1.6: Fit for sample 4356786¢-177a-45a2-a2c9-36cele03c05b

A1.2Syringe tool accuracy and precision validation:

The digital pipette syringe tools were calibrated through gravimetric calibration, then validated.

Validation results are shown here.

Definitions:

- Percent Error (precision) =

Mean delivered volume—target volume
- Percent Error (accuracy) = | g |

standard deviation of delivered volumes

* 100

target volume

* 100

mean delivered volume
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Table A1.2: Accuracy and precision for 1 cc disposable plastic syringe:
N=5

Target volume [uL] Percent error (accuracy)

2 29.0
5 23
10 12.2
15 7.1
25 2.0
50 43
100 1.3
500 1.5

Table A1.3: Accuracy and precision for 1 cc glass syringe:
N=5

Target volume [uL] Percent error (accuracy)

5 13.4
10 9.2
25 1.3
50 1.5
100 2.6

Table Al.4: Accuracy and precision for 10 cc plastic syringe
N=5

Target volume [uL] Percent error (accuracy)

20 28.5
50 7.6
100 1.0
150 11.3
250 1.1
500 1.2

Percent error (precision)
225.6

80.0

51.0

23.8

15.4

8.5

5.2

2.5

Percent error (precision)
92.8

373

13.2

7.3

6.7

Percent error (precision)
223

90.3

39.1

2.9

5.5

3.8
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A1.3 Composition-scattering diagrams for additional components

Diagrams for TEOS vs. Ethanol and CTAB vs. Pluronic are shown in the main text. Diagrams

for TEOS vs. ammonium hydroxide and TEOS vs. water are shown here.

A1.3.1 USAXS scattering
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Figure A1.7: USAXS composition-scattering plot for mesoporous batch synthesis described in chapter 6.
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A1.3.2 SAXS scattering
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Figure A1.8: SAXS composition-scattering plot for mesoporous batch experiment described in chapter 6.
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A1.4 Time growth experiment

The growth kinetics of the colloidal silica synthesis was assessed by measuring the particle size

with dynamic light scattering at regular intervals after TEOS addition. The results from this

experiment (figure A1.9) suggest that particle growth is complete after 2 hours. This experiment

was performed using the composition of sample 1.
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Figure A1.9: Particle size vs time.
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Appendix 2 Engineering-driven chemical design space constraints for

high throughput experiment planning

The methods described in this section were largely developed by Dr. Jaime Rodriguez. My
contribution has been to formalize the methodology described below and to apply it to new areas
of research interest. This work is included here to include new results developed with this method

for future reference.

A2.1Introduction

With the rise of high throughput experimentation in materials research and the increase
experimental capability it enables, answering the question ‘what should we test in this
experiment?’ can become challenging. Traditional manual experimentation, particularly research
that seeks to identify or develop compounds for a specific purpose, is generally planned by
researchers applying their knowledge and intuition about a small subset of chemical space'. The
expanded bandwidth of high throughput experimentation makes it possible to consider a broader
range of chemical species in these experiments®. To fully leverage the capabilities of high
throughput experimentation, researchers should explore beyond well-known chemical families.
However, with hundreds of millions of chemical species to choose from, a strategy to select and
prioritize chemicals for experimentation is necessary. The selection of species for inclusion in an
experiment can be thought of as part of the experimental design space, in an analogous way to how
continuous parameter ranges can be considered to define a design space in traditional experimental
design®. Many material discovery or development problems could potentially be addressed by
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searching through the space of known chemicals in a guided manner. If successful, this approach
could allow known, potentially industrially developed chemicals to address needs in new
engineering applications. A structured, efficient search is needed to enable this. Careful
consideration of the criteria used in outlining this design space should be done. At a minimum,
successful candidate species need to exhibit the chemical and physical properties necessary to
function in their desired application. Additionally, these materials are often required to meet
additional constraints on safety, availability, practicality, or other ‘engineering’ conditions that are
not directly related to the material’s ability to meet the required functionality but are necessary for
the implementation of a safe, reliable, and cost-effective system. For example, a battery electrolyte
solvent needs to exhibit good solubility for charge carrying ions as well as ionic and electronic
conductivity within a required range. However, solvent with the highest recorded solubility for
species of interest and ‘perfect’ conductivity for the application will be inappropriate in
mainstream applications if it is pyrophoric, impossible to produce at industrial quantities, or
acutely toxic in small amounts. Given the importance of these engineering constraints in
determining fitness of a candidate material for an application, they should be considered early on
during an initial screening process before effort is spent pursuing dead-end candidate compounds
with excellent chemical or physical properties but show stopping violations of other constraints.
This approach has a strong analogy to the practice of screening drug leads on ADMET
(Absorption, distribution, metabolism, excretion, and toxicity) properties before investing
significant expense in their development as therapeutics®. Over the course of several material
search projects of the nature described here, our group has developed a screening strategy and

implementation that enables high throughput experimentation researchers to identify and prioritize
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promising candidate compounds that are likely to meet all relevant criteria for a given end
application®. This chapter describes this screening framework and showcases a few examples of

how it has been applied to real-world problems.

A2.2Selection strategy and implementation

The goal of this work is to develop a tool that provides a set of candidate compounds to
experiments that screen chemical species for fitness in a particular application. This tool ideally
would consider every known chemical compound and assign it a priority for inclusion in an
experiment based on the likelihood of it demonstrating the desired chemical or physical properties
and the degree to which it meets identified engineering constraints. To use this hypothetical tool,
researchers would supply information about what chemical or physical properties they are looking
for, along with a set of engineering constraints that the ideal material for their application would

meet. Our approach makes aspects of this ideal tool a reality.

Our approach applies a multi-step screening process to first expand then down select a
chemical design space of candidate species. This strategy incorporates as much available
information about relevant criteria as is reasonably possible to select the most promising
candidates. Figure A2.1 summarizes this strategy. The first step in this approach is to identify a
basis set of chemical species that display the desired chemical and physical properties. This basis
set can be compiled from any source. In our work so far, this set usually comes from a literature
search for compounds known to exhibit desired properties or chemical intuition and initial results
from intuition-guided manual experimentation. In most projects we have applied this tool to,
establishing a basis set with tens to hundreds of species is possible and provides enough

information to return good results from the next step. The initial set of known-working species is
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Figure A2.1: The main steps in our screening framework are to a) collect a basis set of known-working
compounds, b) expand the initial basis set by similarity search then apply structural filtering criteria, c) remove
candidates that do not meet practical engineering criteria like synthesizeability, and d) rank the remaining
candidates and send to experimentation.

used as the basis for a similarity search of chemical space. This step is guided by the intuition that
chemical structure guides chemical functionality, so ‘similar’ species should have similar
functionality in terms of the target properties. The similarity search approach is simple and easy
to conduct. It does not require sufficient data to train a predictive model for molecular screening,
which is a major advantage over machine learning based screening approaches. It also does not
need a complete understanding of the chemical rules governing the desired properties, and
advantage over a manually defined structural rule-based screening approach. This similarity search
is performed against a large chemical database. In our work, we have used PubChem for this
purpose due to its free and open access, large size, and provisions for programmatic access®’. The
similarity search generally returns a very large set of possible candidate species, potentially with
tens of thousands of ‘hits’ depending on the basis set and desired specificity in the search. A
disadvantage of the similarity search is the non-specificity of the results: while the search is likely
to return molecules with similar properties, it also likely returns species that do not display the
properties of interest. Further, it provides no way to rank the returned hits based on the properties

of interest. To increase the specificity of the candidates returned from the similarity search, we
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next apply structural rules to screen out non-match candidates. These rules are based on the
researcher’s understanding of the desired chemistry or physics and can vary in complexity from
simple molecular weight cutoffs to complex substructure bond conjugation criteria. These rules
are implemented in the RDKit software® and can provide an important first pass at reducing the
size of the candidate set returned from the similarity search. Next, the candidate set is screened on
‘must pass’ constraints. These constraints have been identified as must haves, such that any
candidate that does not meet them is removed from consideration. A common example in our work
is commercial availability. PubChem contains many compounds that are not available for purchase
from any supplier. As we are a chemical engineering lab, not a synthetic chemistry lab, we are
unable to test compounds we cannot buy. This criterion may also serve as a proxy for cost. If it is
impossible to buy this compound at a laboratory scale, it will likely be prohibitively expensive or
require a significant process development investment before it is usable on the commercial scale
required for the types of applications this screening process is applied to. Successful application
of engineering criteria at this phase is dependent on the availability of sufficient information on
relevant properties. Lack of this information is a major challenge and makes effective screening
on some properties impossible. For example, we are not aware of a comprehensive source for
chemical cost information. While this would be an obvious screening criterion, the lack of
information makes it impossible to apply. After candidates that do not meet the ‘hard’ engineering
criteria have been removed, the remaining ‘soft’ criteria are used to define a ranking metric and
rank the remaining candidates to prioritize them for experimental testing. These ‘soft’ criteria are
properties that have been identified as important but exist on a continuous scale and don’t have a

hard cutoff of inclusion in the set of candidates. Safety is a common example of soft criteria. All

209



else being equal, ‘safer’ things are better than ‘unsafe’ things, so it makes sense to prioritize safer
chemicals. It is possible to assign a safety score to compounds that corresponds to the overall
hazards associated with them, but it is difficult to set a general hard criterion for what makes a
chemical ‘too dangerous’ for consideration. A common approach we use is to gather safety
information from PubChem in the form of Globally Harmonized System (GHS) hazard codes.
Hazard codes can be queried from PubChem for compounds that have this information available.
To form a safety figure of merit, hazard codes are assigned a numerical score based on their
severity as determined by previous work® and the sum of hazard scores for each candidate is used
as an overall score for safety. To create an overall ranking metric, we apply a modified digital
logic approach to weight the relative importance of the criteria considered in the ranking!®. Here,
the researcher designing the screening campaign considers every pair-wise combination of
possible ranking criteria and assigns a higher priority criterion in each comparison. The number of
comparisons a criterion ‘wins’ is summed and used to weight the importance of that criteria. The
values or scores of individual candidate compounds are normalized for each criterion. A final score
is calculated by summing the weighted normalized scores across categories, which is used to rank

the final candidates and prioritize the compounds suggested for experimental screening.

Effective visualizations of the resulting chemical design space are useful for sanity
checking the results of screening criteria implementations and communicating results with
researchers. An effective strategy for visualizing the final results of a screening campaign is to plot
final molecules on a 2D grid representing dimensionality reduced structural descriptors. Molecular
descriptors are computed feature vectors that describe structural features of molecules. Reducing

these features vectors to 2 dimensions with the dimensionality reducing/clustering algorithm t-
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Stochastic Nearest Neighbors (t-SNE) groups structurally similar molecules close together and
makes it possible to visualize the chemical space on 2 axes'!. The final ranking criteria of
molecules can be encoded in color, and 2D molecular drawings can be made accessible via tooltips.
t12,

These interactive visualizations can be trivially shared by hosting on the web service Streamli

Figure A2.2 shows an example of such a visualization with structural motifs identified.
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Figure A2.2: 2-dimensional t-SNE plot representing structural diversity in final design space of chemicals
screened using our screening framework. Clusters of molecules with a similar structure are highlighted. Figure

adapted from Rodriquez et. al.’
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A2.3 Applications

A2.3.1 Selection of Near Infrared Upconverting Donor Molecules

I collaborated with members of Cody Schlenker’s research group to develop a version of our
screening method to assist in chemical design space for a project to identify upconverting
molecules. Most photovoltaic materials absorb in the visible light region. However, a significant
amount of solar flux is in the near infrared (NIR) region. Developing photovoltaic systems that
absorb at both visible and NIR wavelengths would increase the efficiency of solar energy
infrastructure'®>. One approach to solving this problem is to combine traditional photovoltaic
materials with NIR upconverting materials. These materials absorb NIR light and re-emit it at
visible wavelengths, enabling it to be absorbed by traditional photovoltaic materials. Existing
upconverting materials either rely on expensive metals, are unstable, or suffer from parasitic
absorption. The Schlenker group is developing NIR sensitizers for upconverting applications based
on squarine chemistries. In this system, absorbing donor molecules are bound to a squarine core
to form a sensitizer or NIR absorbing molecule. Examples of these molecules are shown in Figure
A2.3. Selection of donor molecules for this system presents a large molecular selection problem
that we are working towards addressing with our screening approach. For this system, an initial
basis set of known working donor molecules was not available, which required a modification

from the baseline screening method. Structural screening rules were used instead. Important
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engineering criteria were identified in
collaboration with researchers from this
project.  Synthetic  accessibility was
identified as an important factor in deciding
which candidate donor molecules to
investigate. The researchers were willing to
invest a moderate amount of effort to
synthesize promising candidates in-house,
but wanted to set a cutoff on the amount of

effort required. General safety was also

a)oe
N/ \ /A-

N - —N®
IO =N
WK
Figure A2.3: Dimethyl-aminoanthracene squaraine, an
example sensitizer. A) Squarine core, b) Donor group.

Selection of appropriate donor groups is the goal of this
cheminformatics work.

b)

identified as important, as the goal of this project is to develop materials that will eventually be

widely deployed in solar panels. With these criteria in mind, a screening strategy was implemented.

Without a basis set of known-working examples to inform a similarity search, a robust set

of structural requirements was required. A collaborator in the Schlenker group with a deep

understanding of the impact of structure on absorbing behavior and described a thorough set of

structural requirements developed structural selection rules. These rules were implemented in

RDkit and used to screen the entirety of the PubChem database. The specific rules are described

in table A2.1. These rules were used to screen the entire 115 million compound PubChem database.
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Table A2.1: Structural screening criteria for selection of donor molecules.

Molecules with more than 1 ring system must have
ring systems connected with conjugated bonds or
nitrogen or boron bridging

Molecular weight < 300 g/mol =N JEEN No NO, (0=N=0) X
& N groups 0 N*
Allowed atoms: {C,N,H,S,P,B,0} No S=0 groups o A
b 4
Group exclusion rules (ex. no No Azides (N=N=N)
X N: N*
carbonyl groups) X
No triple bonds to N
No rings larger than 6 atoms N
X X
No S=N groups HN %
Must have at least 2 aromatic rings with 5 or 6
members No C=S groups x

Given the large size of this database, reasoned selection of the order in which rules were applied

was required to maintain computational efficiency. Molecular weight was used as a first pass

screening criteria as it is computationally trivial to evaluate. Atomic composition and bond

membership rules were evaluated next. Complicated rules like the ring system conjugation

requirement were evaluated last. This ordering combined with some embarrassing parallelization

made it possible to process all 115 million compounds in a few hours on a desktop computer. Next,

remaining candidates were screened on synthetic accessibility. Synthetic accessibility tools use

rule based method, machine learned models, or both to assign a synthetic accessibility score to

molecules that represents how difficult synthesizing the molecule is likely to be. Here, scores from

four common tools were considered: RAscore'*, SAscore!, SCScore!®, and SYBAscore'”. Each

tool uses a different approach to assign scores on a
different scale. Reasonable threshold criteria, shown in
Table A2.2, were selected for each score. Candidates that

met all 4 thresholds were kept, those that did not were

Table A2.2: Synthetic accessibility scoring

cutoff criteria
Score Cutoff criteria
RAscore >0.5
SAscore
SCScore
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discarded. Finally, remaining candidate molecules were ranked on safety. Figure 4.4 shows the set
of candidates at each step of the screening process. Each plot shows an arbitrary 2D representation
of the molecular structure. These plots show that as the screening criteria are applied, the diversity
of structures remains relatively constant even as the total number of candidates drastically drops.
This project is still in progress and has not generated experimental results yet. Collaborators are
pursuing additional computational screening of molecular donor character to further down-select
candidates for experimentation. This demonstrates the flexibility of combing this screening
approach with application appropriate screening methods to select candidate molecules. The donor
strength assessment pursued by collaborators is expected to be computationally intensive, so
screening all 115 million compounds in PubChem would not have been feasible. Starting with our
screening approach provided a structurally diverse set of candidates that have been screened for
practical criteria as a starting point for downstream higher cost methods. This is the role we

envision our approach playing in similar projects.

Candidates after synthetic

e Final ranked candidates
accessibility screen

Candidates after structural
screen

Unsafe

tSNE 2

tSNE 2

tSNE 2
Safety Rank

i LA S
. Sl Safe
2M Candidates 600,000 Candldateq 3119 Candidates
tSNE 1 tSNE 1

tSNE 1

Figure A2.4: tSNE plots of donor selection space at various points throughout the screening process. Gray
background in right two panels represents the space after structural screening shown in left panel, showing
subsequent selection steps do not significantly reduce structural diversity of the final candidate set.
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A2.3.2 Identification of Monomers for Mechano-Redox Polymerization

In another collaborative application of this screening tool, potential monomers for a novel
polymerization process were identified. Collaborators in Matt Golder’s research group are working
with a mechano-redox polymerization process that enables new block copolymers to be
synthesized'®!°. Block copolymers are composed of two or more monomers assembled into
homopolymer ‘blocks’ that are connected into a single polymer chain. Traditional solution
synthesis methods require all monomers involved in a synthesis to be soluble in a common solvent,
which limits the possible monomer combinations. Mechano-redox polymerization uses a piezo-
electric catalyst and mechanical motion to drive a synthesis reaction?’. This process does not
require monomer dissolution, which relaxes constraints on monomer solubility and makes the use
of new monomers and monomer combinations possible. This presents an underexplored design
space of possible monomers. A screening campaign was designed to help explore possible
monomers. In this screening campaign, four different monomer chemistries were explored. For
use in this mechano-redox synthesis process, monomers must have one of the following exposed
end groups to enable polymerization: acrylate, acrylamide, methacrylate, or methacrylamide.
Known monomers with these end groups are available from commercial vendors. To form a basis
set for a similarity search, available monomers of each category were web scraped from the Tokyo
Chemical Industry U.S. website. A similarity search was run using the web-scraped monomers as
a basis set. A structural screening rule was applied to the resulting set of similar molecules to
enforce the appropriate terminal group requirement. Commercial availability of monomers was an
important constraint for this project, so candidates that were not purchasable according to vendor

information available on PubChem were removed. Finally, candidate monomers were ranked on
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hydrophilicity. A goal of this project is to synthesize block copolymers with large differences in
hydrophilicity between blocks. Selecting monomers with disparate hydrophilicities is required to
do this. A hydrophilicity score was calculated based on calculated octanol/water partition
coefficient, total polarizable surface area, and the difference between the maximum and minimum
calculated partial charge. This score was used to rank the final candidates. The final candidates
were displayed in an interactive t-SNE plot, such as the one shown in Figure A2.5 for the acrylate-
based monomers. This project is ongoing and further selection of candidate monomers has been

delayed while a high throughput synthesis workflow is developed.
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Figure A2.5: Potential acrylate monomer candidates resulting from the described screening
criteria.
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A2.4 Conclusions and Future Work

Future work on this project should focus on formalizing the software implementation of the
screening workflow, identifying and developing sources for frequently used screening data, and

validating the assumptions made in this screening strategy.

There are a few key assumptions underpinning the validity and usefulness of this strategy
that should be formally validated. First, it is assumed that for any given material application, there
is a latent space of existing, unidentified chemicals that will fill the role well. This would be a
challenging assumption to disprove, but I am not aware of work that backs it. A major trend in the
molecular search space is generative molecular design®!. Proponents of this approach would argue
that molecular design can provide a molecule tailor made for a specific task. I argue that it is worth
at least searching known chemical space first, as something that may work well enough could turn
up. It would be a waste to wind up in a situation where a year of molecular generative design saved
a few days crunching through PubChem?. A more critical assumption is that chemical similarity
searches are effective tools for identifying functionally similar molecules with enough specificity
to be efficiently plan experimental screening. To validate this, I would find an application with a
large set of known-working compounds, select a small subset of this collection to form the basis
set for a similarity search, and compare the set returned from the similarity search to the known
set of working molecules. This would provide some real-world insight as to how effective this
campaign is. Finally, finding data sources to support the engineering constraints used in this
approach is difficult. Safety constraints have used data available on PubChem, which is
unavailable for the vast majority of compounds. Cost information would be extremely useful but
is not available in a programmatically accessible format. Machine learning methods promise rapid
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access to predictions of some engineering quantities, but issues with generalizability and reliability

make their blanket application difficult.
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