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Abstract

Data-Driven Analysis of Experimental Design Spaces for Colloidal Synthesis and Assembly

Huat Thart Chiang

Chair of the Supervisory Committee:

Lilo D. Pozzo

Department of Chemical Engineering

Colloidal nanomaterials offer diverse functionalities driven by their structural properties, requiring precise
control over synthesis and assembly. Due to the complexity of the experimental design space, a self-driving
lab approach, which combines artificial intelligence (Al) with autonomous experimentation, is a powerful
method used to navigate it. In this approach, an Al agent selects and evaluates experiments in a closed
loop, progressively improving its understanding of the design space as data is collected. Some ways to
improve self-driving labs include improving the distance metric to enhance the system’s ability to guide
synthesis. In this work, the amplitude-phase distance metric is introduced, which captures shape differences
in functional datasets (e.g., UV-Vis Spectroscopy, SAXS). Its performance is compared to the Euclidean
distance metric, and key differences are observed in nanoparticle structural differentiation (e.g., between
nanospheres and nanorods) and the balance between the exploitation and exploration of the design space.
Further advancements in self-driving labs include using multiple characterization methods (UV-Vis, SAXS,
TEM), minimizing reliance on literature for design space definition, and employing interpretable Al to ex-
tract experimental insights. These improvements are demonstrated with another self-driving lab tested with
silver nanoplate synthesis, where the derived design rules align with established knowledge. In addition to
inorganic nanoparticle synthesis, this work also explores engineering stimuli responsive protein assemblies,

which was done by modifying the RhuA protein with light and chemically responsive molecules. Struc-



tural analysis via a Monte Carlo-based SAXS fitting method reveals light-controlled assembly into tubes or
sheets, influenced by solution ionic strength. This efficient modeling approach supports future exploration
of metastable structures using in situ SAXS combined with Al-guided light sequencing. Finally, we ex-
plore DNA-mediated assembly of lipid encapsulated nanoparticles where high-throughput experimentation

is used to identify the effect of design variables on the final assembly.



Contents

1 Introduction 22
1.1 ODbJeCtiVves . . . . . . o o e e e e e e e e e e e e e e 22

1.2 Inorganic Nanoparticles . . . . . . . . . . . .. L 23
1.2.1 Inorganic Nanoparticle Synthesis . . . . . . .. ... ... .. ... ........ 24

1.3 Colloidal Self Assembly . . . . . . . . .. .. L 26
1.3.1 Inorganic Nanoparticle Self Assembly . . . . . . ... ... ... ... ....... 26

1.3.2 Protein Self Assembly . . . . . .. ... 27

1.3.3 Intermolecular Forces . . . . . .. .. . ... . .. 29

1.3.4 Ligand-Mediated Assembly . . . . . . . . ... . 36

2  Methods 40
2.1 Attificial Intelligence and Machine Learning Methods . . . . . . . .. ... ... ... ... 40
2.1.1 Gaussian Process . . . . . ..o 40

2.1.2 Bayesian Optimization . . . . . . . . . . . .. . . e 41

2.1.3  Genetic Algorithm . . . . . . . . .. 42

2.2 Robotic Synthesis . . . . . . . . . . e e e e e e 43
2.2.1 Opentrons OT2 . . . . . . . . e 43

2.3 Characterization Methods . . . . . . . . . . ... L L 46
2.3.1  UV-ViS SPECHIOSCOPY « & v v v v v v e v e e e e e e e e e e e 46

2.3.2 Dynamic Light Scattering . . . . . . . . . . .. .. ... 47

233 ZetaPotential . . . . . ... L 49



2.3.4  Small Angle Scattering . . . . . . . . ... Lo 51

2.4 Experiments at Large Scale Facilities . . . . . . . .. ... ... ... ... ... .. 55
25 SelfDrivingLabs . . . . . . . . L 57
Autonomous retrosynthesis of gold nanoparticles via spectral shape matching 61
3.1 Introduction . . . . . . .. e e e e e 61
322 Methods . . . . . oL e e e 62
3.3 Resultsand Discussion . . . . . . . . Lo 62

3.3.1 Case Study 1: 2-Dimensional Optimization . . . . . . ... ... ... ....... 63

3.3.2 Case Study 2: 8-Dimensional Optimization . . . . . . ... ... .......... 66

3.3.3 Discussion on Closed Loop Optimization Campaigns . . . . . . . . . . .. ... .. 70
34 Conclusion . . . . . . L e e e e 71

Data-Driven Exploration of Silver Nanoplate Formation in Multidimensional Chemical Design

Spaces 73
4.1 ADSITaCt . . . . o e e e e 73
4.2 Introduction . . . . . . . . L e e e 74
4.3 Materialsand Methods . . . . . . . . Lo Tl
43.1 Materials . . . . . L 77
4.3.2 Silver Nanoparticle Synthesis . . . . . .. ... ... ... ... .......... 77
433 UV-VisS SPECLIOSCOPY « « « « v v v v v e e e e e e e e e e e e 78
434 Small Angle X-ray Scattering . . . . . . . . . ... 78
4.3.5 Transmission Electron Microscopy . . . . . . .. .. ... ... ... 78
4.3.6 Scanning Electron Microscopy . . . . . . . . . . o .0 79
437 Machine Learning and Data Analysis . . . . . ... ... ... ... ........ 79
44 Resultsand Discussion . . . . . . . . ... 79
4.4.1 Fast Spectroscopic Exploration . . . . . . . .. ... ... 0oL 79
4.42 SAXS Structural Exploration . . . . . ... ... L o 88
45 Conclusion . . . . . .. e e 96



5 [Efficient Analysis of Small-Angle Scattering Curves for Large Biomolecular Assemblies Using

Monte Carlo Methods 98
S0 ADStract . . . ... e e 98
5.2 Introduction . . . . . . . L e e e 99
53 Methods . . . . . e 102
5.3.1 Monte Carlo Distribution Function Method MC-DFM) . . ... ... ... .. .. 102

5.3.2 Convolution of the Building Block and Lattice . . . ... ... ... ........ 103

5.3.3 Implementation . . . . . . . . . ... e e e 106

5.3.4 Experimental methods . . . . . . ... ... ... 108

54 Results. . . . . . e 109
54.1 RhuAProtein . . . . . . . . . L 109

5.4.2 Polydisperse RhuA Tube-like Assemblies . . . . . . . ... ... ... .. ..... 110

543 RhuASheets . . . . . . . . . e 114

5.4.4  SAS Simulations from HOOMD-blue . . . . . . ... ... .. ... ... .... 120

5.5 Conclusion . . . . ... e 122
6 Assembly of Silica Nanoparticles using Physically Tethered DNA Bonds 124
6.1 ADSIract . . . . . . e e 124
6.2 Introduction . . . . . . . . L e e e 125
6.3 Materialsand Methods . . . . . . . . Lo 126
6.3.1 Chemicals. . . . . . . . . e 126

6.3.2 DNA . . e 127

6.3.3 Dynamic Light Scattering . . . . . . . . . ... ... ... 127

6.3.4 Small Angle X-ray Scattering . . . . . . . . . ... 128

6.3.5 Small Angle Neutron Scattering . . . . . . . . . . .. . ... .. ... ... 128

6.3.6 Electron MiCrosCOpY . . . . . . v v v v v it e e e e e 128

6.3.7 LiquidHandling . . . . . . . . .. . . . ... 129

6.3.8  Sonication . . . . ... e e e 129

6.3.9 Lipid Encapsulation with DOPC . . . . . . .. .. ... .. .. ... ...... 129



6.3.10 Particle Simulations . . . . . . . . . L e e 130

6.4 Resultsand Discussion . . . . . . . . L 131
6.4.1 Overview of Assembly Strategy . . . . . . . . . . . . . .. .. 131
6.4.2 Choice of Nanoparticle . . . . . . . . .. . ... . L 131
6.43 Choiceof Lipid . . . . . . . . . ... 132
6.44 DNASEqUENCE . . . . . . . . it e e e e e e e e e 132
6.4.5 Lipid Encapsulation of Silica Nanoparticles . . . . . . ... ... ... ... .... 133
6.4.6 High-Throughput Assembly Screening . . . . . ... .. ... ... ........ 136
6.4.7 SAXS Analysis . . . . ... 140
6.4.8 Assembly Kinetics and Mechanism . . . . ... ... ... ... ... .. 0.0, 144
6.5 Conclusion . . . ... . ... 146
6.6 Future ExperimentPlan . . . . . . . . . . . ... ... ... 147
6.7 Acknowledgments . . . . ... 152
Conclusion 154
7.1 Summary and Perspectives . . . . . . . ... L 154



List of Figures

1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8

1.9

2.1

22

23

The chemical synthesis of silver nanoparticles using a precursor and several reducing agents
and stabilizers. . . . ...
The van der Waals interaction, which is made up of the Debye, Keesom, and London Dis-
Persion fOrces. . . . . . . . . . e e e e e e
The electrical double layer surrounding a negatively charged colloidal particle. It is com-
posed of the stern and the diffuse layer. . . . . . . . ... ... .. o oo

The steric force is a repulsion force between particles coated in bulky ligands such as PEG.
Under certain conditions, the addition of bulky ligands can cause aggregation by bridging

flocculation or by the depletioneffect. . . . . . ... ... ... ... ... .........

The hydrophobic force is an entropic force caused by water molecules forming an ordered
cage like structure around hydrophobic particles. To reduce the amount of surface area

exposed to the water, the particles will aggregate. . . . . . . . ... ... ... ... ....
The DLVO interaction €nergies. . . . . . . . . . . o v vt v v it it e
Figure showing the programmability and directionality of DNA. . . . . ... ... .. ...
The process of assembling gold nanoparticles (AuNP) into 3D colloidal crystals using DNA.

The light responsive host-guest interaction between azobenzene and cyclodextrin. . . . . . .

A Gaussian Process works by using a series of kernels to estimate the ground truth. . . . . .

Bayesian Optimization works by using a gaussian process as a surrogate model which is

trained on sampled point. The acquisition function is used to decide where to sample next.

Procedures of a genetic algorithm. . . . . . . . .. ... ...

33

38

41



24

2.5

2.6

2.7

2.8

29

2.10

2.11

3.1

A protocol for the OT2 liquid handling robot was created to vary the volume, time, and order
of mixing stock solutions. An algorithm optimizes the experiment scheduling to minimize

the total experiment time by minimizing the dead time between the addition of reagents.

Experimental setup for UV-Vis spectroscopy. A monochromator is used to select a wave-

length of light to expose the sample to. The detector then measures the transmittance of the

Differences in the UV-Vis spectrum of a gold nanorod and a gold nanosphere. The spectra
are normalized to have a maximum value of 1 and a minimum of 0. The absorbance is

reported in arbitrary units. . . . . . ..o L L oL L e e

Experimental setup of a DLS experiment. A laser is scattered off a sample, which is then
measured by a detector. The intensity of the scattered light is measured as a function of
time. Large particles have lower scattering fluctuations over time than smaller particles due

to longer diffusion times. . . . . . . . ... L L

The differences between the scattering intensities of a large particle and a small one. The
intensity autocorrelation function quantifies the difference in fluctuations between the parti-

cles of different sizes. . . . . . . . . . . . e

The experimental setup to determine the zeta potential by laser-Doppler electrophoresis.

Experimental setup of a SAXS experiment. A collimated beam of X-rays is scattered off a
sample, which is then measured by a detector. The 2D image is then integrated to create a

ID SCAttering CUTVE. . . . . . v v v i v e it e e e e e e e e e e e e e e

Detailed Setup of a self driving lab for the synthesis of gold nanoparticles. First, a targeted
structure is chosen and its UV-Visible spectrum is simulated. The objective of the self

driving lab is to synthesize a sample that most closely matches the targeted spectrum. . . . .

The formulas used to calculate the Amplitude and Phase distances. . . . . . . ... ... ..

10

45

48

60



3.2 Optimization trace for a gold nanorod target using the amplitude—phase distance. Each
panel shows the surrogate model as a contour plot, data points collected/queried from the
experiment in circles, the current best estimate using an aqua-colored star, and the retrosyn-
thesis target using a green-colored star. The x-axis of each plot represents the concentration
of silver nitrate (M x 107°) and the y-axis represents the concentration of ascorbic acid
(M x 10~%). All the compositions are annotated with the respective spectra obtained from
the experiment. We observe gradual changes to the surrogate approximation with an in-
crease in data collected and the optimization mainly focuses on improving the region with a

lot of “target-like” spectra. . . . . . . . . . . ... e
3.3 Optimization trace for a gold nanorod target using a Euclidean distance similar to Figure 3.2

3.4 Spectra obtained from a coarse grid sampling of the two-dimensional design space. Observe
that the space is continuous in terms of nano-structural geometries with three broad classes:
no nano-structures (black), nanospheres (blue), and nanorods (red). The retrosynthesis target

spectrumis labeled. . . . . . . . ..

3.5 The simulated extinction spectrum of a gold nanorod of 55 nm in length and 10 nm in

diameter. This was used as the target spectrum of the 8-dimensional optimization campaigns.

3.6 The results of the 8-dimensional optimization campaigns. The spectra of iterations 0, 1, 2,
and 6 are shown for the campaigns using the Amplitude Phase metric (top) and the Euclidean
metric (bottom). The two campaigns start with the same samples which is why they share
the samples from iteration 0. . . . . . . . . . . . . ...

3.7 The normalized spectra that most closely matched the targeted nanorod spectra of each
Optimization CampPAIZN. . . . . . o« v v e vt e e e e e e e e e e e e e e e e e

3.8 The SAXS scattering curve of the Amplitude Phase Best Sample whose UV-Vis spectrum is
shown in Figure 3.7. A. shows the experimental scattering curve together with the cylinder
model fit. B. shows the distribution of cylinder radius calculated from the cylinder model.
C. shows the distribution in cylinder length from the cylinder model. . . . . . . . ... ...

3.9 TEM images of the Amplitude Phase Best Sample whose UV-Vis spectrum is shown in

Figure 3.7 and SAXS scattering curve is shown in Figure 3.8 A. . . . . ... ... ... ..

11

65

67



4.1

4.2

4.3

4.4

The simulated spectra of spheres and plates using nanoDDSCAT. The legend refers to the

diameter of simulated the plates and spheres. All simulated plates have a thickness of 7 nm. .

The workflow for Fast Spectroscopic Exploration. Samples were synthesized with an Open-
trons OT-2 liquid handling robot and then characterized using UV-Vis spectroscopy. Each
UV-Vis spectrum that was obtained was classified, using the distance metric, into whether
it had characteristics of small, colloidally stable, monodisperse, plate-like particles. This
information was then used to train a Gaussian process classifier. Using this classifier, the
region where desired plates are most likely to be formed was identified, and samples for
the next iteration were randomly chosen from this region. This method can be applied in
high-dimensional design spaces, but a two-dimensional design space is shown in the figure

for visualization purposes. . . . . . . . ... e e e e e

This figure shows the volume fractions of each sample that was synthesized in each iteration.
Each iteration contains 48 samples. The plot of each iteration is a 2-dimensional represen-
tation of a 5-dimensional space. Each corner of the pentagon represents a reagent: ascorbic
acid (AA), tannic acid (TA), silver seeds (Seeds), silver nitrate (SN), and polyvinylpyrroli-
done (PVP). Samples that are located closer to a corner indicate a higher volume fraction
of the reagent labeled in the respective corner. Samples located near the center of the plot,
indicated by the intersection of the dotted black lines, suggest equal volume fractions of all
reagents. The grey dots are visual aids to show the shape of the plot. A red “x” represents
a sample that was classified as “Above Threshold” using the distance metric. A blue “0”
represents a sample that was classified as “Below Threshold”. There were 3/48 samples

labeled “Below Threshold” in iteration O, 11/48 in iteration 1, 34/48 in iteration 2, 26/48 in

iteration 3, 36/48 in iteration 4, and 41/48 in iteration 5. . . . . . . . . . .. ... ... ...

Representative UV-vis spectra of the samples that were classified as “Below Threshold” and

the ones that were classified as “Above Threshold”. . . . . . . . . . . ... ... ... ...

12

83



4.5

4.6

4.7

4.8

5.1

52

This figure shows the data from the randomly chosen sample that was fit using a plate model.
(A) The SAXS curve and the plate model that was used to fit the data. (B) An electron
microscopy image from the set of images that were taken of the sample. (C) A histogram of
the plate radii from all the images that were taken. The lognormal distribution with the plate

radius and polydispersity obtained from SAXS is plotted inred. . . . . ... ... ... ..

A histogram of the plate thickness (A), plate radius (B), lognormal plate radius polydisper-
sity (C), and scale (D) that were obtained from the 114 samples that were fitted with the

polydisperse plate model. . . . . . . . . ..

Contour plots of the top two most influential reagents on plate thickness (A), plate radius
(B), lognormal plate radius polydispersity (C), and the scale parameter of the particles (D),
which is proportional to the concentration of the particles. The structural information was
obtained by fitting a polydisperse plate model to SAXS data. The marker size is directly
correlated to the value of the structural feature, and the contours represent the design space

learned by the Gaussian process regressOr. . . . . . . v v v v v vt e e e e e

The comparison between the plate radius determined by the peak wavelength position from
UV-vis Spectroscopy and the radius determined by SAXS. The data from the simulated

plates are also plotted assuming that the radius determined from SAXS is the “true” radius. .

The process of calculating the scattering curves of a structure from a PDB file. First, atomic
coordinates are extracted and scattering length density differences between each atom and
the solvent background (water) are assigned to each atom. The Debye method calculates
the scattering intensity from the coordinates, while the MC-DFM first calculate the pairwise

distribution and then converts that to the scattering intensity using Fourier Inversion.

Translational and rotational transformations can be applied to randomly sampled coordinates

of the building block. . . . . . . . . . . L

13

95

. 103

104



53

54

5.5

5.6

A convolution can be performed with the MC-DEFM to avoid calculating the coordinates
of the whole structure by randomly sampling the building block and the lattice coordinates
independently. The randomly sampled building block coordinate is translated and rotated
according to the randomly sampled lattice coordinate. This is repeated with another coordi-
nate and the distance between the two points is calculated. This process is then repeated to

create the pairwise distribution. . . . . . . . . . . ...

Experimental data from the RhuA monomer protein and the scattering curve simulated from
its PDB file with the MC-DFM and Crysol. The scattering curves from both Crysol and
the MC-DFM were simulated without the hydration layer and an aqueous background was

assumed. . . ... . e e s

(A) Cryo-EM image showing a zoomed-in view of the tube-like assemblies of RhuA pro-
teins. (B) ns-TEM image showing a zoomed-out view of the tube-like assemblies. (C) A
histogram of the outer diameters of the tubes in the images shown in this figure, as well as
from additional images that are not shown. The tubes are expected to be flattened due to
drying effects for ns-TEM, which would make them appear larger than if they were imaged
in their native state. The histogram data was fitted with a normal distribution. The mean
of the distribution obtained from cryo-EM is 63.6 nm with a standard deviation of 10.6 nm.

The mean of the distribution obtained from ns-TEM is 88.9 nm with a standard deviation of

Models of tube-like assemblies of different outer diameters and the unassembled RhuA
monomer were created and their scattering curves were simulated using the MC-DFM.
Tube-like models with outer diameters of 44, 50, 56, 62, 68, 74, 80, 86, 92, 98, and 104

nm were simulated, but not all are shown in the figure. . . . .. ... ... ... ..., ..

14



5.7

5.8

59

5.10

5.11

5.12

The invariant of the simulated SAXS curves as a function of the number of RhuA monomers
in the tube-like assemblies. Each point represents the invariant of a single simulated SAXS
curve of the tube-like assembly and was calculated with a Guinier extrapolation at low q and
a fourth power law extrapolation at high q. (A) shows the invariant before scaling and (B)
shows the scaled, linearly proportional, invariant of the simulated SAXS curves after diving

them by their invariant calculated in (A). . . . . . . . . . . . . .. ... ...

(A) SAXS fit of the RhuA tube-like assemblies and a histogram showing the distribution
of tube diameters in the sample. (B) A normal distribution was used to fit the data and
compared to the fits from cryo-EM and ns-TEM. The fit of the data obtained from SAXS
had a mean of 56.8 nm and a standard deviation of 6.4 nm. The proportion of unassembled

RhuA monomers is around 0.50. . . . . . . . . . .

ns-TEM images of the RhuA sheet-like assemblies. The sheets seem to have rectangular
shapes, and some of the sheets stack on top of each other, indicating that the height of the

sheets is much smaller than the length and width. . . . . . ... .. ... ... ... .. ..

The steps to create the sheet model with the undulating wave-like structural effect. (A) First,
the coordinates of the proteins are determined using Equation (5.14). (B) The relative rota-
tion applied to each protein is determined using Equation (5.15). The sampled coordinates

of the proteins can be translated and rotated to each position, creating the final assembly.

The lattice coordinates can be duplicated and translated in the width (y-axis) and height
(z-axis) directions to create protein sheet-like assemblies of any length, width, or height

(defined by the number of proteins in each size direction). . . . . . . . . . ... .. ... ..

The closed-loop optimization workflow used to determine the structural features of the sheet
model. Input parameters were used to create a model of the sheet-like assembly. The scat-
tering curve of the assembly was then calculated with the MC-DFM and compared to the
experimental scattering curve obtaining a distance score. Finally, the distance score and the
input parameters were sent to a genetic algorithm to determine the next set of input parame-
ters to test. The genetic algorithm ran for 20 iterations with a batch size of 30 samples, and

took around 27 minutes to complete. . . . .. ... Lo

114

. 116



5.13

5.14

6.1

6.2

The results of the optimization show the model curve that best fits the experimental data.
The structural parameters of the model curve were a protein separation distance of 7.6 nm in
the length and width direction, a protein separation distance of 6.0 nm in the height direction,
a sheet length of 14 proteins (106 nm), a sheet width of 9 proteins (68 nm), a sheet height
of 4 proteins (24 nm), an undulating wave-like amplitude of 39 nm, an undulating wave-like
frequency of one wavelength every 240 nm, and an unassembled RhuA monomer volume

fraction of 0.44. . . . . . . L e

(A) the simulation of the assembly of spheres and the SAXS curve from the simulation
showing the change in structure as the assembly occurs. The spheres were assumed to be
core shell spheres with a core diameter of 0.1 angstrom and a shell thickness of 0.4 angstrom.
(B) the simulation of the cube assembly as well as the SAXS curves from the simulation. The
cubes were assumed to be core shell cubes with an inner cube edge length of 0.1 angstrom

and an outer cube length of 1 angstrom. . . . . . .. ... ... ... ... .........

The DNA design used to assemble the silica particles (figure not drawn to scale). DNA-Chol
is first added to functionalize the particles followed by a premixed DNA-Bridge that links
two DNA-Chol strands together. DNA-Bridge can be inexpensively tuned to test different

lengths or binding energies on the assembly. . . . . . . . ... ... L oL,

Two samples were characterized with SAXS and SANS. The first sample contains a dis-
persion of (2mg/mL) silica nanoparticles. The second sample contains a dispersion of
(2mg/mL) silica nanoparticles encapsulated with DOPC, which is prepared using the tech-
niques discussed in the Methods section. (A) shows the SAXS curves of the two samples
along with a sphere model fit. Both samples were prepared in water. (B) shows the SANS
curves of the two samples along with a sphere model fit and a core shell sphere model fit.

Both samples were prepared in 89% D2O. . . . . . .. ..o oL

16

134



6.3

6.4

6.5

6.6

The hypothesized structure of the materials in the sample consisting of silica and DOPC. The
table in the figure shows the parameters obtained from fitting the SANS data of the sample
containing silica and DOPC. The values for the fixed parameters of the silica diameter and
silica diameter polydispersity were obtained from fitting a sphere model to the sample that
only contained silica. The values from the fit parameters were obtained from fitting the
SANS data of the sample with silica and DOPC using a model consisting of the sum of
two core shell sphere models. The units of the scattering length densities are (x 1076 A-2).

References for the scattering length densities can be found in the supporting information. . .

The process used to screen the effect of NaCl and DNA-Chol concentrations on the assembly
of DOPC encapsulated silica nanoparticles in high throughput. Samples were first mixed
using a liquid handling robot in a custom wellplate. After sealing and flipping the wellplate
in the upright position, any sediment from the sample accumulates in a small pocket in the
bottom of the well, where the X-ray beam for SAXS can be positioned. To also assess the
effects of thermal annealing, SAXS was measured both before heating the wellplate in an
oven (not shown in the figure) and also after heating the wellplate to the melting point of the
DNA in the oven and then cooling to room temperature. All SAXS data was taken at room

EBMPETALUTE. . . . o o v v v e v e e e e e e e e e e e

The SAXS curves from the high-throughput assembly screening without any heating. The
curves in blue represent the samples that do not contain DNA-Bridge, while the curves in
red contain DNA-Bridge. Regions in the experimental design space that have similar SAXS
curves were manually identified and highlighted with the colors green, purple, and light
blue. The DNA-Bridge molecule has a length of 20 double stranded base pairs plus two

single stranded ‘sticky ends’ of 18 base pairs on each end of the molecule. . . . . . ... ..

SAXS data showing the effect of different DNA-Bridge lengths on the assembly without
any thermal annealing protocol. All DNA-Bridge molecules have the same base pairs on the
ends of the molecule, but differ in the amount of base pairs in the center. These samples were
made with 10 mM NaCl and 100 DNA molecules/particle but with DNA-Bridge molecules

of varying lengths. . . . . . . ...

135



6.7

6.8

6.9

6.10

6.11

6.12

The optimization protocol used to match the simulated SAXS curve from a molecular simu-
lation to the experimental curve. The optimal input parameters that define the pair potential
as well as the molecular simulation are determined by Bayesian optimization. . . . . . . . .
(A) The results of four independent optimization campaigns are shown as simulated struc-
ture factors plotted with the targeted experimental ones. The curves are manually shifted in
intensity for visualization purposes. The major tickmark on the x-axis, roughly in the cen-
ter of the x-axis, represents a q-value of 1072 A2 (B) shows the optimized interparticle
potentials used to run the simulations. The unit of the Potential Energy isin kT. . . . . . ..
(A-D) Crystallinity analysis on the final equilibrium snapshots of the simulation for each
of the samples. The polyhedral template method [1] categorizes each particle into known
structures (Amorphous, FCC, HCP) according to the topology of the local environment. (E)
A zoomed in view of the top, front, and back of the cluster circled in purple. . . . . . . . ..
Time resolved SAXS and DLS measurments of the sample 20 Bridge. The initial time (t=0)
corresponds to the time at which the DNA-Bridge was added to the sample. (A) shows the
SAXS curves of the first 100 minutes. (B) shows the SAXS curves of minute 100 to 360.
(C) shows the invariant of all the SAXS curves as a function of time. (D) shows the peak
prominence of the SAXS curves, which was determined by the height of the peak minus the
trough. (E) shows the results from DLS of the first 100 minutes of assembly. (F) is derived
from the DLS data and shows the location of the peak position as a function of time.
Electron microscopy with energy dissipative spectroscopy was performed on the 20 Bridge
sample. At 100 minutes after the DNA-Bridge was addded, the sample was diluted by a
factor of 10 and drop casted on a microscopy grid. . . . . . . . ... L.
The proposed mechanism of the assembly of the DNA coated DOPC encapsulated silica
nanoparticles. The timesteps in the figure are based on the interpretation of experimental
SAXS, DLS, and microscopy data. The mechanism is consistent with simulation snapshots

of the sample with 20 Bridge. . . . . . . . . . . . . . . . ...

18

141

142

. 146



List of Tables

3.1 Table I. Concentrations of the Chemical Design Space and the Arbitrary Nanorod Target . . 64

3.2 Table II. Concentrations of the Chemical Design Space and the Nanorod Target . . . . . . . 67

4.1  Experimental design parameters used to synthesize silver nanoparticles. The volumes of
each regent can be independently varied from 0-60 uL in increments of 1 pL.. Water was
added to each sample to obtain a volume of 325 uL. The lowest concentration achieved is
0.09 uM for the silver seeds and 0.006 mM for the other reagents. Reagent concentrations

are reported assuming a total volume of 325 pl.. . . . . . ..o oo 80

6.1 Optimal simulation parameters found by fitting structure factors derived from molecular
simulations to experimental ones. Up has units of kT. The number density has units of
particles/o, where o is the size of one particle. g, the interparticle distance, is reported in

units of o as well as the actual lengthinnm. . . . . .. ... ... ... ... ... .... 143

19



Acknowledgements

First, I would like to express my gratitude to my advisor, Dr. Lilo Pozzo, for the support, guidance, patience
and encouragement throughout the course of my PhD. Thank you for being so supportive during my PhD,
for believing in me, and for teaching me how to think like a scientist. It is also truly a privilege to experience
and learn from so many conferences, beamline trips, and scattering courses. I am very grateful to have been
your student. I would also like to thank the members of my dissertation committee Dr. David Bergsman,
Dr. Zachary Sherman, Dr. David Beck, and Dr. James De Yoreo for their valuable feedback, constructive
criticism, and generous contributions of time and knowledge. I am also thankful for the center for the science
of synthesis across scales, where I have enjoyed and learned so much from all the collaborations, meetings,
and retreats.

The Pozzo Research group is a fantastic place to perform research, and I am grateful to all the past
and present members group, especially Kacper, Kiran, Moeez, and Naomi, who have been a wonderful
source of collaboration, encouragement, and inspiration during this journey. You have greatly supported
me throughout my PhD, and I am thankful to have interacted with each one of you. My experience as a
PhD student would not have been the same without your support, and I look forward to learn about all your
achievements in the future. I also would like to acknowledge the members of the Sherman Research Group
who have been a great source of support and inspiration. Next, [ want to thank my parents, brothers and
cousins. Your love, encouragement, and belief in me have been the foundation of all that I have achieved.
Finally, I would like to thank my girlfriend Kaung Su for supporting me all the way through my PhD journey.

Thank you for standing by me every step of the way.

20



DEDICATION

To the reader, I hope you find what you are looking for.

21



Chapter 1

Introduction

1.1 Objectives

Controlling the structure or assembly of colloidal nanoparticles is important because the structure of these
particles often gives rise to unique functionalities which are not present in the material’s bulk form. How-
ever, this is often challenging due to the large and complex experimental design spaces of colloidal synthesis
or assembly, where several variables can have complex effects on the final structure. One powerful method
to navigate this large and complex design spaces is by using data-driven methods and high-throughput ex-
perimentation. In this thesis, data-driven methods will be used to explore the experimental design space of
several different colloidal systems. Chapter 1 will focus on the theoretical background of colloidal synthesis
and assembly, such as the commonly used methods to synthesize and assemble colloidal particles as well
as applications of nanomaterials. Chapter 2 is about the experimental methods that were used for the work
in this thesis, such as the machine learning methods and the characterization techniques. Chapter 3 is about
the effect of a distance metric on closed-loop retrosynthesis which is using a data-driven algorithm together
with a liquid handling robot and UV-Vis Spectroscopy to optimize the properties of gold nanoparticles. In
the chapter, it is shown that the choice of the distance metric has a significant impact on the performance of
the closed-loop retrosynthesis system. Because of this, the Amplitude-Phase distance metric is introduced,
which primarily considers the shape of the spectroscopic curve when assigning a distance. At the end of

the chapter, the limitations of a closed-loop retrosynthesis are discussed, which can be summarized as the

22



requirement of multi modal characterization, knowledge generation, and the reduction of reliance on the lit-
erature. These limitations are then addressed in Chapter 4 where a new data-driven method is introduced and
tested on the synthesis of silver nanoplates. The method first uses UV-Vis spectroscopy to determine regions
in the design space where plate-like particles are most likely to be synthesized. By randomly sampling in
these regions of interest and by using small-angle x-ray scattering to obtain high quality information on the
size and dispersity of the samples, information on how each reagent affects the structure of the nanoparticles
was obtained. The findings obtained from the large amounts of collected data agreed with the mechanisms
described in the literature of the well-studied system of silver nanoplate synthesis. In Chapter 5, we transi-
tion from nanoparticle synthesis to protein self-assembly using a model protein called RhuA. To form the
assemblies, either a 5-cyclodextrin (host) or azobenzene (guest) molecule is covalently attached to the pro-
tein, which forms chemically and light responsive protein assemblies when mixed together. To characterize
the structure of the protein assembly, small angle x-ray scattering is used and scattering data is obtained
from the assemblies. We also present a method to efficiently analyze scattering curves of large biomolec-
ular assemblies and use it on the data collected on our system. The results show that the RhuA protein
assembles into tube or sheet like structures which is consistent with data obtained from microscopy. Finally
in Chapter 6, the DNA-mediated assembly of lipid encapsulated silica nanoparticles in investigated. The
objective is to determine how DNA surface mobility on the nanoparticle surface affects the final structure of
the assembly. In this chapter, high-throughput experimentation is used to rapidly screen structures and the

effect of design variables such solution ionic strength and DNA concentration is identified.

1.2 Imorganic Nanoparticles

Inorganic nanoparticles are nanomaterials that are composed of metals, metal oxides, or nonmetallic ma-
terials. Because of their small size (1-100 nm), they contain special properties such as chemical, optical,
physical, or biological, that are not present in the bulk material. For example, metallic nanoparticles like
gold or silver possess a special property called surface plasmon resonance which allows for strong light
absorption and scattering at specific wavelengths. This property is useful for applications in medicine, catal-
ysis, and sensors. Silica nanoparticles have special properties such as surface tunability (e.g., making them

hydrophobic or hydrophilic) which allows modifications to be easily made on their surface. In addition,
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their optical transparency, and thermal and chemical stability make them especially useful for industrial
applications such as protective coatings. Another useful property of inorganic nanoparticles is their high
surface area-to-volume ratio. Mesoporous silica nanoparticles are spherical particles that contain an ordered
arrangement of pores inside them which results in an extremely high surface area. This is useful for applica-
tions in drug delivery, where drugs can be delivered in the pores, or bioimaging where high concentrations
of contrast agents can be delivered to targeted locations in the pores [2]. Another popular kind of inorganic
nanoparticle is the quantum dot (QD). These semiconductor nanoparticles (e.g., CdSe, CdS) have optical
and electronic properties due to quantum mechanical effects, which depend on the nanoparticle’s structure.
In short, when a QD is exposed to light, an electron in the valence band is excited into the conduction band.
When it returns to the valence band, it will release its energy as light of a specific wavelength. The wave-
length of the emitted light is tunable by the size of the QD, where larger QDs usually emit light with longer
wavelengths and smaller QDs emit shorter wavelengths. One application of quantum dots is in quantum
dot light-emitting diode displays. Because QDs emit light of tunable wavelengths, they can be used as light
sources for the individual pixels in displays, which increases the power efficiency and highly pure colors in

the display [3].

1.2.1 Inorganic Nanoparticle Synthesis

Inorganic nanoparticles can be synthesized by many methods such as physical, chemical, photochemical,
or mechanical methods. The synthesis is also frequently categorized into either top down or bottom up
approaches. The top down approach refers to the breaking down of bulk materials into smaller nanoparticles
and generally involve physical or mechanical methods. The bottom up approach involves the nucleation and
growth of the nanoparticles from atomic precursors, and are mostly associated with chemical methods [4].
In this thesis, all the nanoparticles studied are synthesized using chemical methods. This method involves
several reagents, each of which serves a specific purpose. The first is a precursor which is the source of
atoms that make up the nanoparticle. In the case of silver nanoparticle synthesis, this precursor is often
silver nitrate, a metal salt. The second reagent is the reducing agent, which reduces the precursor. It
achieves this by driving electrons to the precursor to form atoms, which are insoluble in the solution. Some

common reducing agents are ascorbic acid, tannic acid, or sodium borohydride. Once the precursor is

24



reduced into atoms (e.g., Ag), it will aggregate into clusters, eventually forming the nanoparticle. The
strength of the reducing agent controls the rate in which atoms are released in the solution, and influences the
final nanoparticle structure [5]. Another important reagent is the stabilizer, which are bulky molecules such
as polymers or surfactants that adsorb onto the surface of the nanoparticle, preventing additional growth and
inducing a stabilizing effect through steric or electrostatic forces [6]. Stabilizers can also be used to direct
the growth of nanoparticle into desired morphologies (e.g., plates, rods) by having preferential adsorption
onto specific facets, such as the case of polyvinylpyrrolidone, which preferentially binds to the Ag(111)
facet of silver nanoplates (i.e., the axial direction) [7]. Finally, while not required, many syntheses involve
the use of seeds, which are small nanoparticle precursors. These nanoparticles act as catalysts by serving as
nucleation sites for the precursor atoms to grow on, and also influence the structure of the nanoparticle [5].

A similar procedure can be performed for the synthesis of gold nanorods [8].
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Figure 1.1: The chemical synthesis of silver nanoparticles using a precursor and several reducing agents
and stabilizers.

Another powerful method to synthesize inorganic nanoparticles is the sol-gel method, which is com-
monly used for the synthesis of silica nanoparticles. To synthesize silica nanoparticles, the precursor, tetra
orthosilicate (TEOS), is mixed with alcohol and water to undergo a hydrolysis reaction. The hydrolysis reac-
tion breaks down the precursor into silanol groups (Si-OH). The condensation reaction then occurs between
two silanol groups to form siloxane bonds (Si-O-Si). These bonds results in particle aggregation and the
formation of the gel network. The pH of the solution greatly affects the reaction rate of the reactions and can
be tuned to obtain silica nanoparticles of different sizes and dispersities. In addition, it can be used control

the surface charge of the nanoparticles, where a pH lower than the point of zero charge will result in silica
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nanoparticles with a positive charge and a pH higher than that will result in a negative charge. During the
aging step, further polymerization reactions occur and the silica particles are physically rearranged into the
gel structure. The final step is drying where all the water and alcohol groups evaporate, resulting in a solid
powder which contains the silica nanoparticles. The nanoparticles can be redispersed in a solvent to obtain
a colloidal dispersion [9]. Mesoporous silica nanoparticles are a special kind of nanoparticle that contains
an ordered array of pores, which greatly increases the surface area of the nanoparticle. These pores can be
created with the sol-gel method by using surfactants like CTAB or pluronics. Surfactants self-assemble into
different structures based on the presence of inorganic particles and experimental conditions, such as the cu-
bic, hexagonal or the lamellar phase. These ordered phases can serve as templates for the silica nanoparticles

to condense on which results in mesoporous silica nanoparticles [9].

1.3 Colloidal Self Assembly

1.3.1 Inorganic Nanoparticle Self Assembly

The assembly of inorganic colloidal particles gives rise to structures with various functionalities and ap-
plications, such as, catalysis, sensor, and display technology. For instance, arranging nanoparticles into a
3D crystal structure, with an interparticle spacing larger than the diameter of the nanoparticle, optimizes
their surface area while minimizing the overall volume of the crystal. This characteristic is particularly ad-
vantageous for applications in catalysis. A 3D assembly of nanoparticles, such as platinum, palladium, or
cobalt, enhances the exposure of reactants to active sites, improving reaction efficiency [10]. In addition,
the self-assembled structure imposes mechanical stability on the nanoparticles, preventing aggregation and
enabling their reusability.

The assembly of plasmonic nanoparticles, such as gold and silver, plays a crucial role in sensor ap-
plications like surface-enhanced Raman spectroscopy (SERS). This technique leverages electromagnetic
enhancement, which occurs when localized surface plasmon resonances (LSPR) in metallic nanostructures
generate intense electromagnetic fields that amplify Raman signals. Furthermore, chemical enhancement,
facilitated by charge transfer between the metal surface and the molecule, also amplifies the Raman signal,

enhancing the overall sensitivity of the technique. By assembling plasmonic nanoparticles and confining
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them to a small surface area, the Raman scattering signals of molecules adsorbed onto their surfaces are
greatly enhanced, enabling the detection of extremely low molecule concentrations. This can be used for
identifying substances such as toxins, biomarkers, and pesticide residues, as well as for studying drug deliv-
ery mechanisms [11].

The self-assembly of quantum dots (QD) plays an important role in quantum-dot light-emitting diodes
(QLED), a display technology. Quantum dots are semiconductor nanoparticles that emit narrow emission
spectra, which allows for highly saturated colors in displays. The emission spectra can be tuned by chang-
ing the size or composition of the quantum dot, meaning that a wide range of colors can be created. In
a QLED display, self-assembled monolayers of quantum dots are used in the pixels of the display and
play an important role in the performance of the device. For example, a uniform monolayer ensures effi-
cient charge transport and balance within the device, and minimizes defects that prevent electron leakage.
Additionally, a smooth and consistent QD layer is essential for uniform light emission, as it reduces scat-
tering losses and enhances light extraction. Proper assembly also contributes to the stability of the device
by preventing QD aggregation, which can otherwise lead to a loss of emission and degradation of overall
performance [12] [13].

All the applications that were discussed demonstrate the importance of the self-assembly of inorganic
nanoparticles. It is clear that obtaining control over the self-assembly process of inorganic nanoparticles
has led to advancements in several technologies, which underscores its importance. Future chapters of this

thesis will explore methods to control the self-assembly of inorganic nanoparticles.

1.3.2 Protein Self Assembly

The assembly of biomolecules, such as proteins, is ubiquitous in nature and is responsible for most of the
processes that make life possible. Proteins are made up of a chain of amino acid monomers that fold into
three-dimensional structures depending on their sequence. The three-dimensional structure of a protein is
important for the protein to function properly. For example, enzymes or antibodies must have the correct
structure to be able to bind to other molecules and perform their function. In addition, many proteins are
composed of an assembly of smaller protein subunits. It is important for proteins to assemble properly since

it is well-known that errors or defects in the assembly can lead to severe consequences. For example, neuro
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degenerative diseases such as Alzheimer’s and Parkinson’s originate from the misfolding of the Amyloid

protein that undergoes uncontrolled aggregation, resulting in the death of neurons [14].

As previously discussed, many examples of complex protein assemblies already exist in nature, and
it has been a long-standing goal to synthetically design protein assemblies which could lead to several
advancements in medicine and biotechnology. This is extremely challenging because proteins are made up of
a sequence of tens to hundreds of amino acids, and these amino acids dictate the three-dimensional structure
of the folded protein. To design a self-assembling protein, a balance between intermolecular forces (e.g.,
van der Waals, electrostatic, hydrogen bonding, steric) must be present in specific locations on the surface
of the protein, so that they can assemble, but not aggregate uncontrollably. Recently, several successful
tools have been developed to navigate this near-infinite design space. These tools are based on artificial
intelligence (AI) and trained on data from the protein data bank (PBD). The PDB is a large comprehensive
database that contains the amino acid sequence of a protein as well as its 3D structure (i.e., locations of all
the atoms). The structure is experimentally solved with X-ray crystallography or Cryo-EM, and there are
millions of entries in the databank. An example of a tool is Alphafold 2, released in 2021, which uses a deep
neural network with transformer based architectures to predict the resulting 3D structure of an amino acid
sequence [15]. This is extremely useful because it allows scientists to quickly obtain the predicted structure
of different amino acid sequences, which would take a lot of effort and time to determine experimentally. In

addition, it was one of the first major applications of Al in science, leading to several other applications.

Since the development of Alphafold, new tools have been developed. One useful tool for the design
of protein assemblies is RFDiffusion, which is a generative model used to create new proteins that have
specific function [16]. Diffusion models were first developed for image generation, where they are trained
on vast amounts of images, and slowly learn how to recreate similar, realistic images. By implementing text
encoding, the user can specify special characteristics of the image to be generated. Similarly, scientists can
use RFDiffusion to generate proteins with special structural or functional motifs (e.g., binding sites). This
has several useful applications such as designing vaccines made out of a self-assembling protein scaffold
and antibody complex, which is more potent, stable, modifiable, and cheaper than other conventional vac-
cines [17]. Another example is designing proteins that bind to snake venom toxins, neutralizing them before

they cause complications and induce damage to the human body [18].
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1.3.3 Intermolecular Forces

Intermolecular forces are essential for colloidal self-assembly and synthesis, enabling the stability of col-
loidal systems. Although generally weaker than intramolecular forces, they significantly influence colloidal
behavior. These forces are either attractive or repulsive, and achieving a balance between them is key to
controlling the structure and function of a colloidal system. The fundamental intermolecular forces are

discussed in this section.

Van der Waals

Van de Waals forces are generally attractive forces between molecules, but can be repulsive in some cases
such as in heterogeneous systems. This force originates from the movement of electrons in a molecule
resulting in permanent or transient dipoles. More specifically, the van der Waals force is composed of
the dipole-dipole (Keesom), dipole-induced dipole (Debye), and induced dipole-induced dipole (London
Dispersion) interactions. The Keesom force occurs between two molecules of permanent dipoles. The
Debye force occurs when a molecule with a permanent dipole induces a dipole in another neutrally charged
molecule. This force is weaker than the Keesom force, but can still be significant. Finally, the London
Dispersion force exists in all molecules, regardless of their polarity. It originates from the oscillations of
the orbital electrons in a molecule which induces temporary dipoles in nearby molecules, resulting in the
attraction of the two molecules. The sum of the three forces makes up the van der Waals force [19]. The
van der Waals interaction potential can be calculated with the Hamaker constant, which summarizes the
interactions between a pair of macroscopic objects like colloidal particles. It is calculated by the pairwise
summation of all the energies between two materials. A full derivation can be found in the literature [20],

but a simplified equation for the van der Waals pair potential between two spheres of equal radii is:

Aa
By = —
vdw 125,

(1.1)

Where A is the Hamaker constant, a is the radius of the sphere, and Sy is the surface-to-surface distance

between the two spheres under the condition: Sy << a.
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Debye Keesom

London Dispersion

Figure 1.2: The van der Waals interaction, which is made up of the Debye, Keesom, and London Dispersion
forces.

Electrostatic

Electrostatic interactions occur between two charged particles and can be attractive or repulsive depending
on the charge. It originates from Coulomb’s law which describes the electrostatic potential between two
point charges. The electrostatic potential depends on several factors such as the dielectric constant of the
solvent, the presence of ions in the solution, pH, and the surface charge density. In colloids, the electrostatic
interaction originates from interactions between the electrical double layer of two particles, which is a layer
of ions that form around colloidal particles. If a colloidal particle has a surface charge, counter ions from the
solution will adsorb onto the surface of the particle. The first layer of counter ions is known as the Stern later,
which is mostly immobile. The second layer is the diffuse layer which is composed of both counter and co-
ions surrounding the Stern layer. The ions in this layer are more mobile and the ion concentration decreases
as they move further away from the colloidal particle. Several mathematical models have been developed to
model the electrical double layer such as the Helmholtz Model which models the Stern layer with immobile
counter ions, or the Gouy-Chapman model which models the diffuse layer with mobile counter ions. The
Stern model combines the two models and is commonly used to model the electrical double layer as a Stern
layer of immobile counter ions on the surface of the particle as well as a diffuse layer of mobile counter ions
further away from the surface.

The size of the electric double layer affects the electrostatic interaction between colloidal particles, and

several factors can affect the size of the double layer. One factor is the ionic strength of the medium which

30



is related to the electrolyte concentration and valence of ions in the medium. Higher ionic strengths will
reduce the Debye length, which describes the thickness of the electric double layer. The collapse of the
double layer results in reduced electrostatic interactions. The pH of the solution also affects the electrostatic
force by altering the ionization state of surface functional groups on the colloids, which can change the size
of the double layer. Finally, the surface charge density of the particle will affect the size of the electrical

double layer since it controls the magnitude of the electric field.

Surface Charge
(Negative)

Stern Layer

Diffuse Layer

Electrical Double Layer

Figure 1.3: The electrical double layer surrounding a negatively charged colloidal particle. It is composed
of the stern and the diffuse layer.

To model the electrostatic potential of spherical colloidal particles, the Derjaguin approximation is used
to calculate the electrostatic interactions between curved surfaces. This approximation is shown in Equation
(1.2). The surface potential of the particles is denoted by g in volts, and « is the inverse Debye length,
expressed in m~!. k is the Boltzmann constant, 1.38 x 10723 J/K, and T is the absolute temperature in
kelvins. The relative permittivity (dielectric constant) of the medium is represented by ¢, while ¢q is the
permittivity of free space, with a value of 8.854 x 10~!? F/m. Equation (1.2) is only valid for the case where

Sp << a and for particles with a constant surface density.

by = meegarppe O (1.2)

The Debye length « is a measure of the thickness of the electrical double layer, and it can be calculated

with Equation (1.3), for the case of a symmetric electrolyte of charge z. The elementary charge is denoted
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by e and has units of coulombs, z is the valence of the electrolyte, N4y is Avogadros number, and C' is the

concentration of electrolyte in Molarity.

2000e222N3,,C
= 1.3
" \/ ecgRT (1.3)

Equation (1.3) can be simplified for the case of deionized water at room temperature and this is shown

in Equation (1.4) [20].

(1.4)

Steric

Steric forces are interaction forces between colloidal particles that are repulsive. This force comes from
the adsorption of bulky ligands or polymers on the surface of a colloidal particle which creates a protective
layer surrounding the particle. When two particles with protective layers approach each other, the layers
interact with each other leading to the steric repulsive interaction. This repulsion can occur due to several
reasons. The first reason is the overlap of electron clouds between the protective layers would repel each
other. The second is from osmotic pressure which occurs when water molecules are expelled between the
two layers. This imbalance in osmotic pressure drives water back between the two layers, separating them
from each other. The last reason is elastic repulsion which occurs when the ligands or polymers in the
protective layer are compressed when the particles approach each other. If the natural state of the ligands
or polymers is uncompressed, this would lead to elastic repulsion between the particles. Steric repulsion
is an important method to stabilize colloidal particles because it is mostly insensitive to changes in pH,
temperature, and solution ionic strength. This makes it an ideal method to stabilize colloidal particles that
undergo a wide range of conditions. A common method of inducing steric forces in colloidal systems is
the use of polyethylene glycol (PEG), which is a neutrally charged water soluble polymer. When modified
with a thiol molecule (PEG-thiol), it can be used to functionalize gold nanoparticles, increasing its colloidal
stability [21]. Other functionalization methods can be used to attach PEG to particles of different kinds of
materials.

While the steric force is repulsive, the addition of bulky ligands or polymers to a solution of colloidal
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particles can also cause aggregation under certain conditions. A well-known effect is bridging flocculation
which occurs when a long polymer attaches itself onto two or more colloidal particles, bringing the particles
together and causing aggregation. Bridging flocculation is a common method of water purification, since
most solid particles in contaminated water (e.g., clay, dirt) are negatively charged. By adding a cationic
polymer to the solution, bridging flocculation occurs causing the separation of the solid particles from the
liquid phase. This is advantageous because flocculation occurs without the addition of ions to the solution (to
reduce electrostatic repulsion) which is important when the objective is purified water. Despite this, it is well
known that adding an excess concentration of cationic polymer to the solution can have the opposite effect of
electrostatically stabilizing the solid particles when the polymer wraps itself around each particle. Therefore,
the concentration of polymer added to the solution can determine whether the attractive or repulsive force
is enhanced [20]. Another attractive effect that occurs when high concentrations of polymers are added
to a colloidal suspension is known as the depletion effect. This effect occurs when the concentration of
unadsorbed polymers in the solution is high. When two colloidal particles approach each other, the polymers
are expelled from the space between the particles, causing an imbalance of osmotic pressure. This results in
the movement of water between the colloidal particles to the bulk solution (i.e., high polymer concentration),

creating an attractive force between the colloidal particles.

Steric Repulsion Bridging Flocculation Depletion Effect
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Figure 1.4: The steric force is a repulsion force between particles coated in bulky ligands such as PEG.
Under certain conditions, the addition of bulky ligands can cause aggregation by bridging flocculation or by
the depletion effect.
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Hydrophobic

The hydrophobic interaction results in a repulsive force between a hydrophobic surface and water. This is
because hydrophobic surfaces are incapable of bonding with water with methods such as hydrogen bonding
or ionic interactions. The hydrophobic force between colloidal particles is attractive and causes them to
aggregate in an aqueous solution, minimizing the system’s free energy. In addition, this attractive force is
long-ranged and relatively strong. The origin of the hydrophobic force is entropic. This is because water
molecules tend to organize themselves in an ordered cage-like structure around hydrophobic molecules,
which increases entropy. To minimize the system’s free energy, hydrophobic molecules must aggregate to
minimize the total surface area exposed to water, minimizing the system’s free energy. In colloid science, the
hydrophobic force can be used to induce aggregation of colloidal particles through hydrophobic ligands such

as alkanes. For example, the use of thiol-modified alkanes can be used to functionalize gold nanoparticles

causing them to aggregate [21].
N e
OROR {ié‘f
g Soe” “\-v .J
~ ¢ 7

Figure 1.5: The hydrophobic force is an entropic force caused by water molecules forming an ordered cage
like structure around hydrophobic particles. To reduce the amount of surface area exposed to the water, the
particles will aggregate.

DLVO Theory

Derjaguin, Landau, Verwey and Overbeek (DLVO) theory can be used to predict the colloidal stability of
electrocratic colloids, which are one of the most basic colloidal systems. The theory describes the total
interaction energy of electrocratic colloidal systems as the sum of the attractive van der Waals interaction

and the electrostatic repulsion. The total interaction energy has units of joules, but is commonly reported in
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units of kT, an energy unit composed of the Boltzmann constant multiplied by temperature. The interaction
energy is usually plotted as a function of the distance between particles, and features of the curve can be
used to determine the stability of a colloidal system. Often, the curve contains a “potential energy barrier”
which is the maximum height of the curve and represents the energy that must be surpassed for aggregation
to occur. As a general “rule of thumb”, if an energy barrier is less than a few kT, aggregation will occur

rapidly. Therefore, the higher the energy barrier, the higher the stability of the colloidal system.

Several equations can be used to calculate the interaction energies in the system. The total interaction
energy can be described with Equation (1.5), where ®7 represents the total interaction potential in joules,
which is the sum of ® 4 (the van der Waals attraction potential in joules) and ® y (the electrostatic repulsion
potential in joules).

Ppr =04+ Ip (L.5)

The van der Waals attraction can be calculated with Equation (1.6) for spherical particles in a binary
system, where the Hamaker constant, As12, is expressed in joules and describes the material-dependent
strength of van der Waals forces between a particle of material 2 in a medium of material 1. a is the radius

of the particles in meters, and Sy is the separation distance between particle surfaces in meters.

_ Asiza
125

oy = (1.6)

The electrostatic repulsion is shown in Equation (1.7). The surface potential of the particles is denoted
by 1) in volts, and « is the inverse Debye length, expressed in m~!. k is the Boltzmann constant, 1.38 x
10~23 J/K, and T is the absolute temperature in kelvins. The relative permittivity (dielectric constant) of the

medium is represented by €, while g is the permittivity of free space, with a value of 8.854 x 10~2 F/m.

P = meegarpe” 0 (1.7)

The equation for the inverse Debye length is shown in Equation (1.8) for the case of a symmetric elec-
trolyte in deionized water at room temperature. C represents the concentration of electrolyte in the solution

in mol/L and z is the valence of the electrolyte. [20].
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(1.8)

The DLVO interaction energies are then plotted shown in Equation (1.5).
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Figure 1.6: The DLVO interaction energies.

1.3.4 Ligand-Mediated Assembly
DNA

DNA-mediated assembly is a popular method for assembling colloidal particles due to its programmability
and tunability. This programmability comes from the numerous combinations of nucleotide base pairs that
can be used to form a DNA strand. DNA assembly works based on the complementary base pairing of the
nucleotides by hydrogen bonds, specifically adenine (A) with thymine (T) and cytosine (C) with guanine
(G). C and G bind with three hydrogen bonds while A and T bind with two. DNA can be single or double-
stranded, and two single strands of complementary base pairs will bind via hydrogen bonds to form a double
strand if it is below the strand’s melting temperature. This means that a DNA double-strand can easily be
divided into single strands simply by heating it to a temperature higher than its melting temperature. The
length of the DNA strand and the C and G content determine the melting temperature of the strand. The

directionality of DNA is also an important property of DNA. Nucleotides (A, C, T, G) are composed of a
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phosphate group, a pentose sugar, and a nitrogenous base. In terms of directionality, the phosphate group is
often referred to as the 5’ side and the third carbon of the sugar molecule is the 3°. In a single DNA strand,
covalent bonds form between the 5° end of one nucleotide to the 3’ end of another one. DNA directionality

means that a double strand can only form between single strands that are antiparallel.
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Figure 1.7: Figure showing the programmability and directionality of DNA.

DNA can also be chemically modified with other molecules, many of which are commercially available.
These modifications are made on either the 5’ or 3’ end of the DNA strand and is commonly used to at-
tach DNA molecules to colloidal particles. Common modifications are the addition of a thiol group to the
beginning of a DNA strand which can covalently bond to materials such as gold [22]. Another common
modification is the addition of a cholesterol molecule, which can bind to hydrophobic regions such as the
inner part of lipid membranes [23]. In addition to its ease of chemical modification, DNA is a popular
method for assembling colloidal particles because of its ability to form high-quality 3D colloidal crystals.
In the literature, there are several examples that use DNA to create thermodynamic colloidal crystals that are
made out of gold nanoparticles [22] [24]. In short, the method involves functionalizing a gold nanoparticle
with thiol-modified DNA, adding another DNA strand that has complementary base pairs to the first strand
on both of its ends, and then performing a thermal protocol which usually involves heating the system to
the melting point of the DNA and then slowly cooling. It is hypothesized that crystallization occurs because
of the gradual cooling from the thermal protocol, where DNA strands can frequently de- and rehybridize,
rearranging the positions of the colloidal nanoparticle into the thermodynamic crystal structure [24]. De-

spite this, it is well documented that other factors such as DNA length, complementary DNA length, DNA
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concentration, solution ionic strength, and particle size determine the degree of crystallization as well as the
structure of the crystal [25]. The programmability of DNA as well as it ease of chemical modification make

DNA a powerful tool for assembling colloidal particles.
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Figure 1.8: The process of assembling gold nanoparticles (AuNP) into 3D colloidal crystals using DNA.

Host-Guest Interactions

Host-guest interactions refer to the non-covalent bonding between two distinct molecules, leading to the
formation of unique complexes. In these complexes, guest molecules are typically encapsulated or incor-
porated within the host molecules, linking them together using physical bonds. This type of interaction
is frequently used to create supramolecular systems because of its responsiveness to external stimuli like
light, pH, temperature, etc. [26]. In addition, the structure of the host is often designed to complement the
size and shape of the guest, leading to high selectivity. One kind of host-guest complex used in this thesis
is the light-responsive azobenzene (guest) and -cyclodextrin (host) complex, which is used to assemble
the RhuA protein in light-sensitive supramolecular assemblies. In short, 3-cyclodextrin has a high affinity
to (E)-azobenzene, but not to (Z)-azobenzene. The (E)-isomer is thermodynamically more stable than the
(Z)-isomer, so the formation of the complex is the most stable form. Exposure to UV light triggers a confor-
mational change from (E)-azobenzene to (Z)-azobenzene, leading to the separation of the complex, while
visible light reverses this process [27]. The light-sensitive azobenzene/cyclodextrin complex is only one of

the many kinds of host-guest interactions that can be used to assemble colloidal particles.
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1.3. COLLOIDAL SELF ASSEMBLY
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Figure 1.9: The light responsive host-guest interaction between azobenzene and cyclodextrin.
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Chapter 2

Methods

2.1 Artificial Intelligence and Machine Learning Methods

2.1.1 Gaussian Process

Gaussian Processes (GP) are supervised machine learning models that are effective in making predictions
in small to medium datasets. A GP works by fitting linear combinations of kernels to data points. Kernels,
a hyperparameter of a GP, are functions (e.g., Gaussian, exponential, quadratic) used to measure the covari-
ance or the similarity between two data points. The kernels are placed in arbitrary points in the parameter
space, and the weighted sum of these kernels makes up an estimation function which is used to make pre-
dictions of the outcomes of the input parameter set. The weight coefficients are sampled from a Gaussian
distribution, which results in a distribution of different estimator functions called Gaussian Process Priors.
A loss function, which is composed of the sum of a similarity term and a regularization term, is minimized
to obtain the best estimation function. The similarity term is composed of the difference between the actual
training data points and the estimation function’s predictions of the points. The regularization term accounts
for the smoothness of the function which is important to prevent overfitting. The loss function is minimized
by changing the weight coefficients of the kernels and a parameter that affects the smoothness of the fit,
obtaining an estimation function that best represents the data [28]. The advantages of GPs are that they
are nonlinear and nonparametric. Nonparametric regression is advantageous because it does not assume any

underlying correlations in the data, in contrast to parametric models such as linear regression. The drawback
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of nonparametric models is that they are less accurate than parametric ones when there is a known analytical
relationship between the data points. Another drawback is that they are hard to interpret. It is easy to under-
stand how a linear regression model works but not a GP, which is important when trying to gain scientific
insight from a dataset. Finally, the computational time used to fit a GP tends to grow cubically compared to

the dataset size, which limits its application to small datasets [29].

=== Ground Truth
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Figure 2.1: A Gaussian Process works by using a series of kernels to estimate the ground truth.

2.1.2 Bayesian Optimization

Bayesian Optimization (BO) is an optimization algorithm that uses the information from all previous sam-
ples to determine which experiments to perform next, allowing it to find the optimal solution within a few
samples. This optimization technique is composed of two parts: the surrogate model, and the acquisition
function. The surrogate model, most commonly a GP, is an estimation function that is used to predict the
outcomes of possible experiments. The acquisition function is what determines which experiments to per-
form next. One function that is commonly used is the probability of improvement which samples based
on which outcomes have the highest probability of having any kind of improvement over the current best
value. Another function, the expected improvement, samples where the greatest improvement is expected.
To obtain optimal results efficiently, these acquisition functions must balance exploration and exploitation,
which is a problem encountered by all optimization algorithms. Exploitation is the search for promising
regions where an optimum is likely to be located. Repeatedly exploiting risks results in the confinement
in local maxima which will lead to small improvements in the best value, until no improvements occur at

all. Exploration is the search of regions that have not been sampled before. This ensures that information
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on the whole parameter space is collected and that there are no other solutions better than the predicted
optimal value (i.e., global maximum). Repeatedly exploring will also lead to poor performance because the
search will be focused on different areas of the parameter space. For optimal performance, the algorithm
must balance the amount of exploration and exploitation, which is often difficult since this is controlled by
a hyperparameter (i.e., a parameter determined by the user’s experience or from literature). BO works by
creating a loop with two main steps. With the GP as a surrogate model and a chosen acquisition function,
the first step of BO is to define the GP prior, which is made by fitting the kernel functions to the initial data
points (in the first iteration, the prior is also the posterior). After more experiments are conducted, the prior
is updated and becomes the posterior, from which the acquisition function is used to determine which exper-
iments to perform next. This loop is repeated until a stopping criterion is met, which is usually convergence

or performing a predetermined number of iterations/experiments [30].
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Figure 2.2: Bayesian Optimization works by using a gaussian process as a surrogate model which is trained
on sampled point. The acquisition function is used to decide where to sample next.

2.1.3 Genetic Algorithm

Genetic Algorithms are useful to optimize objective functions that are inexpensive to evaluate. This is done
by mimicking the process of evolution to optimize a desired feature. The algorithm consists of four steps:
evaluation, selection, crossover, and mutation. The evaluation step starts with candidate solutions to the
objective function and the score of each solution according to the objective function. This step is simply

ordering the inputs of each candidate according to its score or fitness. In the selection step, the samples
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from the evaluation step are selected according to their fitness value (i.e., samples with higher fitness have
a higher chance of being selected). The next step is the crossover step where candidate solutions that were
selected are randomly mixed with one another. The purpose of this is to combine the characteristics of
good solutions to create a better one. Finally, the mutation step introduces a random change in one of the
new candidate solutions. The probability of a mutation occurring is controlled by a hyperparameter, which
controls the amount of exploration and exploitation [31]. An advantage of a GA is that the calculations
are computationally inexpensive which makes it suitable for simulated experiments such as model-fitting
algorithms [32]. It is not well suited for experiments where evaluating the objective function is expensive
such as when physical experiments are performed. Bayesian optimization would be a better choice for
that task. The code for the genetic algorithm which was used in this thesis can be found online (https:

//github.com/huatc/GA).

Evaluation Selection

Mutation Crossover

Figure 2.3: Procedures of a genetic algorithm.

2.2 Robotic Synthesis

2.2.1 Opentrons OT2

The Opentrons OT2 liquid handling robot was used for many of the high-throughput experiments in this the-
sis. This low-cost robot (<$10,000) transfers liquids with pipettes of volumes of 1 to 1000 microliters with
an accuracy of 1 microliter. In addition, it can be controlled by a Python-based API, which allows for highly

customizable protocols. In this thesis, the OT2 robot was used for the synthesis of inorganic nanoparticles,
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where different volumes of stock solutions were mixed in a well plate to synthesize nanoparticles of differ-
ent morphologies and sizes. Python code to perform this task for a large number of samples was developed

in the Pozzo research group (https://github.com/pozzo-research—-group/0OT2-DOE).

Nanoparticle synthesis was the main application of the OT2 in this thesis, leading to several useful
lessons and tips, many of which may seem trivial. The first lesson is to always watch the OT2 when per-
forming a protocol for the first time. There are various points of failure that will result in unsuccessful
experiments. The second is that proper calibration is extremely important for the accurate transfer of lig-
uids. Before any experiment, it is useful to test a protocol without any liquids to ensure that the pipette
properly picks up pipette tips and aspirates/dispenses in the center of the specified labware. If the pipette
is not centered, offsets can be applied to correct for this misalignment using the calibration tool in the OT2
application. The third lesson is carefully set the pipetting options depending on the liquid being transferred.
This is because the ability of the pipette to dispense small volumes of fluid greatly depends on the fluid being
transferred. For example, when dispensing an aqueous solution of surfactant, air bubbles will often form at
the end of the dispensing. To solve this issue, a solution could be to aspirate more liquid than the amount
to be dispensed. Another scenario involves the transfer of viscous fluids such as an aqueous solution of a
bulky polymer. In this case, liquid bubbles can remain at the end of the pipette tip after dispensing the liquid,
which would result in less liquid being transferred to the sample. One possible solution is to implement a
mixing protocol where the pipette uses the same tip to mix the sample solution, ensuring that any residual
liquid, such as a bubble, is properly incorporated into the sample. However, this would require the pipette
tip to be washed or discarded before the next step. To effectively wash the pipette tip, it was determined
that sequentially aspirating and dispensing a large volume of water across three separate deionized water
reservoirs was sufficient to eliminate sample contamination. Finally, liquid evaporation is a significant issue
especially for long protocols. To mitigate this, adding flexible covers to labware or using a low temperature

are some possibilities.

Apart from the advantages of improved efficiency and reproducibility that the liquid handling robot
offers, it also opens up the possibility of performing experiments with timed interventions. A protocol can
be created where the time delays and order in which the robot performs a pipetting step are variables. This

is applicable to colloidal syntheses and assemblies that are kinetically driven, where the time and order in
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which reagents are added have an effect on the final result. One advantage of using a liquid-handling robot
for experiments with timed interventions over microfluidic devices is that batches of samples can be created
in parallel. This means that optimizing the schedule in which the samples are created (the transfer of stock
solutions to the sample well) to reduce dead time, can drastically reduce the total experiment time. This is
essential for high-throughput experiments where the time delays are long and where numerous samples are
synthesized. Code to perform scheduled optimization was created (https://github.com/pozzo-
research-group/otto)and used in some projects [33]. In short, the inputs of the code are the volumes
of each reagent to add to each sample, the time delay of the addition of each reagent, and the order of
addition. Using these inputs, an algorithm schedules the pipetting to minimize the total experiment time by

minimizing the dead time between adding reagents.

Start
Sample Add Red Add Blue Add Green
A ﬁ 5 min i i
Sample Add Green ® Add Red @ —

B ﬁ 10 min ﬁ 15 min  — i
Finish

Sample Add Green Add Blue Add Red
c 8o () e
5 min 5 min

Figure 2.4: A protocol for the OT2 liquid handling robot was created to vary the volume, time, and order of
mixing stock solutions. An algorithm optimizes the experiment scheduling to minimize the total experiment
time by minimizing the dead time between the addition of reagents.
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2.3 Characterization Methods

2.3.1 UV-Vis Spectroscopy

Light Monochromator Sample Detector
. , ,

Y '¢ /\/\I\/\N\I\I
O — AN\ iang

Figure 2.5: Experimental setup for UV-Vis spectroscopy. A monochromator is used to select a wavelength
of light to expose the sample to. The detector then measures the transmittance of the sample.

UV-Vis spectroscopy obtains information on how matter interacts with different wavelengths of UV to
visible light. In the experiment, a monochromator selects a specific wavelength of light that is then exposed
to the sample. A detector directly behind the sample then detects how much light of that specific wavelength
gets transmitted through the sample. Normally, a graph of the absorbance of each wavelength of light is

obtained using Beer’s law.

A =log1p(T) = elc 2.1

Where A is the absorbance, T is the transmittance, € is the molar absorptivity coefficient, [ is the path
length of light, and c is the concentration of the sample. In the Beer-Lambert Law, the absorbance is equal to
the product of the molar absorptivity coefficient, the path length of light, and the concentration of the sample.
The molar absorptivity coefficient is the only term that is a function of wavelength, which means that it
accounts for the shape of the spectrum. The path length and the concentration are constants that account for
the intensity position of the spectrum but do not change the shape. Because of this, UV-Vis spectroscopy
can also be used to measure the concentration of samples, by measuring the change in absorbance. This can
be used for turbidity tests where the absorbance of a specific wavelength is determined, which is useful for
quantifying aggregation in some colloidal systems.

In the special case of plasmonic nanoparticles, the structure of the nanoparticle can be indirectly in-

ferred from the shape of the UV-Vis spectrum due to localized surface plasmon resonance. Generally, the
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peak position of the spectrum is related to the size of the nanoparticle and the number of peaks is related to
the shape. In addition, the UV-Vis spectrum can serve as an identification tool by comparing it to compu-
tationally simulated spectra in order to identify a plasmonic nanoparticle’s structure. However, this must be
done cautiously since many different structures can have similar spectroscopic signatures. Finally, a major
advantage of UV-Vis spectroscopy is that it can be a relatively fast and inexpensive technique using plate

readers, which makes it ideal for screening plasmonic nanoparticles in high-throughput.
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Figure 2.6: Differences in the UV-Vis spectrum of a gold nanorod and a gold nanosphere. The spectra are
normalized to have a maximum value of 1 and a minimum of 0. The absorbance is reported in arbitrary
units.

2.3.2 Dynamic Light Scattering

Dynamic Light Scattering (DLS) can be used to determine the size and dispersity of colloidal particles of
nanometers to tens of microns. The theory behind DLS is that the movement of colloidal particles can be
described with Brownian motion because thermal fluctuations are the dominant force acting on the particles.
In addition, colloidal particles scatter light due to the differences in refractive index between the solvent and
solute. DLS measures the intensity of the light, as a function of time, that is scattered by each particle from
an incident laser beam. The intensity of the scattered light depends on the position and size of the particles
and results from the interference (constructive or destructive) between the scattered rays originating from
each particle [20]. A schematic of the experimental setup of a DLS experiment is shown in Figure 2.7.

The theory behind DLS is that larger particles have lower scattering fluctuations over time than smaller

particles, because of longer diffusion times. The extent of the fluctuations can be quantified by the auto-
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Figure 2.7: Experimental setup of a DLS experiment. A laser is scattered off a sample, which is then
measured by a detector. The intensity of the scattered light is measured as a function of time. Large particles
have lower scattering fluctuations over time than smaller particles due to longer diffusion times.

correlation function, which measures the similarity between a scattering intensity signal and a copy of itself
taken at short delay time interval 7, from which the autocorrelation function is derived (2.2). At 7 — 0,
the low elapsed time for the particles to undergo significant displacement relative to their prior positions
results in two similar scattering intensity patterns and a high correlation coefficient. At 7 — oo, there is
enough time for the particles to be displaced relative to their prior positions which results in a low correla-
tion coefficient. This results in the typical “S” curve in Figure 2.8, where there is initially a high correlation
coefficient which then drastically lowers to 0. The shape of the curve is used to determine the particle size

and dispersity.
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Figure 2.8: The differences between the scattering intensities of a large particle and a small one. The
intensity autocorrelation function quantifies the difference in fluctuations between the particles of different
sizes.
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The intensity autocorrelation function (second-order autocorrelation) is derived from the scattering in-

tensity and is defined as:

Where ¢() (7) is the intensity autocorrelation function, I(t) is the scattered light intensity at time ¢, T is
the delay time, and (-) is a time average. The Siegert relation connects the intensity autocorrelation function
to the field autocorrelation function ¢ (7) as follows:

@ oy
9@ (r) =1+ 8N (r)|
Where g(l)(T) is the electric field autocorrelation function (first-order), and 3 is the coherence factor

(depends on experimental setup). For monodisperse particles, the following equation can be used to obtain

the diffusion constant D.

gD(r) =1+ 2P7" 2.2)

Where q is the scattering vector. The diffusion constant D can be calculated from the fit and then used

to calculate the hydrodynamic radius Ry from the Stokes-Einstein equation [34].

kBT
~ 6muRy

2.3)

Where kp is the Boltzmann constant, 7" is temperature, 4 is the viscosity, and Ry is the hydrodynamic
radius. The hydrodynamic radius is defined as the radius of a sphere that diffuses at the same rate as the
particle being measured [35]. Therefore, DLS is sensitive to adsorbed polymers, the electrical double layer,

or other large molecules on the surface of particles [20].

2.3.3 Zeta Potential

Zeta potential is defined by the electrostatic potential difference between the slipping plane and the dispers-

ing medium. It is an important property that determines the stability of a colloid since its value is related
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to the electric double-layer repulsion between particles. Zeta potentials with high magnitudes indicate a
strong electric potential while magnitudes close to zero indicate a weak one. A useful application of the zeta
potential in colloid science is to determine if molecules are adsorbed onto a particle’s surface. For example,
a negatively charged particle will have a drastically different zeta potential when cationic molecules are
adsorbed onto its surface. To measure zeta potential, the electrophoretic mobility must first be calculated,

which is the particle velocity divided by the electric field strength.

v
up = E—’; (2.4)

Depending on the size of the double layer, determined by the product of the particle size a and the
inverse Debye length «, different equations should be used to calculate the zeta potential. Equation (2.5) is
the Helmholtz-Smoluchowski limit and (2.6) is the Hiickel limit. Both of these limits are also summarized

in Henry’s formula which calculates the zeta potential for both of these limits.

wp = €5 for ka > 200 (2.5)
7
up = 268 o wa < 0.1 (2.6)
3w

The variables used in the equations are as follows: ug represents the electrophoretic mobility, defined
as the particle velocity V), divided by the electric field strength F,.. The electric field strength is denoted as
E,, and V), is the electrophoretic velocity of the particle. The dielectric constant of the medium is €, while
€o refers to the permittivity of free space, which has a value of 8.854 x 1072 C/V - m. The zeta potential
is denoted by (. The viscosity of the medium is represented by p.. The Debye length, x !, is a measure of

the thickness of the electrical double layer [20].

The most common way to calculate electrophoretic mobility is through laser-Doppler electrophoresis.
In short, a laser beam of known wavelength is split into two and then reflected to intersect on the stationary
plane of the electrophoretic cell. This causes interference fringes of a known distance, which can calculated
by Equation (2.7). In this equation A denotes the wavelength of the incident light, n is the refractive index

of the medium, and @ is the scattering angle. The fringe spacing in this method is represented as A.
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Figure 2.9: The experimental setup to determine the zeta potential by laser-Doppler electrophoresis.
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After the fringe spacing is calculated, the time a particle takes to traverse one fringe spacing is calculated.
This is done by determining the flickering frequency, which is measured from the autocorrelation function
(discussed in the previous DLS section). The autocorrelation function is created from the scattering of light
from the particles as they traverse the distance of one fringe spacing. Finally, the velocity of the particles is

calculated using Equation (2.8) [20].
Vp =1AA (2.8)

2.3.4 Small Angle Scattering

Small-angle scattering (SAS) is a powerful tool used to characterize the structure of colloidal nanoparticles
ranging from 1 to 1000’s nm in the dispersion state, non-invasively and, in some cases, in high throughput.
The use of X-rays or neutrons, which have wavelengths comparable to the sizes of the nanostructures,
results in the high sensitivity of structural features of these sizes and is advantageous over visible light-based
characterization techniques such as dynamic light scattering. In addition, the ability to characterize a sample

in its native state or while performing an external manipulation differentiates it from many other techniques.
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Figure 2.10: Experimental setup of a SAXS experiment. A collimated beam of X-rays is scattered off a
sample, which is then measured by a detector. The 2D image is then integrated to create a 1D scattering
curve.

1D Integration

I(q)

q (A7)

While the data interpretation of SAXS curves can be difficult (inverse problem), the scattering curve of any
scattering object can be mathematically calculated and compared with the experimental scattering curve to
identify it (forward problem). In theory, small-angle X-ray scattering (SAXS) can be used to study any
material. However, the contrast, or the difference in electron density between materials, often determines
how feasible and time-consuming a scattering experiment will be. Scattering experiments on materials with
high contrast such as metals, crystals, and others are often easy to perform with quick measurement times.
On the other hand, biomolecular samples such as proteins, peptides, lipids, and others often require longer
measurement times and sample environments with low background noise. SAXS is also accessible since it
can be performed in laboratory-based sources, which are becoming popular due to advancements in detector
technology and X-ray brightness. All these characteristics make SAXS an important tool to study colloidal

synthesis or self-assembly.

Another characterization technique that is similar to SAXS is small-angle neutron scattering (SANS),
which is performed at large scale facilities. This technique is like SAXS except that the beam is composed
of neutrons instead of X-rays. While the X-ray scattering length of elements monotonically increases with
atomic number, the neutron scattering length is related to the strong neutron force, making it unrelated to
the atomic number and sensitive to isotopes. The main advantage of this is the ability to perform contrast
variation experiments due to differences in scattering lengths of hydrogen and deuterium. By changing the

composition of the solvent (D2O/H20), contrast variation allows for the ability to separate the scattering

52



contributions of individual subunits in complex systems. This is especially useful for studying hybrid sys-
tems that undergo conformational rearrangement upon the formation of a weakly associated complex, such
as studying how the structure of a protein changes when attached to a ligand. Another common application
of SANS is studying the structure of a membrane protein in a lipid bicelle. In this experiment, scattering
contributions of the lipid bicelle are matched out using the correct solvent composition, resulting in the
scattering of only the membrane protein. In this thesis, SANS is used to study the encapsulation of silica
nanoparticles in lipid bilayers. At high concentrations of D50, there is high scattering contrast from both
the silica and lipids, enabling the extraction of structural information from both materials from the scattering
curve. Another unique concept of SANS is the strong incoherent scattering of hydrogen, which contributes
to a high flat background signal in scattering curves from samples containing aqueous solvents. This ele-
vated background is undesirable, as it requires the material of interest to scatter neutrons more intensely than
the background to achieve a high-quality scattering curve. Because of this, when choosing a solvent compo-
sition (D2O/H20), it is often advised to use a solvent with as much D50 as possible while still maintaining

the highest amount of contrast between the material in the sample and the solvent.

Theory

In SAS, a collimated beam of X-rays or neutrons is scattered off a sample of interest resulting in a change
in the momentum of the X-ray or neutron. The X-rays or neutrons are assumed to scatter elastically and
scattered only once. The interactions between the scattered X-rays or neutrons result in a scattering pattern
that is measured by a detector located behind the sample. This 2D pattern is then azimuthally integrated to

obtain the intensity of the scattered X-rays or neutrons (/(g)) as a function of the momentum transfer vector

Q).

g = —sin(=) 2.9

Equation (2.9) shows the equation of the momentum transfer vector where 6 is the angle of the scattered
beam and A is the wavelength of the X-ray or neutron. The scattering equation for many two-phased systems

that do not have any anisotropic ordering can then be simplified and written as:
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I(q) (ApV,)2P(q)S(q) + background (2.10)

<

In eq. (2.10), % is the volume density of the scattering particles, V), is the volume of the particles and
Ap is the contrast or the difference between scattering length densities of the particles and the background.
P(q) is the form factor which is the scattering due to the size and shape (e.g., spheres, disks, rods, cubes)
of the particle. S(q) is the structure factor which is the scattering due to the position of the particles in
relationship to other particles. Finally, the background refers to the scattering of any material in the path of

the beam other than the material of interest.

Data Analysis

Data from SAS is often ambiguous and hard to interpret, which is why additional information from other
characterization techniques or from prior knowledge is needed to interpret SAS data. In the case where the
shape of the material can be approximated with a geometric object (e.g., sphere, cylinder, cube, and others),
model fitting of the analytical solution of the geometric object to the data can be performed. The analytical
solutions of simple geometric objects are straightforward to implement and easily solvable. For example,

the equation for the scattering of a sphere is:

I(q) = (SVAp(sin(qr) —qr cos(qr))>2 2.11)

(qr)?

In (2.11), r is the radius of the sphere, which can be tuned in the model fitting algorithm to fit the
experimental data. Similar expressions exist for the scattering of different geometric structures.

Using the analytical solutions of geometric structures to fit data is valid only if the sample is known to
be completely monodisperse in size and shape, which is uncommon in colloidal systems. Polydispersity in
size and shape can be accounted for by calculating the scattering curves of structures with different sizes
and taking the weighted average of the curves. Depending on the polydispersity distribution, this calculation
can be computationally expensive. Several software packages have been developed for this purpose such as
Sasmodels (www.github.com/SasView/sasmodels) or McSAS [36].

Many biomolecular systems, such as proteins, have irregular shapes, which prevents the use of analytical
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solutions of geometric shapes to fit the data. In these cases, the scattering curve of the protein can be
calculated and compared to the experimental curve. A common method to perform this calculation is through
the Debye equation. The Debye equation calculates the scattering intensity from the atomic coordinates
(3D-cartesian coordinates) of any structure and also accounts for changes in the scattering length density of
atoms. This makes it an extremely useful tool in modeling small-angle scattering data. The derivation of
the Debye equation [37] starts with the amplitude of a scattered wave, which is the result of the interference
pattern of all the scattered waves. The assumption is that every wave is scattered once and only elastic

scattering occurs.

U(g) =) fjexp(—ig-r)) (2.12)
j

In (2.12), f; refers to the scattering length density of the 4 atom and r; is the position of the 4t atom.

The intensity of the scattered wave can then be calculated using the amplitude.

I(q) = W) =D ffjexp(—ig- (re —r5)) (2.13)
kg

The Debye equation is then the spherically averaged intensity of the intensity of the scattered wave

(2.13). By spherically averaging the exponential part of (2.13) the Debye equation is derived.

. sin(qrg
(exp(—iq- (rp —1j))) = 7( i#) (2.14)
qrjk
In equation (2.14), r;, refers to the euclidean distance between points 7; and 7.
sin(qrg
I(q) = szkqu(r-;:) (2.15)
kE J

2.4 Experiments at Large Scale Facilities

Large scale facilities are government funded laboratories with beamlines that are used for experiments.
Each beamline consists of a beam of X-ray or neutrons and equipment such as collimators, lenses, sample

environment, and detectors for the desired experiment. In this thesis, ultra small angle x-ray scattering
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(USAXS) and SANS experiments were performed at the beamlines. USAXS was used to characterize large
nanoparticle assemblies of hundreds of nanometers in size. The large size of the assemblies results in an
ultra small scattering angle. To measure these small angles, the USAXS instrument uses a Bonse-Hart
device which allows for the measurement of ultra small angles, with the drawback of a loss of X-ray flux.
However, synchrotrons are able to produce extremely bright X-rays, which allows for quick and high quality
USAXS measurements. Currently, experiments with neutrons such as SANS, can only be performed at large
scale facilities due to the complexity and high cost of producing neutrons that are intense enough to use in
experiments. In this thesis, SANS was used to investigate the encapsulation of silica nanoparticles in lipid

bilayers.

The first step to perform experiments at large scale facilities is to write a proposal. For most experiments,
beamtime is scarce and highly competitive, so the proposed experiment must be carefully planned. Before
writing a proposal it is advised to contact the beamline scientist, who is responsible for the instrument. They
can help determine if their beamline is necessary for the user’s experiment and what kinds of modifications
or sample holders are available for the experiment. They can also help determine a rough estimate of
the exposure time needed for each of your samples. After this, a proposal should be written to obtain
beamtime. In the proposal, the user should provide a brief summary of their experiment and justify why the
specific beamline is needed to meet their objectives. For highly competitive beamlines, it is recommended
to justify why other beamlines at other facilities are not suitable for the proposed experiment. In addition to
this, it is beneficial to provide complementary data from other characterization techniques showing that the
experiment being proposed is feasible. Finally, while proposing the experiment, a concise experiment plan
should be developed to demonstrate how the user will make use of their time. Details such as what samples
will be exposed to the beam and the measurement time of each sample need to be stated in the proposal.

Beamline allocation committees determine which proposals are funded.

If the proposal is accepted and beamtime is allocated, the next step is to plan the experiment. This
is the most important step and preparation is essential for a successful experiment. First, a method to
track sample details should be developed, such as what samples are made, when they are made, how much
volume is made, and the order that they should be measured in the beam. Once this is done, the user also

should decide what materials and equipment to ship to the facility. This should be done carefully, because
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unpredictable events are common in beamline experiments, so it is often advised to bring extra sample
materials or lab supplies in case they are needed. Synchrotron beamlines can experience outages, which
will cut short the experiment, so it is important to prioritize the order in which samples are measured. It
is also recommended to perform all possible preparations at the user’s home institution, such as printing
labels or labeling vials, to minimize the amount of unnecessary work done at the beamline. When shipping
materials, the user should consider the hazards of the materials and the sample’s stability due to temperature
fluctuations during shipping, since they can experience extremely hot or cold temperatures depending on
the time of the year. Additionally, it is recommended not to perform beamline experiments alone. They can
be highly stressful experiences and support will be needed from colleagues for several tasks, such creating
samples, driving, getting food, or emotional support. Nevertheless, please treat your colleague respectfully
during the trip and be grateful for their support. Failure to do so may result in a future beamline trip where
your experiments are conducted alone. For some large scale facilities (Argonne and Oak Ridge), it is highly
recommended for someone to have a driver license, since these facilities are located in remote areas. Finally,
beamline experiments also provide a valuable opportunity to network and gain firsthand insight into working
at a national laboratory. Throughout the experiment, users will engage with various staff members who may

share perspectives on their career paths.

2.5 Self Driving Labs

As discussed in this thesis, controlling the synthesis or assembly of colloidal systems involves navigating
a vast experimental design space. One way to effectively navigate a large design space is using a self-
driving lab (SDL), a strategy for efficiently optimizing desired outcomes within an experimental design
space. A SDL is composed of robotic tools to assist in sample formulation, high-throughput scattering
techniques for sample characterization, and machine learning methods to guide decision-making. In an
SDL, the first step is to identify the specific structure or property to be optimized, followed by selecting
the appropriate characterization method(s) capable of analyzing that structure or property. In this step, a
signal (e.g., scattering curve) from the characterization method corresponding to the desired structure or
property is simulated, serving as the target for the SDL. The objective of the SDL is to produce a sample

with a signal that most closely aligns with the simulated signal from the nanomaterial possessing the targeted
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structure or property. In nanoparticle synthesis, this approach is particularly valuable because the structure
of nanomaterials often determines their function. As a result, applying nanomaterials to real-world problems
typically requires first synthesizing them into specific structures. Numerous examples of SDLs applied to

the synthesis of plasmonic nanoparticles can be found in the literature [38] [29].

While the concept of a SDL is simple, implementing it requires careful planning and execution. The
first step is to select an experimental system that can be automated with the tools that are available. The
chemical synthesis of plasmonic nanoparticles is a common choice for liquid handling robots because it can
be performed by mixing different reagents and precursors to obtain nanoparticles. After determining the
system, one must determine the design space within the experimental system to be explored. In the context
of the chemical synthesis of plasmonic nanoparticles, this involves defining the concentration range and
resolution of each reagent that the robotic system can prepare. This selection is crucial, as the design space
must be sufficiently expansive to enable thorough exploration of different regions and optimize synthesis
outcomes effectively. However, the design space cannot be too expansive which would require a extremely
large number of sampling for the SDL to converge to a solution. After selecting the design space, an experi-
mental protocol must be developed and executed using a robotic platform, such as the OT-2 liquid handling
robot. Key experimental design considerations including the choice of sample holder, pipetting protocol,
and pipette volume range, play a crucial role in the success of the SDL. Once these design considerations
are finalized, the reproducibility of the robotic platform should be tested with samples from several differ-
ent regions in the design space to ensure consistency in sample preparation before implementation with the

SDL.

After the creating the samples, the next step is to characterize them. Several of the scattering-based char-
acterization techniques discussed in this chapter (e.g., DLS, SAXS) are suitable for this task because they
can be performed in high-throughput with autonomous sample loaders, require minimal sample preparation,
measure the samples in their native state, and because they can characterize the structure of an ensemble of
nanoparticles. For the special case of plasmonic nanoparticles, UV-Vis Spectroscopy is a powerful charac-
terization method because of its ability to indirectly determine the structure of an ensemble of nanoparticles
through surface plasmon resonance effects. The raw data from these scattering-based techniques is obtained

in the form of a 1-dimensional function or curve, and structural information can then be inferred from fea-
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tures of this curve such as peak positions, peak widths, or slopes. This information is then compared to
the initial target which informs the Al-agent on its decisions for the next samples. As shown in the next
chapter, the choice of how to compute this “distance” between sample and target is nontrivial and greatly
affects the performance of the SDL [39]. Finally, while many examples of SDLs in the literature rely on
a single characterization method, incorporating multiple characterization techniques can be beneficial for
obtaining higher-quality information about the nanoparticle’s structure or property. This is particularly im-
portant because data interpretation from scattering-based techniques is inherently ambiguous, as different
nanoparticle structures can produce identical scattering curves. By introducing a second independent char-
acterization method, the likelihood of two distinct structures generating identical data signals across both

methods is significantly reduced.

The next component of a SDL is the Al-agent, which is responsible for decision making and ultimately
creating a sample with the targeted structure or function. One common choice is Bayesian optimization
which uses a Gaussian process and acquisition function to guide the optimization [39]. As data is collected,
the Gaussian process gets trained, which allows the acquisition function to make more informed decisions
on the regions in the design space to sample next. Hyperparameters are critical for the success of the al-
gorithm and can control behaviors such as the exploration or exploitation rate. One limitation of Bayesian
optimization is that it is generally restricted to low-dimensional spaces due to the high computational cost as-
sociated with training the Gaussian process and sampling the acquisition function [30]. However, in the case
of SDLs, this is typically not a concern, as the number of dimensions and the size of the generated dataset
are usually small. Another widely used optimization method is the genetic algorithm [40], which operates
based on a set of predefined rules (evaluation, selection, crossover, and mutation) to guide optimization.
These rules are applied only to the current iteration of data, making the approach computationally efficient.
However, unlike Bayesian optimization, genetic algorithms do not use information from previous iterations,
which may result in a need for more data to achieve convergence. Finally, a stopping criterion must be
established for any SDL. Common approaches include stopping the process after a predefined number of

iterations or setting a distance threshold relative to the target structure to be achieved before stopping.

In summary, a SLD is a powerful tool to efficiently optimize desired outcomes within an experimental

design space. While it is mostly autonomous, its implementation requires careful planning and execution
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in order to be successful. This section contains some design considerations that should be accounted for a

successful implementation of a SDL.

Composition of Liquid Handling

Samples Robot
R ]
L) ‘ ©
o ®
. |
e i
Bayesian
Optimization Sample A
Sample B
e ————— = Sample C
I 1. Pick Target
] Gold Nanorod of 55nmin
| Length and 10nm in diameter Stop after 7
Iterations UV-Vis Characterization

Intensity

Figure 2.11: Detailed Setup of a self driving lab for the synthesis of gold nanoparticles. First, a targeted
structure is chosen and its UV-Visible spectrum is simulated. The objective of the self driving lab is to

synthesize a sample that most closely matches the targeted spectrum.
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Chapter 3

Autonomous retrosynthesis of gold

nanoparticles via spectral shape matching

This work presented in this chapter is from:

* Kiran Vaddi, Huat Thart Chiang, Lilo D Pozzo, Autonomous retrosynthesis of gold nanoparticles via

spectral shape matching, Digital Discovery, 2022, 1, 502-510. [39]

3.1 Introduction

A critical part of closed-loop retrosynthesis systems is the need to determine a reward function to provide
feedback to the AI agent on the outcomes of its choices. In the case of data defined by scalar values
(i.e., nanoparticle size, conductivity, viscosity) the analysis is simple as these kinds of datasets are easily
comparable to one another. However, data analysis becomes much more challenging in the case of functional
datasets where the shape of the curve is related to the property of interest. Functional data is ubiquitous in
many high-throughput material characterization techniques such as spectroscopy and small-angle scattering.
Expert knowledge can be used to extract information from these curves by identifying critical features, such
as peak positions in the case of UV-Vis spectroscopy or the slopes of the curves in the case of small-angle
scattering. Another method is to define a score function that results in a scalar similarity between two curves

such as the Euclidean or the Cosine distance. These score functions, however, only measure differences in
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the intensity scale (differences in the y-axis), which in some cases can be an inaccurate representation of the
shape of the curves. To solve this problem, the Amplitude-phase distance metric is introduced, which is able
to compare the shape of two curves based on variations in the x and y axes and assign a scalar similarity

score between them.

3.2 Methods

The Amplitude-phase metric was created to take into account the shape of a function or curve while calcu-
lating a distance between two functions f; and f,. By using function spaces, it is possible to analyze data
with differential geometry methods. The Amplitude-phase metric is a two-part measurement method. First,
the phase component (3.1) uses a warping function to decouple the x and y variations of the function, which
allows the computation of variance in both axes independently. It then calculates the variation in the x-axis.
The amplitude component (3.2) then calculates variations along the y-axis using the square root slope func-
tion transformation. The total Amplitude-phase distance can then be calculated by adding the amplitude and
phase components. By adding weights for each component, the contributions of each component to the total

score can be adjusted.
1 .
dp(fl; f2) = COS_1 (/ \/’y(t)dt) (31)
0

da(f1, f2) = d([q1, q2]) = nf [lg1 — g37][ 12 (3.2)

3.3 Results and Discussion

In this section, case studies of the effect of the distance metric in retrosynthesis campaigns were performed.
The performance of retrosynthesis campaigns with the Amplitude-phase metric and with the Euclidean
distance were compared in the synthesis of a gold nanorod target. In Case Study 1, the design space was
limited to 2 variables and used a target that was known to be in the design space. In Case Study 2, the design

space consisted of 8 variables and used an arbitrarily chosen simulated nanorod target. All other variables in
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Figure 3.1: The formulas used to calculate the Amplitude and Phase distances.

the retrosynthesis campaigns were kept constant so differences in performance can be attributed exclusively

to the distance metric.

3.3.1 Case Study 1: 2-Dimensional Optimization

To showcase the Amplitude-phase distance, a high-throughput experimental retrosynthesis campaign of a
gold nanorod structure was performed starting with a targeted UV-Vis spectra. Retrosynthesis campaigns
were performed in parallel, with a different similarity metric in a two-dimensional reaction space. The
results for two retrosynthesis campaigns are described and discussed: (a) using the Euclidean distance be-
tween the raw spectra, (b) using the Amplitude-phase distance. Following the seed mediated synthesis
procedure described in Nikoobakht and El-Sayed [8], gold nanorods were synthesized with five chemicals:
gold(III) chloride trihydrate, hexadecyltrimethylammonium bromide (CTAB), ascorbic acid (AA), silver ni-
trate (AgNO3), and gold seeds. An arbitrary nanorod was synthesized by pipetting a pre-specified volume
of the five solutions and its UV-Vis spectrum was used as the target for the optimization. Each optimiza-
tion had a batch size of 4 samples and the iterative process continued until a total of 7 iterations had been
synthesized. The concentrations of CTAB, gold(Ill) chloride trihydrate, and gold seeds were kept constant
and equal to those that were used to synthesize the target sample. The search space for the autonomous
retrosynthesis is then defined as the two-dimensional reaction space of the concentrations of silver nitrate
([AgNO3]) and ascorbic acid ([AA]). An OT2 liquid handling robot was used to autonomously synthesize
the samples, and a Biotek plate reader was used to characterize the samples using UV-Vis spectroscopy

with wavelengths of 400-900 nm in increments of 5 nm. The samples were made in 96-well polystyrene
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microplates, which were heated to around 30°C during the synthesis using a hot plate. After the synthesis,
the samples were kept at the same temperature for 50 minutes, so that the nanoparticles could fully grow
before being characterized by UV-Vis spectroscopy. All the retrosynthesis campaigns had identical initial

conditions (i.e., the first iteration had the same concentrations and measured spectra).

Table 3.1: Table I. Concentrations of the Chemical Design Space and the Arbitrary Nanorod Target

Reagent Stock Solution Concentration (M) Target Concentration (M) Concentration Range (M)
CTAB 2.0 x 1071 6.40 x 1072 6.40 x 1072

Gold (1II) Chloride Trihydrate 1.0 x 1073 1.96 x 10~* 1.96 x 10~%

Silver Nitrate 6.4 x 1074 6.20 x 107° 0—7.38x107°
Ascorbic Acid 6.3 x 1073 3.60 x 1074 0—727x107%

Gold Seeds 1.8 x 107® 1.44 x 1076 1.44 x 1076
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Figure 3.2: Optimization trace for a gold nanorod target using the amplitude—phase distance. Each panel
shows the surrogate model as a contour plot, data points collected/queried from the experiment in circles, the
current best estimate using an aqua-colored star, and the retrosynthesis target using a green-colored star. The
x-axis of each plot represents the concentration of silver nitrate (M x 107°) and the y-axis represents the
concentration of ascorbic acid (M x 10~%). All the compositions are annotated with the respective spectra
obtained from the experiment. We observe gradual changes to the surrogate approximation with an increase
in data collected and the optimization mainly focuses on improving the region with a lot of “target-like”
spectra.
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Figure 3.3: Optimization trace for a gold nanorod target using a Euclidean distance similar to Figure 3.2

From the phasemaps in Figure 3.2 and Figure 3.3, there are clear differences in the way that the Al agent
sampled the design space, as seen in the contours. In Figure 3.2, the Al agent using the Amplitude-phase
distance sampled more dispersedly compared to the one using the Euclidean distance metric in Figure 3.3. It
also seems that the Al agent with the Amplitude-phase metric quickly learned how to synthesize nanorods,
and explored the design space where nanorods are most likely to be found. In contrast to this, the Al
agent with the Euclidean distance also quickly learned how to create samples close to the targeted one,
but then mostly sampled close to this target, favoring exploitation over exploration. The final contours in
iteration 7 of both retrosynthesis campaigns differ significantly. The one using the Amplitude-phase metric
resembles the “ground truth” shown in Figure 3.4, where there are clear boundaries between the regions
where nanorods, nanospheres, and no structures are located. In addition, the Al agent was able to distinguish
between nanospheres and samples with no structures, as seen by the different distance scores assigned to
them. Conversely, the Al agent using the Euclidean distance had a significantly different contour plot in
iteration 7. It seems to assign a higher distance as the samples are further away from the target, and because
of this, it was not able to distinguish the different structures being formed in the design space. In summary,

both optimization campaigns were able to synthesize a sample with the correct concentrations as the targeted
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sample, so the distance metric had minimal effect on the final result of the optimization campaign. The main
difference lies in the construction of the surrogate model of the Al agent, which affects how the Al agent

samples the design space.
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Figure 3.4: Spectra obtained from a coarse grid sampling of the two-dimensional design space. Observe that
the space is continuous in terms of nano-structural geometries with three broad classes: no nano-structures
(black), nanospheres (blue), and nanorods (red). The retrosynthesis target spectrum is labeled.

3.3.2 Case Study 2: 8-Dimensional Optimization

In Case Study 1, a 2-Dimensional optimization campaign was performed with a target chosen from the
design space, and the campaigns using the Amplitude-phase and Euclidean distance were able to achieve
the goal of synthesizing the targeted sample. In Case Study 2, the design space was expanded to include 8
dimensions to test for differences between the two optimization campaigns. Hydrochloric acid and sodium
hydroxide were added to control the pH of the synthesis and sodium chloride was added to control the
presence of counter ions. It was hypothesized that the addition of these reagents would allow for greater
control over the morphology of the nanoparticles [5].

Table 3.2 shows the stock solution concentrations and the concentration range of each sample. The

optimization algorithm was free to choose any concentration in this range without any constraints. The
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Table 3.2: Table II. Concentrations of the Chemical Design Space and the Nanorod Target

Reagent Stock Solution Concentration (M) Concentration Range (M)
CTAB 2.0 x 1071 0—7.50 x 1072
Gold (III) Chloride Trihydrate 1.0 x 1073 0—1.50 x 10~4
Silver Nitrate 6.4 x 1074 0—6.00 x 107°
Ascorbic Acid 6.3 x 1073 0—6.40 x 10~*
Gold Seeds 2.0 x107° 0—6.00x 1075
Hydrochloric Acid 2.0 x 1071 0—1.40 x 1072
Sodium Hydroxide 1.0 x 1071 0—720x 1073
Sodium Chloride 2.0 x 1071 0 — 1.40 x 1072

target of the optimization campaign was arbitrarily chosen to be gold nanorods of 55 nm in length and 10

nm in diameter. The extinction spectrum of these gold nanorods was numerically simulated and used as the

target for the experiments.
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Figure 3.5: The simulated extinction spectrum of a gold nanorod of 55 nm in length and 10 nm in diameter.
This was used as the target spectrum of the 8-dimensional optimization campaigns.

Due to the high dimensional space, it was not possible to visualize the changes in the surrogate model

over the iterations like in Case Study 1. To visualize the differences in performance of the campaigns that

used the Euclidean distance metric compared to the Amplitude-phase, the spectra of all the samples in

iterations 0, 1, 2, and 6 were plotted and shown in Figure 3.6. From that figure, it is clear that there are

major differences in the samples over the iterations. In iteration 1, of the campaign, using the Amplitude

Phase metric, all of the spectra have two peaks that resemble the spectrum of a nanorod. This indicates that

67



mostly observed in iterations 2 and 6 which shows that the Al agent continued to synthesize these nanorods.
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Figure 3.6: The results of the 8-dimensional optimization campaigns. The spectra of iterations 0, 1, 2, and
6 are shown for the campaigns using the Amplitude Phase metric (top) and the Euclidean metric (bottom).
The two campaigns start with the same samples which is why they share the samples from iteration O.

In contrast, the Al agent using the Euclidean distance metric failed to synthesize a large number of
nanorods. In iteration 1, many spectra with a single peak that resemble nanospheres or flat spectra that
suggest no reaction had occurred, are common. This trend continued until iteration 6, where there was still
no evidence that the algorithm learned how to synthesize nanorods. To further compare the performance of
the optimization campaigns, the spectra of each campaign that most closely matched the targeted nanorod
spectra were plotted in Figure 3.7. In this figure, it is clear that the campaign that used the Amplitude
Phase metric synthesized a sample that more closely resembled the targeted spectrum. While the campaign
that used the Euclidean distance metric synthesized a nanorod, it had some inconsistencies with the chosen

target.

In Case Study 2, the 8-dimensional optimization successfully synthesized a sample whose UV-Vis spec-
trum showed good agreement with the targeted spectrum, as seen in the Amplitude Phase Best Sample
whose spectrum is shown in Figure 3.7. To verify if the best sample actually consisted of nanoparticles with

the targeted morphology of gold nanorods of 55 nm in length and 10 nm in diameter, SAXS and TEM were
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Figure 3.7: The normalized spectra that most closely matched the targeted nanorod spectra of each opti-
mization campaign.
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Figure 3.8: The SAXS scattering curve of the Amplitude Phase Best Sample whose UV-Vis spectrum is
shown in Figure 3.7. A. shows the experimental scattering curve together with the cylinder model fit. B.
shows the distribution of cylinder radius calculated from the cylinder model. C. shows the distribution in
cylinder length from the cylinder model.

The SAXS scattering curve was fit using a cylindrical model, and the distributions of the cylinder ra-
dius and length were obtained. The distribution of cylinder radius shown in Figure 3.8 B. seems to be
bimodal with large populations of radii of 4 and 8 nanometers. The distribution of cylinder length shown in
Figure 3.8 C., is also bimodal with large populations that contain lengths of 7 and 15 nanometers. The in-
formation from SAXS suggests that the Amplitude Phase Best Sample is polydisperse and does not contain
the targeted structure of monodisperse nanorods with 55 nm in length and 10 in radius. To further validate
the information from SAXS, TEM was taken from the same sample.

The TEM images show that the Amplitude Phase Best Sample contains both nanorods and nanospheres,
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Figure 3.9: TEM images of the Amplitude Phase Best Sample whose UV-Vis spectrum is shown in Fig-
ure 3.7 and SAXS scattering curve is shown in Figure 3.8 A.

which already is enough evidence that the Amplitude Phase Best Sample does not contain the targeted
structure of monodisperse nanorods. In addition, the nanorods in the TEM images in fig. 3.9 seem to
be much smaller than the target ones. Evidence from both SAXS and TEM suggests that although the
Amplitude Phase Best Sample had a good UV-Vis Spectra match with the targeted spectrum, the actual
structure of the sample did not match the targeted one. One hypothesis for this result could be that the
exclusive use of UV-Vis spectroscopy as a proxy for the nanoparticle’s structure resulted in the failure of
our optimization campaign to achieve the desired structure of the nanoparticle. To successfully achieve
the desired nanoparticle structure, it is could be advantageous to use a combination of characterization
methods instead of relying on a single method. For instance, the use of UV-Vis spectroscopy and SAXS
for nanoparticle characterization could yield better results. This is because both techniques are degenerate,
meaning that multiple structures can have the same spectrum or scattering curve, but it is highly unlikely
for a structure to have the same spectrum and scattering curve at the same time. We hypothesize that future

optimization campaigns would benefit from multimodal characterization methods.

3.3.3 Discussion on Closed Loop Optimization Campaigns

While performing the closed-loop optimization campaign in case study 2, several limitations were observed.

The first limitation, which has already been discussed in the previous section, is the degeneracy of UV-Vis
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spectroscopy leading to the failure of the campaign to achieve the desired structure. To mitigate this problem,
future campaigns should include multimodal characterization methods to obtain more detailed information
on the material’s structure.

Another limitation is the lack of knowledge gained from the optimization campaign, such as the effect
of each reagent on the material’s structure. Because the Al agent completely controls the campaign, no
knowledge is extracted from the experiment. This can be problematic when the optimization campaign fails
to achieve a good match with the targeted UV-Vis spectrum, which was a common occurrence experienced
firsthand during the development of this closed-loop optimization campaign. By understanding how each
reagent affects the final material structure, it becomes easier to troubleshoot and fix errors, such as by
expanding or contracting the design space to achieve a higher chance of success.

The third limitation is the use of extensive prior knowledge to determine the design space. In the op-
timization campaign that was performed in this chapter, and in many other ones from literature [29] [40],
the synthesis of gold/silver nanoparticles was used as a model system. Due to extensive prior research and
ease of execution, the synthesis of gold and silver nanoparticles is a popular choice. Because of this, it is
common for the design space, defined by the stock solution concentrations and the concentration range of
each sample, to be chosen based on values extracted from the literature, which is in direct conflict with
the ultimate goal of applying closed-loop optimization on novel material systems. An ideal optimization
campaign would not need to rely on extensive prior knowledge for it to properly explore the material system

of interest.

3.4 Conclusion

In this chapter, the performance of optimization algorithms using the Amplitude Phase and Euclidean dis-
tance metric were compared. In Case Study 1, a 2-dimensional design space was chosen with a target that
was known to be in the design space. The results show that the Al agent using the Amplitude Phase distance
was able to identify the different regions in the design space where different structures were formed. In
Case Study 2, the effect of the distance metric on an 8§-dimensional optimization with a simulated nanorod
target was performed. The results show that the Al agent using the Amplitude Phase metic quickly learned

how to synthesize nanorods, continued to synthesize them throughout the iterations, and eventually had a
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candidate spectrum that closely matched the targeted one. Despite this success, three limitations of closed-
loop optimization campaigns were discussed. The first was the need for the implementation of multiple
characterization methods to overcome the degeneracy of UV-Vis Spectroscopy. The second was the need
for an interpretable optimization campaign to extract knowledge from the material system. Finally, the third
was the need to reduce the reliance on the literature to create the design space. In the next chapter, a novel

data-driven exploration method will be introduced that addresses all the previously identified challenges.
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Chapter 4

Data-Driven Exploration of Silver
Nanoplate Formation in Multidimensional

Chemical Design Spaces

This work presented in this chapter is from:

* Huat Thart Chiang, Kiran Vaddi, Lilo D Pozzo, Data-driven exploration of silver nanoplate formation

in multidimensional chemical design spaces, Digital Discovery, 2024, 3, 2252-2264. [7]

4.1 Abstract

We present an autonomous data-driven framework that iteratively explores the experimental design space of
silver nanoparticle synthesis to obtain control over the formation of a desired morphology and size. The ob-
jective of the method is to identify design rules such as the effects of the design variables on the structure of
the nanoparticle. The framework balances multimodal characterization methods (i.e. UV-Vis spectroscopy,
SAXS, TEM), taking into account the cost of performing a measurement and the quality of information
gained. By integrating with an Al agent, we identify important design variables in the synthesis of small
colloidally stable plate-like silver particles and outline how each variable affects plate thickness, radius,

polydispersity, and relative concentration. Our findings are consistent with the literature, demonstrating that
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the framework could be further applied to new systems that have not been well characterized and under-
stood. The framework is generalizable and allows tangible knowledge extraction from the high-throughput

experimental runs while still considering inherent stochasticity.

4.2 Introduction

Silver nanoparticles have shown to be extremely useful for purposes such as catalysis[41], therapeutics[42],
drug delivery[43], and surface-enhanced Raman spectroscopy (SERS)[44]. It is also well known that the
optical properties of silver nanoparticles depend on their shape and size[45], thus the ability to synthesize
particles of a specific structure is highly desirable. The literature on the synthesis of silver nanoparticles is
vast including physical, photochemical, and chemical methods[46]. Still, it is often difficult to obtain control
over their shape and size due to a limited understanding of the processes that affect the final structure. For
example, nucleation, growth, aggregation, and Ostwald ripening, are often affected by both thermodynamic
and kinetic parameters associated with reaction conditions[47]. Because of this, the experimental design
space used to synthesize these nanoparticles is often large and complex[48]. In the chemical synthesis of
silver nanoparticles, factors such as light, temperature, age of stock solutions, and duration of the reaction
affect the nanoparticle’s structure. Finally, due to the limited understanding of the processes that affect
the final structure, the relationship between the experimental design parameters (e.g, the concentration of
reagents, temperature) and the final structure is often determined by trial and error, which is time-consuming
and laborious[29].

Large and multidimensional experimental design spaces are common in material synthesis. Recently,
the combination of artificial intelligence, automation, and a characterization method has emerged as a pow-
erful method to achieve control over the results of nanoparticle synthesis [39]. Automation can be used
to synthesize nanoparticles in high-throughput and then screen for a desired structure or property using a
characterization method, which facilitates the collection of large datasets. While it is often difficult for
a human to interpret the generated large datasets, artificial intelligence algorithms have been successfully
used to make decisions for experimental design[39][49], build predictive models[50], and extract knowl-
edge via model interpretation[51]. One common application of artificial intelligence and automation is

the concept of a closed-loop design or “retrosynthesis”, where optimization algorithms (e.g., bayesian
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optimization[39] or genetic algorithms[40]) work together with robots (e.g., liquid handling robots[39] or
microfluidic devices[52]) and one or more characterization methods (e.g., UV-Vis Spectroscopy) to itera-

tively discover the reagent compositions and conditions that yield a desired material or structure.

Many attempts to demonstrate this concept with inorganic nanoparticle synthesis have been successful
[39][38][53]. Despite these successes, there are several limitations to closed-loop systems. For example,
in most of the above-mentioned frameworks, the experimental design space, which is usually specified by
variations in reagent concentrations, is chosen based on values extracted from the literature. This is in direct
conflict with the ultimate goal of the closed-loop approach which is to accelerate the discovery of novel
materials. Thus, it is unlikely that existing literature would contain information on the design parameters
for the completely new materials we aim to discover. Another limitation is the lack of interpretability of
the data that is generated from the experiment. Since an optimization algorithm drives the experiment and
causes the data to be biased to samples that are close to the target, almost no information on the effect of the
experimental design parameters on the structure or property of the material (i.e. outcomes) is obtained that
is interpretable by humans. Understanding these relationships is important to obtain a better understanding
of the reaction mechanisms that occur during the experiment, which can be useful for modifying the design
space, optimizing material structure, or extracting higher-level knowledge that can then be applied to other

problems.

In addition to closed-loop systems, another method to study large and complex design spaces is to
combine design of experiments (DOE) concepts and high throughput experimentation to perform systematic
studies of large design spaces. Some sampling methods include full factorial designs and Latin hypercube
sampling, which can increase interpretability when combined with data science and artificial intelligence
methods[54]. However, an important disadvantage of such systematic studies is that they do not scale well
in high-dimensional experimental design spaces which is defined in terms of the number of tunable design
variables. As the number of variables or dimensions gets larger, the number of experiments that need to be
performed to sufficiently explore the design space increases drastically[55]. In addition, just like in closed-
loop systems, the design space used in systematic studies needs to be chosen very carefully to maximize the
amount of information gained from the experiment, which is again difficult to implement in completely new

and unknown material systems.
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The objective of this work is to demonstrate a hierarchical data-driven framework that can efficiently
explore large multidimensional experimental design spaces of material synthesis to converge onto targeted
outcomes. This framework combines the advantages of a fully automated closed-loop system, by sampling
iteratively, and systematic studies (similar to traditional DOE), by being interpretable. To demonstrate
our framework, we chose the synthesis of silver nanoparticles, where we aim to identify regions where
nanoparticles of a specific shape (i.e., small plate-like particles) can be formed with greater accuracy and
control. In addition, after identifying particles of the desired shape, we seek to extract information on the
relationship between the design parameters and structural features of the nanoparticles such as feature size
and polydispersity. In this work, we leverage the power of a liquid-handling robot to perform the synthesis
of silver nanoparticles in high-throughput sampling campaigns. For the characterization of samples, we
use a hierarchical analysis campaign starting with UV-Vis spectroscopy as a fast and inexpensive proxy
for the nanoparticle’s structure, small-angle x-ray scattering as a more expensive but direct characterization
method, and transmission electron microscopy (TEM) as the most expensive but most information-rich
characterization method. Due to the compromise between costs and structural detail that is gained from each
of these complementary methods, we also seek to apply a hierarchical experimental design to maximize the
value of the information that is obtained while minimizing the total costs. Our data-driven exploration starts
with UV-Vis spectroscopy, as the fastest and least expensive technique, to infer the shape of nanoparticles
based on their plasmonic resonance. We analyze vast amounts of spectra collected over a very large design
space and use a distance metric to determine which samples are small, colloidally stable, monodisperse,
plate-like particles. The data is then used to train a Gaussian process classifier which is used to iteratively
explore regions of the design space that allow us to synthesize nanoparticles of the targeted morphology (i.e.
silver nanoplates). Once we constraint the design space to primarily form particles with the target shape, we
perform small angle x-ray scattering (SAXS) on these samples to obtain quantitative information on the size
of features (i.e. radius and thickness) as well as the polydispersity and relative concentration of particles.
We then use transmission electron microscopy, which is the most expensive and time-intensive technique, to
verify models and to help validate the SAXS data. Finally, interpretable design rules are extracted from the

aggregate data to identify the effect of design parameters on the structural features of 2D silver nanoparticles.
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4.3 Materials and Methods

4.3.1 Materials

Silver nanoparticles were synthesized using polyvinylpyrrolidone (PVP) 40 kDa, tannic acid, ascorbic acid
(> 99%), silver nitrate (> 99%), sodium borohydride (> 98%), and methyl cellulose (4000 cP). All chem-
icals were purchased from Sigma Aldrich (St. Louis, MO, USA) and used as received. Deionized water
was used in all syntheses from a Direct-Q 3 UV water purification system with a resistivity of 18.2 M 2

(Millipore Corporation, Bedford, MA, USA)

4.3.2 Silver Nanoparticle Synthesis

We used a procedure similar to that described in Samanta et al.[56] to synthesize nanoparticles. The first
step was to synthesize silver seeds. To do this, 0.50 mL of a 10 mM silver nitrate solution and 4.5 mL
of water were added to 15 mL of 9.35 mM ice-cold methyl cellulose solution. Under rigorous stirring,
0.050 mL of 10 mM sodium borohydride solution was added and the color of the solution immediately
turned dark yellow. The seeds were left for 2 hours under stirring before use. All stock solutions were
created in 20 mL scintillation vials. The synthesis of silver nanoparticles was performed in clear 96-well
polystyrene microplates (Corning, NY, USA) with a maximum well volume of 350 uL at approximately
22 degrees Celsius. Water was added to each sample so a total volume of 325 uL could be achieved.
The order in which the reagents were added is as follows: PVP, water, tannic acid, ascorbic acid, silver
nitrate, and silver seeds. Samples were made simultaneously in batches of 48 samples, meaning that a given
reagent was added to every well, in the specified volumes, before changing the pipette tip and performing
the same step with the next reagent. After the addition of tannic acid, ascorbic acid, silver nitrate, and
silver seeds, a mixing step was performed in each well by repeatedly aspirating and dispensing 100 uL. of
sample three times. The pipette tip was then washed by performing this same mixing step in three different
reservoirs of deionized water to avoid cross-contamination of the stock solutions and of the samples. All
pipetting was performed by an Opentrons (Brooklyn, NY, USA) OT2 liquid handling robot. The OT?2 control
code can be found at (https://github.com/pozzo-research—group/papers/tree/main/

Silver%20Nanoplates) to perform the pipetting commands.
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4.3.3 UV-Vis Spectroscopy

Samples were characterized using an Epoch 2 microplate spectrophotometer (BioTek, Winooski, VT, USA)
from 350 nm to 800 nm in increments of 5 nm. Background subtraction was performed by subtracting the
optical extinction of a water sample with the same volume (325 uL). UV-vis spectroscopy was performed
24 hours after the synthesis of the silver nanoparticles to allow enough time for the complete growth of the

particles, which continued to evolve over several hours after the reagents were added.

4.3.4 Small Angle X-ray Scattering

SAXS was performed on a Xenocs Xeuss 3.0 (Grenoble, France) instrument with an x-ray energy of 8.04
keV (wavelength 1.54 A) using a copper K-a microfocus source. Data was collected in three configu-
rations: low-q (0.003 - 0.007 A~1) for 7 minutes, mid-q (0.007 - 0.020 A=) for 3 minutes, and high-q
(0.020 - 0.100 A1) for 2 minutes. Samples were autonomously loaded into a 2 mm diameter quartz cap-
illary flow cell using the “Biocube” sample environment and the robotic loading capabilities of the Xeuss
instrument. After each measurement, the capillary was autonomously flushed with water for 15 seconds
and dried for 50 seconds with compressed air using the robotic arm. It was discovered that this cleaning
protocol prevented fouling in the capillary after changing samples. Background reduction was performed
with the XSCAT software by subtracting the scattering of water in the same capillary flow cell and the
data was merged automatically with code from Python. The models used to fit the data were implemented
with Sasmodels (www.github.com/SasView/sasmodels). Code to autonomously merge data and
fit SAXS data can be found in the online repository (https://github.com/pozzo-research-

group/papers/tree/main/Silver%$20Nanoplates).

4.3.5 Transmission Electron Microscopy

Transmission electron microscopy (TEM) samples were prepared by casting 10 uL over a carbon-coated
film, 200 mesh, copper grids which were purchased from Electron Microscopy Sciences (Hatfield, PA,
USA). No centrifugation or other sample preparation was performed. The grids were then imaged on an FEI
Tecnai F20 at 200 kV. Image analysis was performed by individually measuring all the plate diameters in

the TEM images with the ImageJ software [57].
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4.3.6 Scanning Electron Microscopy

Scanning electron microscopy (SEM) was performed using an Apreo-S instrument (Thermo Fisher, Waltham,
MA, USA). Samples were first diluted 100 times and then 5 uL aliquots were deposited on clean silicon

wafers.

4.3.7 Machine Learning and Data Analysis

Machine learning algorithms were used for several purposes. A Gaussian process classifier was used to
explore the nanoparticle morphologies in the experimental design space. A Gaussian process regressor was
used to create contour plots. Both algorithms were implemented in Python with the sci-kit learn library. A
radial basis function kernel was selected. Code to reproduce the algorithms can be found in the online reposi-

tory (https://github.com/pozzo-research—group/papers/tree/main/Silver%20Nanoplates).

4.4 Results and Discussion

For the data-driven exploration, we used three different characterization techniques that have different costs,
throughput, and information content. UV-Vis spectroscopy was used in the Fast Spectroscopic Exploration
section to determine the experimental design parameters that give the highest probability of forming small,
colloidally stable, monodisperse, plate-like particles. SAXS was then used in the SAXS Structural Explo-
ration section to determine how design parameters affect the thickness, radius, polydispersity, and scale, a
parameter proportional to the concentration of the plate-like particles. Finally, transmission electron mi-
croscopy (TEM), which is the most expensive and intensive of the characterization tools, was used on select
samples to validate observations via direct imaging. In each section, we provide a description of how each

characterization method is used followed by a discussion of the results.

4.4.1 Fast Spectroscopic Exploration

Our first objective is to narrow down the design space to find regions where small, colloidally stable,

monodisperse, plate-like structures are formed in high purity. This first step is advantageous because it
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enables starting experiments from an arbitrarily large design space, as intended for the application of these
systems in the discovery of novel materials. The viable design space, which is bounded or limited by the
maximum concentrations of stock solutions and the maximum/minimum volumes that can be transferred by

the robotic tool, is shown in Table 4.1.

Table 4.1: Experimental design parameters used to synthesize silver nanoparticles. The volumes of each
regent can be independently varied from 0-60 pL in increments of 1 pL. Water was added to each sample
to obtain a volume of 325 uL. The lowest concentration achieved is 0.09 uM for the silver seeds and 0.006
mM for the other reagents. Reagent concentrations are reported assuming a total volume of 325 uL.

Reagent Stock Concentration (mM) Volume Range (uL) Concentration Range (mM)
PVP 2.00 0-60 0.000-0.370
Tannic Acid 2.00 0-60 0.000-0.370
Ascorbic Acid 2.00 0-60 0.000-0.370
Silver Nitrate 2.00 0-60 0.000-0.370
Silver Seeds 0.03 0-60 0.000-0.001

In order to maximize the chances of obtaining a diverse set of morphologies and sizes, several reducing
agents and stabilizers were selected based on common silver nanoparticle synthesis reagents. Instead of
relying on the literature for stock solution concentrations, a relatively high, but reasonable, concentration of
2 mM was chosen for all reagents except for silver seeds because the method used for the seed synthesis
could not achieve such a high concentration. A high stock solution concentration ensures that a large design

space can be searched by the algorithm.

An experiment was also performed to determine the effect of the order and time of reagent addition on
the final nanoparticle’s structure (Supporting Information S20). In summary, it was found that the order of
addition had a major effect on the final structure, but the time of addition only affected certain sample com-
positions when the order of addition was: silver nitrate, seeds, ascorbic acid, tannic acid, PVP. Experiments
evaluating the order and/or time of reagent addition can be easily evaluated and explored using robotic
systems but this is otherwise very challenging to explore due to the manual labor involved. Data-driven
workflows driven by robotic tools enable effective analysis of colloidal systems where timed-intervention
affects the final structure[33]. Despite this, we decided to constrain our experimental design space to exclu-

sively explore the concentrations of the reagents.
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UV-Vis spectroscopy was chosen as the primary screening step because of its low cost and high-
throughput capabilities to characterize plasmonic samples. It is well known that this method can be used
to indirectly determine a metallic nanoparticle’s structure by measuring its localized surface plasmon res-
onance (LSPR), which results in the local enhancement of an oscillating electric field due to nanoscale
confinements. In a UV-vis spectrum, this is usually the wavelength where the peak extinction occurs. Using
LSPR to determine the size of a nanoparticle must be done cautiously since the LSPR is also affected by
other factors such as particle assembly/aggregation, the solvent or medium, the orientation of the electric
field, impurities, etc [45], which makes it difficult to attribute variations of the LSPR exclusively to particle
size. The shape of a UV-Vis spectrum can also be used to determine the nanoparticle’s shape. While suffer-
ing from similar limitations (e.g. sensitivity to aggregation), the shape of a UV-Vis spectrum has significant
variation when used to differentiate between nanoparticle shapes (i.e. spheres, rods or plates). For example,
the spectrum of a nanorod has transverse and longitudinal peaks, a sphere has a single peak, and an aggre-
gate of particles has a very broad peak[58]. In addition to particle shape, UV-Vis spectroscopy can identify
conditions that do not lead to any reaction or nanoparticle formation. For example, the spectrum of a sample
where no nanoparticles are formed will have low extinction, similar to that of water. It can be challenging to
determine which experimental parameters are most effective in producing nanoparticles when working with
a large design space. Therefore, the shape of the UV-Vis spectra was used as a fast and effective screening
method to identify regions leading to nanoparticle morphologies of interest. This approach proved helpful

in identifying the most promising candidates for further study.

The analysis of functional data such as UV-Vis spectroscopy curves is challenging due to the high-
dimensional space. Scalar-value features such as peak position and peak width are frequently used to
characterize nanoparticle shapes; however, in an experimental spectrum of real samples, the shape of the
spectrum represents an ensemble average of all individual nanoparticle signals. Thus, polydispersity, which
is a measure of particle size distributions and variations in shape, can change the width of the primary
peak in a spectrum. To account for this information and provide a generic method that is agnostic to prior
knowledge about observing all the different features of the synthesized morphology, we use information in
the form of shape rather than selecting a few scalar features that narrowly represent the full shape of the

spectrum.
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In our experiment, we expected that we would synthesize hundreds of samples that would later have to
be autonomously classified as small, colloidally stable, monodisperse, plate-like particles or not. To carry
out this task, a distance metric was established that used the UV-Vis spectroscopy curve of each sample.
Before creating this distance metric, the targeted UV-Vis spectroscopy curve of small, colloidally stable,
monodisperse, plate-like particles was simulated using the discrete dipole approximation for the scattering
(nanoDDSCAT)[59] with a refractive index of 1.33 corresponding to water. Because we were concerned
with initially classifying particles based on shape, we simulated the spectra of several small plates of differ-
ent radii and used them as targets. In addition to nanoplates, the formation of spherical silver nanoparticles
is also likely using the experimental design parameters[42]. Therefore, the extinction spectrum of silver
nanospheres of different sizes was also simulated to identify the spectrum of these undesired structures. Us-
ing data from simulations, a distance metric that rewards spectra that are close to that of plates and penalizes
those that are close to spheres was created. A threshold distance was carefully chosen so that spectra with
distances lower than this value would be classified as “Below Threshold” and samples with distances greater
than the threshold would be classified as “Above Threshold”. Since the selection of the distance threshold
could vary, we accept that there will be samples that have some of the small, colloidally stable, monodis-
perse, and/or plate-like characteristics that are cut off by the distance threshold. This is because we expect
the targeted characteristics to change gradually within an experimental design space, unlike a binary design
space where there is a sudden change between regions with particles that have all the targeted characteristics

and regions that do not.

From the simulations shown in Figure 4.1, the simulated spectra of both spheres and plates have a similar
shape (i.e. single peak). The main difference is the wavelength where the peak intensity is located. The
position of the peaks of spheres of 20 to 40 nm in diameter varies from about 390 nm to 410 nm, while that
of the plates of the same size varies from 480 nm to 590 nm. These observations are consistent with the
explanation that anisotropic morphologies have longer plasmon lengths which in turn shifts its spectrum’s
peak position to higher wavelengths[60]. Using these observations, a distance metric was created to classify
UV-Vis spectra. This distance metric is composed of four terms shown in equation (4.1). Each distance term
was scaled with a coefficient so that all the terms had values that ranged within the same order of magnitude.

This was to ensure that the contributions of each term to the final distance metric were comparable. The
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Figure 4.1: The simulated spectra of spheres and plates using nanoDDSCAT. The legend refers to the
diameter of simulated the plates and spheres. All simulated plates have a thickness of 7 nm.

effect of each coefficient on the final distance metric was also investigated and this is demonstrated in the

Supporting Information (S4).

d= (7 X dAP) + (2 X dpeak) + (85 X darea) + (1 X dintesmty) (4-1)

» dyp refers to the Amplitude Phase distance as described in Vaddi et al.[39]. This distance primarily
accounts for the shape of the spectra by decomposing the required distance into x-component (phase)
and y-component (amplitude). The amplitude and phase components are then computed by an iterative
two-step optimization procedure to compute the amount of x and y-component distance between the
query and target spectra. This approach represents spectra as points in a high-dimensional function
space. The amplitude distance is defined using a function norm between the query and target after
separating the phase component. The phase distance is calculated by measuring the distance between
the identity phase component (which means no change along the x-axis of the query spectrum) and
the phase component of the query spectrum that is needed to derive it from the target spectrum. We
refer interested readers to the supporting information or the original paper and references therein for

more details.

* dpear, refers to the wavelength of the peak intensity. Since the simulated spectra of spheres and plates

in Figure 4.1 have similar shapes, this distance term penalizes spectra that have a peak position lower
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than 450nm, which are most likely to belong to spheres. This term adds a penalty of 100 to the total

distance score if the primary peak’s wavelength is lower than 450nm.

* dgreq refers to the area under the curve, which encourages monodispersity. This facilitates the in-
terpretation of data when determining how the reagents affect the size of the plates. This term is

determined by integrating the UV-Vis spectrum and adding this value to the distance score.

* dintensity refers to the intensity below 450nm. Since the simulated spectra of plates have low intensity
at these wavelengths, this term was added to help in the classification of plates. This term is deter-
mined by finding the maximum intensity of the UV-Vis spectrum at wavelengths less than 450nm and

adding this value to the distance score.

The distance metric was used as the primary reward function for the workflow presented in Figure 4.2. In
the initial iteration, the compositions for 48 samples were randomly selected from the predetermined design
space and synthesized using an Opentrons OT2 robot, which took around 3 hours. After one day, UV-Vis
spectroscopy characterization was performed, and the distance metric was used to classify each sample.
The information on the composition and classification of each sample was then used to train a Gaussian
process classifier. Due to the probabilistic nature of a Gaussian process, we could identify regions in the
design space where the probability of forming small, colloidally stable, monodisperse plate-like structures
was greater than a certain limit, which was chosen to be 90%. It is important to clarify that this 90% limit
is a hyperparameter independent from the distance threshold, but both can be used to bias how strongly
the algorithm forms the targeted structure. Next, we randomly selected 48 new samples from these high-
probability regions to obtain the next iteration of compositions to synthesize. In this closed-loop system, the
Gaussian process gets more accurate as data is obtained, which allows it to improve its prediction of where
samples with high concentrations of the desired plates are most likely to be formed. It was observed that

convergence was achieved after performing a total of six iterations.

Results of Fast Spectroscopic Exploration

The primary goal for the interpretation of data in this section was to determine the design rules that the

Gaussian process classifier learned to synthesize plate-like particles. Understanding these design rules can
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Figure 4.2: The workflow for Fast Spectroscopic Exploration. Samples were synthesized with an Open-
trons OT-2 liquid handling robot and then characterized using UV-Vis spectroscopy. Each UV-Vis spectrum
that was obtained was classified, using the distance metric, into whether it had characteristics of small,
colloidally stable, monodisperse, plate-like particles. This information was then used to train a Gaussian
process classifier. Using this classifier, the region where desired plates are most likely to be formed was
identified, and samples for the next iteration were randomly chosen from this region. This method can be
applied in high-dimensional design spaces, but a two-dimensional design space is shown in the figure for
visualization purposes.

be helpful when performing future experiments that attempt to synthesize plate-like particles. Figure 4.3
shows the changes in the samples’ composition over the iterations and gives insight into how the Gaussian
process classifier updated its predictions throughout the experiment. Since we used random sampling, each
iteration consists of samples that, collectively, are an unbiased representation of the region in the design
space where plates are formed. The ability to randomly sample in different regions of the design space
gives rise to the interpretability of our data-driven exploration and distinguishes it from other closed-loop
retrosynthesis systems.

In Figure 4.3, we attempt to visualize the multivariate effect of the reagents on the shape of the nanopar-
ticle by representing the volume fractions of the 5 reagents using multidimensional scaling plots, adapted
from Li et al.[61]. Iteration O in Figure 4.3 was the first iteration, meaning that it was sampled randomly
without any input from the Gaussian process classifier. Because of this, the samples were dispersed, and a
high number of samples that had distances above the threshold were synthesized. In iteration 1, the Gaussian
process classifier influenced the sampling by sampling in the region with low-volume fractions of ascorbic
acid. However, there were still many samples that had distances above the threshold. In iteration 2, the sam-

pling was biased towards low-volume fractions of ascorbic acid and tannic acid, moderate-volume fractions
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Figure 4.3: This figure shows the volume fractions of each sample that was synthesized in each iteration.
Each iteration contains 48 samples. The plot of each iteration is a 2-dimensional representation of a 5-
dimensional space. Each corner of the pentagon represents a reagent: ascorbic acid (AA), tannic acid (TA),

silver seeds (Seeds), silver nitrate (SN), and polyvinylpyrrolidone (PVP). Samples that are located closer to
a corner indicate a higher volume fraction of the reagent labeled in the respective corner. Samples located
near the center of the plot, indicated by the intersection of the dotted black lines, suggest equal volume

“x” represents a

fractions of all reagents. The grey dots are visual aids to show the shape of the plot. A red
sample that was classified as “Above Threshold” using the distance metric. A blue “0” represents a sample
that was classified as “Below Threshold”. There were 3/48 samples labeled “Below Threshold” in iteration

0, 11/48 in iteration 1, 34/48 in iteration 2, 26/48 in iteration 3, 36/48 in iteration 4, and 41/48 in iteration 5.

of PVP, and high-volume fractions of silver nitrate and silver seeds. In this iteration, the majority of the
samples were plate-like and had distances below the threshold. The design rules learned from iteration 2
were maintained through iteration 5, which indicates convergence to a set of rules.

There are several explanations for why these design rules led to the synthesis of small, colloidally stable,

monodisperse, plate-like particles. According to Yang et al., slow growth kinetics of the nanoparticles is

essential for the formation of plate-like particles, which means that weaker reducing agents are favorable
over stronger ones[62]. In our experiment, ascorbic acid was the strongest reducing agent followed by tannic
acid and then PVP. This could explain why moderate-volume fractions of PVP and low-volume fractions of

tannic acid and ascorbic acid were selected for the formation of plates. In addition to being a weak reducing
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agent, PVP can also bind to the Ag(111) facet of the plate (i.e., the axial direction) via van der Waals
interactions and induce growth in the radial direction[63]. The data also shows that high concentrations
of silver seeds and silver nitrate were needed to form our targeted particles. In our distance metric, we
simulated small plates (20-40 nm), and we included a term to bias towards monodispersity. High-volume
fractions of silver seeds result in a large number of nucleation sites for the nanoparticles to grow and high-
volume fractions of silver nitrate are necessary for the production of the silver atoms that grow on these

sites[64]. This combination of reagents would thus result in a high concentration of small monodisperse

plates.
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Figure 4.4: Representative UV-vis spectra of the samples that were classified as “Below Threshold” and the
ones that were classified as “Above Threshold”.

The classified UV-vis spectra of all the samples were plotted and shown in Figure 4.4. The spectra
that were classified as “Below Threshold” have similar shapes (i.e., single narrow peak) and peak intensity
positions (i.e., greater than 450nm) to the simulated plates in Figure 4.1. In addition, the variance in the
peak intensity positions indicates that plates of different sizes are being synthesized, which means that the
effect of the reagents on the plate size can be explored in the next section. The spectra of the samples that
were classified as “Above Threshold” are also shown in Figure 4.4. These spectra have vastly different
shapes such as ones with broad peaks, ones with high extinction at high wavelengths, and also ones that
are similar to the simulated sphere spectra in Figure 4.1. The successful classification of UV-Vis spectra
shown in Figure 4.4 supports the implementation of our chosen distance metric. Geometric metrics, such

as the aspect ratio of plates or spheres, could also be great metric descriptors of morphology. However,
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determining metrics such as the aspect ratio of a particle usually requires microscopy, which is typically
a low throughput and costly technique. Instead, we rely on using bulk classification metrics (e.g. UV-
Vis, SAXS) that can be used as proxies for the ensemble geometry of particles. As seen by the results of
our classification, UV-Vis spectroscopy was able to differentiate samples that formed small, monodisperse,
(triangular or circular) plate-like particles from other kinds of morphologies and sizes. Therefore, UV-Vis
spectroscopy is an effective and cost-effective technique for this classification. We would also like to clarify
that, for this work, we focused on demonstrating the hierarchical analysis method, which could be applied
to any particle of interest. We chose to focus on making small monodisperse plate-like particles. However,
the methodology could be used for any other particle shape of interest with modification of the simulations

and the definition of the distance metric.

4.4.2 SAXS Structural Exploration

From Fast Spectroscopic Exploration, we selected 137 samples that were classified as “Below Threshold”
based on their UV-Vis spectroscopy curve. To determine how the concentration of the reagents affects the
size of the plates, we took SAXS measurements on these samples. Unlike UV-Vis spectroscopy, SAXS is a
direct method of characterizing nanoparticle structure in the dispersion state due to its sensitivity to structural
parameters in this size range. The scattering can be mathematically modeled as the Fourier transform of the
continuous electron density in all sample orientations[65], and because of this, geometric models can be used
to fit experimental data to obtain information on size, shape, shape fraction, polydispersity, or concentration.
Like other scattering techniques, SAXS data has the limitation of being degenerate, which means that many
structures can have the same SAXS curve. This is due to the phase problem where the detector can only
measure the intensity of the scattered x-rays and not the phase, which contains the majority of the structural
information[65]. Because of this, it is well known that the choice of geometric model used to fit the data
must be supported with data from other characterization methods or other pieces of information[66]. In
our method we only perform SAXS on samples that we hypothesize are plates based on the shape of their
UV-Vis spectroscopy curve. After collecting the SAXS data, we can then perform electron microscopy on a

few samples to confirm this hypothesis.

Supported by evidence primarily from UV-Vis spectroscopy, the geometric model used to fit the SAXS
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data was a dilute cylinder model because a cylinder with a radius much larger than its length is representative
of a plate. Although the shape of particles is most frequently rounded, in certain samples we also observe
nanoplates with triangular shapes. In SAXS analysis these were approximated with a circular plate model
because of the low difference between the scattering patterns for somewhat polydisperse samples. However,
their presence could have a significant effect on the spectroscopic properties. The fundamental equation for
small angle x-ray scattering is shown in equation (4.2). The variable n refers to the number density of the
particles, Ap refers to the contrast, V' refers to the volume of a single particle, S(q) refers to the structure

factor, and P(q) refers to the form factor[67].

I(q) = nAp*V2P(q)S(q) + background 4.2)

This equation was simplified with the following expression:

A =nAp*V? (4.3)

Since Ap and V are constant:

Axn 4.4)

By substituting (4.3) back in equation (4.2), assuming that the nanoparticles are dilute(S(q) = 1), assuming
a background of 0, and using the form factor of a plate, the scattering equation for a plate was created. The

€699

subscript “p” refers to a plate.

I(q) = ApP,(R, T, PD,q) 4.5)

Using sasmodels (www.github.com/SasView/sasmodels), the parameters in equation (4.5)
were obtained by fitting the model to the experimental data. From the form factor P,(R, T, PD,q), the
radius R, the lognormal polydispersity of the radius P D, and the thickness 1" of the plates were obtained.
The scale parameter A was also obtained, which is a parameter proportional to the concentration of the

particles in the solution.
After fitting all the data with a plate model, it was discovered that 23 out of the 137 fits were sub-optimal
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www.github.com/SasView/sasmodels

by the residuals or errors of the fits. To fit these datasets, a combined model of a plate and sphere (equation

(4.6)) was used only on the data from the 23 samples. In equation (4.6), the subscript “p” refers to a plate

and “s” refers to a sphere.

I(Q) = ApPp(PD7 R, T, Q) + AsPs(Ra Q) (4.6)

This method of hierarchical fitting ensures that the most simple model (i.e., polydisperse plates) is used
first to fit the data. This means the data that agreed with this simple model most likely come from samples
that contain polydisperse plates. As we update the model by adding spheres, we risk overfitting the data and
are less confident in the structural parameters obtained from these fits. While the plate and sphere model
improved the fits of the 23 samples that did not fit the polydisperse plate model, they were not used in further
data analysis, since the objective of this work is to study the structural features of nanoplates.

After fitting the SAXS data with the models, we randomly chose a sample that was fit using the poly-
disperse plate model. Electron microscopy was performed to validate the model choice that was used. The

SAXS curve of the sample that was fit using a plate model and an image of the sample is shown in Figure 4.5
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Figure 4.5: This figure shows the data from the randomly chosen sample that was fit using a plate model.
(A) The SAXS curve and the plate model that was used to fit the data. (B) An electron microscopy image
from the set of images that were taken of the sample. (C) A histogram of the plate radii from all the images
that were taken. The lognormal distribution with the plate radius and polydispersity obtained from SAXS is
plotted in red.

Figure 4.5 A shows the experimental SAXS scattering curve of a plate-like sample and the plate model

used to fit the experimental data. From the fit, an average plate radius of 16.2 nm, a lognormal plate
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radius polydispersity of 0.24, and a plate thickness of 7.2 nm was obtained. Figure 4.5 B shows a TEM
image taken of the same sample. From that image, circular plates of different radii are observed. It is
likely that some plates are stacked on top of each other, which causes some plates to have darker contours
in the image. It is also possible that spheres are stacked on top of plates. However, we believe, based
on evidence from UV-Vis spectroscopy and SAXS, that the sample is primarily composed of plates. In
addition, some plates stand on their edges which could explain the rod-like shape in TEM. This analysis
is consistent with that of similar silver nanoplates in Gestraud et al [68]. The image in Figure 4.5 B is
a representative image from a much larger set. By measuring the plate radii using all images (included
in the Supporting Information S11-S18), a histogram of the plate radius was created and compared to the
lognormal distribution obtained from SAXS. The comparison between the radius distribution derived from
TEM and SAXS is shown in Figure 4.5 C. From the TEM images, the radius of 140 individual plates
was measured. The mean radius was 13.3 nm and the lognormal radius polydispersity was 0.26. The
lognormal radius polydispersity obtained from microscopy and SAXS have a good agreement, but the plate
radius obtained from SAXS is slightly larger than that from microscopy. There are several reasons for this
discrepancy. The first reason for the disagreement between SAXS and TEM could be that data obtained
from SAXS is often biased towards larger particles because of their stronger scattering signal[69]. Another
reason is the difficulty in distinguishing between thickness and radius in the TEM images since the particles

can be imaged in all possible orientations.

Results of SAXS Structural Exploration

The interpretation of structural features from samples obtained via SAXS was performed in several steps.
The first step relates the composition of the synthesis to the plate thickness, scale parameter, radius, and
polydispersity. We first use histograms to visualize the different types of plates that were formed in our
experiment. We then attempt to discover relationships between the concentrations of the reagents and the
structural features using contour plots. This information can be used to obtain a better understanding of the
role of each reagent in the synthesis of silver nanoplates. Understanding the roles of each reagent could be

useful to modify the experimental design space in case a target structure cannot be synthesized.
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Plate Thickness, Plate Radius, Plate Radius Polydispersity, and Scale

The histograms in Figure 4.6 show the plate thicknesses, plate radius, lognormal radius polydispersity, and
scale parameter of the 114 samples that were obtained from SAXS data that were fit using the polydisperse
plate model. Since compositions were randomly sampled, the histograms are representative of the samples
in the targeted design space of plate-like particles learned by the Gaussian process classifier after the Fast
Spectroscopic Exploration step. The plate thicknesses ranged from 2.4 nm to 11.4 nm with a mean of 5.7
nm and a standard deviation of 1.3 nm. Most of the thicknesses (about 90 %) are less than 7 nm. The
plate radius ranges from 5.0 nm to 34.0 nm with a mean of 15.8 nm and a standard deviation of 5.1 nm.
The plate radii seem to be somewhat normally distributed. The lognormal polydispersity of the plate radii
ranges from O to 1 with a mean of 0.45 and a standard deviation of 0.28. Most of the samples seem to
have a polydispersity of less than 0.5, but there are some with a polydispersity of 1.0. A polydispersity
of greater than 0.5 can be considered excessive and likely caused by another factor such as aggregation or
low concentrations that limit the quality and reliability of the SAXS data. Despite this, the samples with
high polydispersity were kept for the analysis, since they were a minority of all the samples (31 out of 114
samples). Finally, the concentration of the particles was determined by the scale parameter in (4.4), which
is proportional to the concentration of the particles in the solution. It ranges from 0.07 to 0.38 and seems
to be normally distributed with a mean of 0.18 and a standard deviation of 0.06. All this information can
inform us of the sizes of the plates that are most commonly synthesized by the algorithm used in the Fast

Spectroscopic Exploration section and their size limits.
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Figure 4.6: A histogram of the plate thickness (A), plate radius (B), lognormal plate radius polydispersity
(C), and scale (D) that were obtained from the 114 samples that were fitted with the polydisperse plate
model.

To determine the effects of the experimental design parameters on the structural features of the samples,

92



the 5-dimensional design space was simplified into 2 dimensions. SHAP, a method to explain machine
learning models[70], was first used to identify the top two most important reagents that contributed to each
of the measured structural features. This ignores data on the concentrations of the other three reagents but
increases the interpretability since it is much easier to visualize data in two dimensions. From SHAP, it was
determined that PVP and silver nitrate were the strongest contributors to variations in plate thickness, while
tannic acid and PVP contributed the most to variations in plate radius. A Gaussian process regressor was
trained with the top two contributing factors (i.e. reagents) and the structural parameter to obtain a contour

plot that shows how the regions in the design space affect each structural parameter.
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Figure 4.7: Contour plots of the top two most influential reagents on plate thickness (A), plate radius (B),
lognormal plate radius polydispersity (C), and the scale parameter of the particles (D), which is proportional
to the concentration of the particles. The structural information was obtained by fitting a polydisperse plate
model to SAXS data. The marker size is directly correlated to the value of the structural feature, and the
contours represent the design space learned by the Gaussian process regressor.

In the contour plot of plate thickness (Figure 4.7 A) there is a noticeable pattern where low concentra-

tions of PVP and high concentrations of silver nitrate resulted in thicker plates. A reason for this could be
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that higher concentrations of silver nitrate lead to higher amounts of silver atoms available in the solution.
Low concentrations of PVP result in larger plates because PVP can act as a stabilizer to prevent large par-
ticles from forming. As discussed before, it has been reported that PVP preferentially binds to the Ag(111)
facet (i.e., the axial direction) via van der Waals interactions due to the larger surface area. This explains
why lower concentrations of PVP result in thicker plates. In Figure 4.7 B., tannic acid and PVP were iden-
tified as the top two most influential reagents on plate radius. From Figure 4.7 B., it seems that the region
where samples with the largest plate radii are obtained is in the darker purple region, between 0.10 - 0.25
mM tannic acid and 0.15 - 0.25 mM PVP. This indicates that relatively high concentrations of both tannic
acid and PVP are essential for the formation of large silver nanoplates, but excessive amounts result in a
reduced size. As discussed previously, tannic acid and PVP can act as both reducing agents and stabilizers
that control the size and shape of the nanoplates[71][72][73]. Low concentrations of reducing agents could
result in smaller nanoparticles by limiting the number of silver atoms available in the solution. However, we
hypothesize that high concentrations of these reagents could hinder the growth of the nanoplates by inducing
steric hindrance effects on the surface of the particles[63]. Another reason why high concentrations of both
PVP and tannic acid are detrimental to the plate radius could be due to the cross-linking of the reagents.
During the synthesis, it was observed that when high concentrations of tannic acid were mixed with PVP,
the solution became turbid. The cross-linking of tannic acid and PVP is likely caused by the pyrogallol
compounds in tannic acid interacting with PVP via hydrogen bonding[74] or -7 stacking[75]. Therefore, it
is hypothesized that high concentrations of tannic acid could contribute to a lower plate radius by inducing
cross-linking and reducing the number of PVP and tannic acid molecules available for the reaction. Finally,
the largest plates of the samples labeled “Below Threshold” are around 30-34 nm in radius and are located
in the central region of Figure 4.7 B, supporting the hypothesis that moderate concentrations of tannic acid

and PVP lead to large plates.

In Figure 4.7 C, a contour plot of the effect of the top two reagents on the lognormal polydispersity of
the plate radius is shown. It was determined that silver nitrate and tannic acid had the greatest effect on this
feature and that high concentrations of both reagents increase the probability of synthesizing monodisperse
plates. Due to the lack of studies involving the effect of silver nitrate and tannic on the polydispersity of

plate radius, no comparisons to the literature were made. In equation Figure 4.7 D, the effect of tannic
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acid and silver nitrate on the scale parameter of the particles is shown. The contour plot shows that high
amounts of silver nitrate and tannic acid increase the scale parameter of the particles. This is consistent
with the explanation that silver nitrate is the precursor of the silver ions in the reaction and that tannic
acid acts as a reducing agent. In summary, we have described many testable hypotheses that could explain
the observations in our experiment. While these hypotheses have not been experimentally verified in this

manuscript, we aim to tackle that in a follow-up work.

UV-Vis Spectroscopy as a Proxy for Particle Size

In the Fast Spectroscopic Exploration section of this paper, it was claimed that UV-vis spectroscopy was
limited in determining the size of a nanoparticle. Since both a UV-vis spectrum and a SAXS scattering
curve were obtained for each sample, that claim could be evaluated. By assuming that the plate radius
determined by SAXS was the “true” value, the radius determined by SAXS and the peak wavelength of the
sample’s UV-vis spectra were plotted. Only the 114 samples that were determined to be polydisperse plates
are shown in the plot. In addition to this, the peak wavelength positions of the simulated UV-vis spectra
using nanoDDSCAT[59] were added to the plot to compare how the peak wavelength position changes as

the plates get bigger in simulations compared to experiments.
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Figure 4.8: The comparison between the plate radius determined by the peak wavelength position from UV-

vis Spectroscopy and the radius determined by SAXS. The data from the simulated plates are also plotted
assuming that the radius determined from SAXS is the “true” radius.
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From Figure 4.8, it is evident that the peak wavelength position increases as the plate radius increases.
This is seen in both the experimental data and the simulations and confirms that the peak wavelength po-
sition of the spectra is positively correlated with the size of the nanoparticle. However, it seems that the
nanoDDSCAT simulation overestimates the peak wavelength position compared to the experimental data.
An explanation for this could be the presence of organic molecules in the solution such as PVP or tannic
acid which could account for this disagreement.

In summary, Figure 4.8 shows that the peak wavelength positions from UV-Vis spectra are directly
correlated with the size of the nanoparticle. However, caution must be exercised when using the peak
wavelength position to determine the absolute size of a nanoparticle especially when analyzing samples
with impurities or with anisotropically shaped nanoparticles. This underscores the importance of SAXS
for determining the size of silver nanoparticles in dispersion since X-rays are only sensitive to the size and
morphology of these electron-dense nanoparticles. Dynamic light scattering (DLS) is another technique
that is sensitive to the size and shape of nanoparticles and is often more accessible than SAXS. However,
DLS relies on size measurements based on the diffusion of particles, which has a much lower structural
resolution and is model-dependent. Thus, the interpretation of DLS data requires an assumption of either
spherical particles to convert a diffusion coefficient into a diameter or an assumption of a shape (e.g., plates)
and an aspect ratio to quantitatively interpret the size from the diffusion coefficient. For these reasons, SAXS

is more powerful for the analysis of silver nanoparticles as we report in this study.

4.5 Conclusion

We performed a data-driven exploration of the synthesis of silver nanoplates, which combines the iterative
sampling capabilities of a closed-loop system and the straightforward data interpretation and visualization
of a systematic study. Our closed-loop system goes beyond solving an optimization problem and focuses
on the generation of scientific knowledge. To do this, we take advantage of multimodal and complementary
characterization methods. Our data-driven method balances the use of characterization techniques based
on cost and information gained. UV-vis spectroscopy was used as a fast proxy to determine how to syn-
thesize silver nanoplates, while SAXS, a more expensive but direct characterization method, was used for

information on the structural features of these nanoplates. In summary, using a Gaussian process classifier
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and UV-Vis spectroscopy, we started from a relatively large design space and narrowed it down to a region
where plate-like particles are most likely to be formed. In this region of interest, random sampling and
SAXS were used to obtain simplified contour plots containing information on the effect of the top two most
contributing chemical reagents on the structural features of nanoplates. Our findings on the compositions of
the reagents that are necessary to form plate-like nanoparticles as well as the effect of these reagents on the
nanoparticle’s structural features are consistent with the literature. Because of this, we envision that all the
methods that were used for the synthesis, data science, and characterization can be applied to other, more

complex, systems to accelerate the discovery of novel materials.
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Chapter 5

Efficient Analysis of Small-Angle Scattering
Curves for Large Biomolecular Assemblies

Using Monte Carlo Methods

This work presented in this chapter is based from:

* Zhiyin Zhang, Huat T Chiang, Ying Xia, Nicole Avakyan, Ravi R Sonani, Fengbin Wang, Edward H
Egelman, James J De Yoreo, Lilo D Pozzo, F Akif Tezcan, Design of light-and chemically responsive

protein assemblies through host-guest interactions, Chem, 2025. [76]

» Efficient Analysis of Small-Angle Scattering Curves for Large Biomolecular Assemblies Using Monte
Carlo Methods, Huat Thart Chiang, Zhiyin Zhang, Kiran Vaddi, Akif Tezcan, Lilo Pozzo, Efficient
Analysis of Small-Angle Scattering Curves for Large Biomolecular Assemblies Using Monte Carlo

Methods, Journal of Applied Crystallography, 2025. [77]

5.1 Abstract

Structure elicitation from small angle scattering (i.e. SAXS, SANS) curves of large biomolecular assemblies
is notoriously challenging. This is because the simulation of high-resolution features in the structure of

large macromolecular assemblies, such as de-novo protein assemblies, is computationally demanding when
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it needs to cover a broad range of length scales. Conventional methods such as the numerical approximation
to the Debye equation or the use of spherical harmonics do not scale well as the size of the assembly
increases, which limits their application to small structures (e.g. individual proteins). This work explores the
effectiveness of a Monte Carlo method to simulate and fit scattering curves for large biomolecular assemblies
spanning over ranges covering atomic and molecular detail (e.g., spacing and orientation of proteins in
an assembly), as well as large scale (100’s of nm) features. Due to its excellent speed and scalability,
it can be combined with a fitting algorithm to extract structural features from experimental small-angle
scattering curves in biomolecular assemblies that are otherwise intractable for interpretation. This work
first demonstrates the effectiveness of the tool using experimental small angle X-ray scattering (SAXS) data
from tile-like proteins that assemble into 1D tube-like macromolecular structures. The diameter distribution
of tubes is extracted from SAXS fits, and this quantitatively compared with distributions from electron
microscopy. SAXS data is also obtained from 2D sheet-like protein assemblies and the proposed method
is used to quantify structural features such as the separation distance between protein building blocks and
the flexing of the sheet. An open-source implementation of the methodology is provided for use in a broad

range of biological systems involving multi-scale scattering analysis.

5.2 Introduction

The study of biomolecular assemblies and hierarchical systems is important because many of these complex
structures are responsible for the physiological processes that make life possible (e.g. microtubules, fibrin,
actin filaments). Several characterization methods can be used to study these structures. Some of the most
powerful characterization methods include electron microscopy [78] [79], atomic force microscopy [80],
and small angle scattering (SAS), each of which has its strengths and weaknesses. In this paper, we focus on
SAS, which is particularly useful for studying biomolecular self-assembly because of its ability to perform in
situ measurements with high spatial (angstrom to micron) and temporal (up to milliseconds) resolution [49].
These characteristics make SAS a preferred characterization method for the study of biomolecular assembly.
Interpreting SAS data for unknown structures is challenging since it records signals from an ensemble
of particles, which can be affected by shape and size polydispersity, and because it requires a solution

to an ill-posed “inverse problem" without a guaranteed unique solution. During a scattering experiment,

99



the isotropic intensity of scattered X-rays or neutrons observed on a detector is typically converted to a
1D curve of intensity as a function of the momentum transfer vector ¢ using an azimuthal average [81].
This scattering curve is mathematically defined as the Fourier transform of the scattering-length density,
or electron density for the case of X-rays, of the 3D scattering object [82]. Because of this, a good match
between an experimental scattering curve and a mathematically calculated one (model) is interpreted as
suggesting that they originate from the same 3D object. Quantitative shape and dimensional parameters are
then obtained from the model.

The process of mathematically calculating the experimental scattering curve can be computationally
expensive depending on the object of interest. The scattering curves of geometric objects such as spheres,
ellipsoids, and cylinders can be calculated analytically from established mathematical models [83] [84]
[85] [48]. In contrast, biomolecular objects with complex shapes, such as proteins, do not usually have an
exact analytical solution and a numerical method must be used. Common methods used to calculate the
scattering curve of biomolecules and their assemblies are based on approximating the Debye equation and
often use methods such as spherical harmonics to accelerate the computation [86].

The enumerated Debye equation and the spherical harmonics methods work well on small biomolecular
structures [87] [86] but do not scale well for large biomolecular assemblies, such as those involving many
protein sub-units. The computational time of the Debye equation scales as O(N?) where N is the number
of atomic coordinates in the model of the structure and for the spherical harmonics as O(N') [86]. Because
of this, calculating the scattering curve of large biomolecular assemblies, which can be composed of many
millions of atoms, often involves either coarse-graining the structure with geometric objects, using a small
representative sample of all the atoms in the structure, or an expensive calculation that requires significant
computational resources. The Debye equation is defined in Equation (5.1), where f; and f; are the dif-
ferences in the scattering length density between the atoms and the solvent background (water), 7, is the
interatomic distance between coordinates j and k, and ¢ is the momentum transfer vector [88].

I(q) = ZZMZM (5.1)
kg qarik

An alternative method to approximate the scattering intensity is the Monte Carlo Distribution Function

Method (MC-DFM) [89] [90] [91], which is a Monte Carlo approximation to the fully enumerated pairwise
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summation of the Debye equation. This method first calculates the pairwise distribution function from the
atomic coordinates and then transforms it into the scattering intensity using Fourier inversion. Since the
pairwise distribution function is a probability distribution of the distances between two randomly selected
points, it can be created using a simple algorithm that randomly selects two atomic coordinates and calcu-
lates the pairwise distance between them. The pairwise distribution is then defined as a histogram of these
distances. With enough sampling, the distance distribution approximates the distribution of scatterers and
can thus be used to calculate the intensity of the scattering using Equation (5.2). The MC-DFM is com-
putationally advantageous because it scales well with an increase in the number of atomic coordinates V.
The computationally expensive step of the calculation is the creation of the pairwise distribution function,
which involves random sampling of atomic coordinates. This means that, as the number of atomic coordi-
nates increases, the number of sampled coordinates used to create the pairwise distribution function should
also increase. However, we show that a large sampling of pairwise distances (n = 10 million) can be used
to accurately and rapidly calculate the scattering curve of various biomolecular assembly structures up to
micrometers in size. The MC-DFM balances the need to retain the small-scale detail of the non-spherical
biological building blocks (e.g. proteins) while still enabling the computation of scattering from biomolec-
ular assemblies that are much larger than any individual subunit. There are several examples where it has
been used to simulate the scattering of complex biomolecular structures [92], biomolecular structures with

high symmetry [93] [94], and simulations based on information from electron microscopy [95].

The computation time of the MC-DFM methodology is efficient and comparatively short, about a few
seconds [89], making it compatible with optimization algorithms to fit experimental data and extract un-
known structural parameters [96]. In this work, the MC-DFM is used with a genetic algorithm to numerically
fit small angle scattering curves to experimental data to extract structural parameters of large hierarchical
biomolecular assemblies. The MC-DFM resolves structural details ranging across multiple length scales
and does not require coarse-graining approximations. A novel aspect of this work is the implementation
of the MC-DFM using matrix operations, which allows for the efficient calculation of scattering curves in
timescales of seconds. In addition, modeling of assemblies from a single building block using rigid-body
transformations allows for rapid structural adjustments without explicitly recalculating the positions of every

atom.
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5.3 Methods

5.3.1 Monte Carlo Distribution Function Method (MC-DFM)

The mathematical equation of the MC-DFM is defined in Equation (5.2), where p(r) is the pairwise distribu-
tion function, r is the interatomic distance, Ny, iS the number of bins in the pairwise distribution function,
and ¢ is the momentum transfer vector. Note that the MC-DFM is similar to the Debye equation since both
involve a sum of the sinc function. The scattering length density difference between each atom and the
solvent background is accounted for in the pairwise distribution function, Equation (5.3), where each pair-
wise distance, 7, is weighted according to the product of the scattering length density differences, f; f,
of each pair of atoms. Pairwise distances of zero are eliminated from the pairwise distribution to satisfy the
constraint of j # k. The delta Dirac function ¢ is used to represent the value at each bin in the pairwise
distribution function and the weighted sum of all the delta functions makes up the pairwise distribution [89].
The pairwise distribution p(r) is computed to an arbitrary number of distances, n, that determine the reso-
lution. Sampling all distances within a structure is unnecessary, as the pairwise distribution is expected to

converge after a sufficient number of samples.

o)=Y o™ (52)
p(r) =3 fifed(r —rjp) (5.3)
J#k

Notice that the MC-DFM in Equation (5.2) contains a single summation over the number of bins in the
pairwise distribution compared to the double sum in the Debye Equation (5.1) over the number of atomic
coordinates. Because of this, the algorithmic complexity of the MC-DFM should not depend on the number
of atomic coordinates in the structure, which should allow it to be applied to larger structures. A comparison
of the procedures used to calculate the scattering intensity from a PDB file of a protein structure is shown in

Figure 5.1.
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Figure 5.1: The process of calculating the scattering curves of a structure from a PDB file. First, atomic
coordinates are extracted and scattering length density differences between each atom and the solvent back-
ground (water) are assigned to each atom. The Debye method calculates the scattering intensity from the
coordinates, while the MC-DFM first calculate the pairwise distribution and then converts that to the scat-
tering intensity using Fourier Inversion.

5.3.2 Convolution of the Building Block and Lattice

A challenge in calculating the scattering curve of a large biomolecular assembly is the need to obtain the
coordinates of all the atoms in the structure. This can be computationally expensive because biomolecules,
such as proteins, are each composed of thousands of atoms, and many relevant constructs are created by
assembling thousands or millions of these sub-units. Therefore, creating an accurate computational repre-
sentation can be prohibitively expensive. In addition, these structures can have complex shapes, which is
a critical limitation for using simple geometric approximations (e.g. sphere, ellipsoid, cube, cylinder) to

model the full assembly.

Using MC-DFM, the scattering of large hierarchically organized biomolecular assemblies can be cal-
culated by taking advantage of the periodicity inherent in many structures. A large biomolecular assembly
can be modeled by utilizing the lattice coordinates (i.e. relative positions of repeating subunits), the relative
orientations of these sub-units within the assembly, and the internal atomic coordinates of each building

block or repeating sub-unit (e.g., a biomolecule or a group of biomolecules), without explicitly defining the
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Figure 5.2: Translational and rotational transformations can be applied to randomly sampled coordinates of
the building block.

coordinates of every atom in the overall assembly. This is achieved by applying rigid-body transformations
(i.e. vectorial translation and relative rotation) to the randomly selected coordinates in each building block
used to create the pairwise distribution to fill the assembly structure rather than explicitly defining all atomic
coordinates.

The relevant rigid body transformations can be broken down into translations and rotations. The trans-
lation matrix representation shown in Equation (5.4) is used to translate the coordinates of the rigid body

building block to the lattice coordinate (L, Ly, L).

Ty T L,
T=lyl|=|y|+ L, 5.4)
2t z L,

The rotation matrix representation shown in Equations (5.5), (5.6), and (5.7) is used to rotate the coor-

dinates of the rigid body building block by «, 3, v degrees around the z, y, z axes, respectively.

_xr:s— _1 0 0 1 121

Ry(a) = |y, 0 cosa —sina (5.5)
Zr 0 sina cosa
-.’L’ry | cosf 0 sing ]

Ry(B) = | yry 0 1 0 (5.6)
Zry —sinf 0 cosf
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This approach of defining a hierarchical structure through the coordinates of a building block, along
with the rigid-body translational and rotational transformations at each lattice point, is effective because
the MC-DFM uses random sampling to first create the pairwise distribution. Consequently, the necessary
transformations only need to be applied to randomly chosen building block and lattice coordinates, which
is especially beneficial for handling large structures. Additionally, this method allows for easy structural
modifications by adjusting the lattice coordinates, making it compatible with a fitting algorithm where the
scattering curves of assemblies of various sizes or shapes can be tested. Finally, implementing the transfor-

mations through matrix operations enhances computational speed and efficiency.

Consider modeling a helical tube-like structure from an assembly of a cuboid-shaped protein called
L-Rhamnulose-1-phosphate aldolase (RhuA) [97], as shown in Figure 5.3. This protein will be used as a
model system in this work and further details about it can be found in the results section. The first step
is to define the building block which will be duplicated, translated to each of the lattice coordinates, and
rotated to form the assembly. In this example, the building block is a single RhuA protein, but it could be a
multimer in other cases for other structures. The next step is to determine the lattice coordinates, which can
be calculated using the parametric equations for a helix. This is shown in Equations (5.8) and (5.9), where
R is the radius of the helix and f is a parameter that controls the pitch of the helix. The z values range from
0 to the length of the tube, are equally spaced apart, and contain a number of points equal to the number of

RhuA building blocks in the tube assembly.

x = Rcos(fz) (5.8)

y = Rsin(fz) (5.9)

Next, the rotation applied to each lattice coordinate is calculated by converting the coordinates of the

helix to polar coordinates to obtain values for «, 3,7, which are the rotation, in degrees, applied to each
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protein about the x, y, z axes, respectively, so that it is oriented relative to the center of the helix. For this
helical tube-like structure, only rotation about the z axis is necessary, and it was calculated using Equation
(5.10). However, if necessary, rotations about the x,y axes can also be implemented for other structures,

such as icosahedrons.

1
v = —@ arctan <g> (5.10)
T T

For this specific structure, it is also expected that adjacent proteins are flipped by 180 degrees relative
to the center of the helix, which results in an alternating checker-board relative orientation of the proteins
in the final assembly. This orientation was previously observed using AFM and TEM, on an assembly of
RhuA [98]. This structural effect can easily be implemented by adding 180 degrees to  for every other
lattice coordinate. After this, the array containing the specified translation and rotation for each of the lattice
coordinates is complete. The first three columns of the array specify the magnitude of translation required
(Lg, Ly, L), and the last three columns specify the amount of rotation required (c, 3, ) for a coordinate
from a building block to be placed correctly at each successive lattice coordinate.

Using the MC-DFM, coordinates from the building block are randomly sampled and appropriate trans-
lational and rotational transformations are applied to the building block coordinates according to another
independent randomly sampled lattice coordinate and rotation. This is repeated with another building block
and lattice coordinate and the distance between the two points is calculated. Distances are repeatedly cal-
culated between two randomly sampled coordinates until the pairwise distribution is created, which is later
converted into the scattering curve. These procedures are summarized in Figure 5.3. To clarify, the method
of independently sampling the building block and lattice can be used for structures with periodicity but this is
not required. The advantage of this convolution is that it bypasses the expensive step of explicitly modeling
the full biomolecular assembly, which is advantageous (i.e. fast computation and low memory requirements)

when using MC-DFM together with a fitting algorithm or for modeling very large assemblies.

5.3.3 Implementation

A Python implementation of MC-DFM can be found at (https://github.com/pozzo-research-

group/MC-DFM/tree/main). For all the case studies presented in this work, a personal laptop com-
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Figure 5.3: A convolution can be performed with the MC-DFM to avoid calculating the coordinates of the
whole structure by randomly sampling the building block and the lattice coordinates independently. The
randomly sampled building block coordinate is translated and rotated according to the randomly sampled
lattice coordinate. This is repeated with another coordinate and the distance between the two points is
calculated. This process is then repeated to create the pairwise distribution.

puter with 8GB RAM and a 12th Gen Intel Core 17, 2500 Mhz processor was used to simulate and fit the
SAS data. Since the time and memory-intensive step of the MC-DFM is the random sampling of atomic
coordinates and the calculation of the pairwise distances between them, our implementation of the algorithm
performs these steps entirely using matrix operations which allows the calculation to be performed rapidly
and efficiently. To achieve even more efficiency, the calculations can be integrated with a GPU using CUDA,
leveraging its parallel processing capabilities, but this was not done in this work due to limitations in hard-
ware availability. The input for the Python program in the simplest case is the 3D cartesian coordinates of
the atoms of the basic protein sub-structure and each atom’s scattering length density. Alternatively, the 3D
cartesian coordinates of the building block, the lattice coordinates, which includes the amount of translation
and rotation applied at each repeating subunit, and the scattering length density of each coordinate can also
be used. The output is the scattering intensity as a function of q.

Our implementation of the MC-DFM is compared to CRYSOL [87] and D+ [99], which are software
used to simulate the scattering curve of large biomolecular assemblies. The results are shown in the supple-
mental information, and it is clear that the MC-DFM outperforms the other methods in terms of computa-
tional time. Some disadvantages of our implementation of the MC-DFM is that it currently cannot model
the scattering of the hydration layer surrounding the protein, cannot model polydispersity, and can only be

run in python without a GUI.
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5.3.4 Experimental methods
Small Angle X-ray Scattering

Experimental SAXS data was obtained on a Xenocs Xeuss 3.0 (Grenoble, France) instrument with an x-ray
energy of 8.04 keV (wavelength 1.54 A) using a copper K-o microfocus source. Data was collected in
three configurations: low-q (0.004 - 0.007 A~1) for 3600s, mid-q (0.007 - 0.020 A1) for 3600s, and high-q
(0.020 - 0.200 A—1) for 2700s. Samples of 20 pL were loaded into a quartz capillary flow cell of 1.5 mm in
diameter using the “Biocube” configuration of the instrument. Data reduction and merging were performed
with the XSCAT software (Xenocs, Grenoble, France). Buffer subtraction was performed by subtracting the

scattering of water from a previous measurement in the same capillary and configurations.

TEM Imaging

For the preparation of negative-stain TEM samples, 3-3.5uL aliquots of protein solutions were applied to
negatively glow-discharged copper grids with Formvar/Carbon-coating (Ted Pella Inc.). The grids were
washed with 50uL of filtered milliQ water and stained with 3.5uL of 2% filtered uranyl acetate solution at
4°C. TEM micrographs were collected using JEM-1400 plus transmission electron microscope (JEOL Ltd.)
operating at 80 keV, equipped with a tungsten filament and bottom-mounted Gatan OneView camera (4k x

4K).

Cryo-EM Imaging

Cryo-EM sample preparation and image acquisition preparation of cryoEM grids was performed on an FEI
Vitrobot Mark IV (ThermoFisher Scientific) at 95% humidity and 4°C. 3.5uL of 100:M protein solution was
applied directly onto glow-discharged QuantiFoil Cu 2/1 300 grids (Electron Microscopy Sciences) without
further dilution. The grids were blotted with a filter paper for 4-5 s before flash-freezing in liquid ethane.
The grids were then clipped under liquid nitrogen and stored in liquid nitrogen until data collection. The
grids were imaged at the S2C2 Stanford-SLAC CryoEM Center on TEM Beta (Titan Krios G3i (Thermo
Fisher Scientific) equipped with a Gatan K3 direct electron detector) operating at 300 keV. Images were
collected at 0.86 ;\/pixel with a fluence exposure of ~50 electrons/A? at a dose rate of ~1.5 electrons/A2

per frame. Defocus range of the objective lens was set between -1.5 to -2.1 pm.
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Figure 5.4: Experimental data from the RhuA monomer protein and the scattering curve simulated from its
PDB file with the MC-DFM and Crysol. The scattering curves from both Crysol and the MC-DFM were
simulated without the hydration layer and an aqueous background was assumed.

5.4 Results

5.4.1 RhuA Protein

Our MC-DFM implementation was first tested on the scattering of the RhuA protein (PDB: 1GT7) [97].
This protein is a C4-symmetric homotetramer of about 7nm x 7nm x 5nm in size, which we will use as
a model building block protein in this work. By performing mutations on the four corners of the protein,
intermolecular forces (e.g., host-guest interactions) can be implemented that allow the protein to assemble
into 2D lattices of different shapes such as tubes or sheets [100]. To test the validity of the MC-DFM, we
can simulate SAXS curves using the MC-DFM and compare them to experimentally obtained SAXS curves
of the RhuA assemblies. In this section, we start with the unassembled RhuA building block. For simplicity,
we will refer to the unassembled RhuA building block from now on as “RhuA monomer”. First, small angle
x-ray scattering data was collected (see Methods section) from an aqueous sample of 50 uM RhuA in 20
mM Tris. Then, the simulated scattering curve was obtained from the PDB file of the protein using both
the MC-DFM from this work and Crysol [87] from the ATSAS software [101]. All 8,476 atoms from the
protein were used for the calculation. As shown in Figure 5.4, there is very good agreement between the

scattering of the models and the experimental data.
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5.4.2 Polydisperse RhuA Tube-like Assemblies

The MC-DFM, combined with a traditional SAS fitting algorithm, can be used to obtain structural features of
biomolecular assemblies. In this example, the MC-DFM and a genetic algorithm were used sequentially to
obtain the size distribution of polydisperse tube-like assemblies. The biomolecular assembly was physically
created by assembling RhuA monomers via host-guest interactions. Host-guest interactions refer to the
noncovalent bonding between two distinct molecules, leading to the formation of unique complexes. In
these complexes, guest molecules are typically encapsulated or incorporated within the host molecules,
linking them together. This type of interaction is frequently used to create supramolecular systems because
of its responsiveness to external stimuli like light, pH, temperature, etc. [26]. The host-guest complex used
to assemble the RhuA protein was chosen to be the light-responsive azobenzene (guest) and 3-cyclodextrin
(host) complex. In short, 3-cyclodextrin has a high affinity to (E)-azobenzene, but not to (Z)-azobenzene.
The (E)-isomer is thermodynamically more stable than the (Z)-isomer, so the formation of the complex is
the most stable form. Exposure to UV light triggers a conformational change from (E)-azobenzene to (Z)-
azobenzene, leading to the separation of the complex, while visible light reverses this process [27]. In this
work, the RhuA protein was first mutated to contain cysteine residues on each of its four corners. The protein
was then separated into two identical batches. In the first batch, an azobenzene molecule was attached to
each of the four corners of the RhuA protein by treating the solution with 4-phenylazomaleinanil dissolved in
DMF, which takes advantage of the thiol-malemide cross-linking reaction. This resulted in a RhuA protein
functionalized with an azobenzene group (“*°RhuA). In the second batch, a S-cyclodextrin molecule was
attached to the four corners of the RhuA protein using a similar cross-linking strategy. This resulted in a
RhuA protein functionalized with a 3-cyclodextrin molecule (P“PRhuA). The resulting proteins, BCDRhuA
and “*°RhuA, were then mixed in equal molar ratios to create 50 uM of RhuA in a 20 mM Tris and 100
mM KCI solution. Tube-like assemblies of different diameters and lengths were observed from cryo-EM

and ns-TEM [76].

From Figure 5.5, the outer diameters of the tubes range from 40-120 nm, while the lengths are signifi-
cantly longer than the maximum size that can typically be measured using SAXS (< 300 nm). A histogram
of tube diameters was created from the microscopy images and a normal distribution was fitted to the data.

Given the range of tube diameters observed in TEM, several computational RhuA tube assembly models
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Figure 5.5: (A) Cryo-EM image showing a zoomed-in view of the tube-like assemblies of RhuA proteins.
(B) ns-TEM image showing a zoomed-out view of the tube-like assemblies. (C) A histogram of the outer
diameters of the tubes in the images shown in this figure, as well as from additional images that are not
shown. The tubes are expected to be flattened due to drying effects for ns-TEM, which would make them
appear larger than if they were imaged in their native state. The histogram data was fitted with a normal
distribution. The mean of the distribution obtained from cryo-EM is 63.6 nm with a standard deviation of
10.6 nm. The mean of the distribution obtained from ns-TEM is 88.9 nm with a standard deviation of 11.7
nm.

of different diameters were created by placing the coordinates of the RhuA monomer building block from
the PDB file in a helical tube-like structure. Monodisperse tube-like models with varying diameters ranging
from 40-120 nm were created with a constant tube length of 240 nm using the process described in Fig-
ure 5.3. The spacing between adjacent proteins was always kept constant, and the diameter was increased
by increasing the number of proteins in each type of tubular assembly. To increase the diameter of the tube,
two additional proteins were added to each loop of the helix, which increased the outer diameter by approx-
imately 6 nm. Starting with a tube of 15 proteins in a loop and 44 nm in diameter, this process was repeated
until tubes of 35 proteins in a loop and 104 nm in diameter were created. Each RhuA monomer contains
8,476 atoms, and the smallest tube model of 44 nm in diameter contains around 450 monomers which re-
sults in around N = 3.8 million atomic coordinates for the tube model of the smallest diameter. The SAXS
instrument used in this work has a measurable g-range of about 0.004 to 0.2 ~!, which is a range that is
primarily sensitive to structural features of roughly less than about 150 nm. Therefore, the small-angle scat-
tering curve is primarily sensitive to changes in the inter-protein organization and the cross-sectional size
of the tubes, but it is not very sensitive to fluctuations in the tube length. In addition to tubes, unassembled
monomers were also present in the images in Figure 5.5. Therefore, the SAXS models also accounted for

free unassembled monomer proteins present in the samples. The MC-DFM was then used to simulate the
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Figure 5.6: Models of tube-like assemblies of different outer diameters and the unassembled RhuA
monomer were created and their scattering curves were simulated using the MC-DFM. Tube-like models
with outer diameters of 44, 50, 56, 62, 68, 74, 80, 86, 92, 98, and 104 nm were simulated, but not all are
shown in the figure.

weighted scattering curves of each tube and unassembled monomer as shown in Figure 5.6.

To quantitatively determine the distribution of tube diameters in the sample, the simulated scattering
curves were first weighted so that their invariant would be linearly proportional to the number of RhuA
monomers in each tube assembly, which is necessary to correctly scale the intensities of the simulated
scattering curves with respect to the total protein fraction in any given model. This was done by dividing
each simulated scattering curve by its calculated invariant. By definition, the invariant is a constant that is
directly proportional to the number of scattering objects (i.e., electrons for SAXS) in the path of the X-ray
beam and is independent of size, shape, or interactions between the scattering objects [81]. The invariant,

@*, is defined in Equation (5.11).

Q= /0 ¢°1(q)dgq (5.11)

This step of scaling each curve according to its invariant was crucial to obtain the correct population
distribution of each structure in the sample. After this, the weighted average of all the curves was calculated
as shown in Equation (5.12). The optimal weights were determined by the genetic algorithm that minimized
the difference between the weighted average of the simulated curves and the experimental scattering curve,
Equation (5.13). The optimal weights were then plotted to determine the size distribution of tube diameters

in the sample. The distribution was then compared to the one found by Cryo-TEM and ns-TEM as shown in
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Figure 5.7: The invariant of the simulated SAXS curves as a function of the number of RhuA monomers in
the tube-like assemblies. Each point represents the invariant of a single simulated SAXS curve of the tube-
like assembly and was calculated with a Guinier extrapolation at low q and a fourth power law extrapolation
at high q. (A) shows the invariant before scaling and (B) shows the scaled, linearly proportional, invariant
of the simulated SAXS curves after diving them by their invariant calculated in (A).

Figure 5.5.

I(Q)avg = WmonomerI(Q)monomer + W44nmI(Q)44nm + ...+ W86nmI(Q)86nm (512)
qmam

Score =Y [10g(I(q)avg) — 108(I(q)eap)| (5.13)
dmin

As shown in Figure 5.8, the weighted average of the simulated SAXS curves has a good agreement
with the experimental scattering data of the RhuA tubes. As expected, the MC-DFM was able to simulate
the high-resolution features of the structure shown by the inter-monomer correlation peaks at high-q. A
histogram was then created from the optimal weights of the weighted average of the SAXS curves and was
fit with a normal distribution for comparison with the ns-TEM data. The distribution obtained from SAXS
data had a mean of 56.8 nm and a standard deviation of 6.3 nm. In comparison, the fit for the data obtained
from cryo-EM had a mean of 63.6 nm with a standard deviation of 10.6 nm, which is close to the findings
from SAXS. The fit from ns-TEM data had a mean of 88.9 nm and a standard deviation of 11.7 nm. From the
data, it is clear that the mean of the normal distribution fit from ns-TEM data is significantly greater than that
from SAXS and cryo-EM. A reason for this could be the flattening of the tubes that occurs when the sample
is dried for ns-TEM characterization. This would cause the tubes to appear larger than they were in their

true native hydrated state. However, the effect of flattening can be calculated, where the flattened diameter
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Figure 5.8: (A) SAXS fit of the RhuA tube-like assemblies and a histogram showing the distribution of
tube diameters in the sample. (B) A normal distribution was used to fit the data and compared to the fits
from cryo-EM and ns-TEM. The fit of the data obtained from SAXS had a mean of 56.8 nm and a standard
deviation of 6.4 nm. The proportion of unassembled RhuA monomers is around 0.50.

should be half the circumference of the tube in its native hydrated state, which means that the diameters
should differ by a factor of 2/7. By applying this correction, the unflattened diameter from ns-TEM is 56.6
nm, extremely close to the diameter obtained from SAXS. The flattening effect should not affect the standard
deviation of the diameter size distribution since all tubes get flattened equally. The standard deviations of
the normal distribution fits from the microscopy characterization methods are in agreement, while the one
found from SAXS is slightly lower. In this example, the MC-DFM was successfully used with a genetic
algorithm to determine the size distribution of polydisperse biomolecular assemblies. We envision that this
method can be used for other similar systems such as determining the size distributions of tobacco mosaic

virus aggreagates [102], microtubules [103], or other 1D helical protein assemblies [104].

5.4.3 RhuA Sheets

The MC-DFM combined with a genetic algorithm can also be used in a closed-loop algorithm to determine
the structural features of biomolecular assemblies, similar to a typical least-squares analytical model fit-
ting approach. This was demonstrated by extracting structural features of 2D sheet-like assemblies made
from RhuA monomers. This assembly was experimentally created using the same host-guest interactions

used to create the tubes, but a salt with a higher valence was used. To create the sample, equimolar ra-
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Figure 5.9: ns-TEM images of the RhuA sheet-like assemblies. The sheets seem to have rectangular shapes,
and some of the sheets stack on top of each other, indicating that the height of the sheets is much smaller
than the length and width.

tios of *“PRhuA and **’RhuA were mixed to create a solution of 50 M RhuA in 20 mM Tris and 100
mM CaCls. As seen in Figure 5.9, sheet-like assemblies were observed in ns-TEM instead of tube-like
assemblies because of the higher ionic strength of the solution [76].

In a recent publication by Zhang et al., it was discovered that the RhuA protein is negatively charged and
forms tube-like assemblies at high pH and in the presence of monvalent salts. At low pH or in the presence
of divalent salts, it assembles into sheets. This is because the screening of electrostatic forces allow the
proteins to stack onto each other in the sheet formation. All atom molecular dynamics simulations indicated
that the RhuA surface has high affinity to Ca?* ions, which would reduce the electrostatic forces on the
surface of the protein, leading to the sheet assembly [76]. Furthermore, we do not believe the images of
the sheets in Figure 5.9 are of collapsed tubes because they are not elongated like the tubes and do not have
straight borders which are expected on the edges of the tubes. Instead, they are shaped more like squares
with rough borders which is more likely to come from a stack of sheets.

From the observations made in Figure 5.9, computational models of the sheets were created by assem-
bling the RhuA monomers in a 2D sheet-like structure. After simulating the scattering curves of models of
flat sheets, it was noticed that the peak intensities, which corresponds to the spacing between the proteins
in the sheet, were extremely sharp and not consistent with the experimental scattering data which has broad
peaks. Because of this, we hypothesized that there could be some distortion in the spacing between the pro-
teins in the sheets, which would broaden the peaks. Due to the large aspect ratio (i.e. length over thickness)

of the sheets and the relatively weak physical bonds between the proteins, it was hypothesized that they
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Figure 5.10: The steps to create the sheet model with the undulating wave-like structural effect. (A) First,
the coordinates of the proteins are determined using Equation (5.14). (B) The relative rotation applied to
each protein is determined using Equation (5.15). The sampled coordinates of the proteins can be translated
and rotated to each position, creating the final assembly.

could experience undulating wave-like distortions in solution, so this structural effect was also included in
the model. To create this model, Equation (5.14) was used, where A is the wave’s amplitude and f is the
wave’s frequency. The x values range from O to the length of the sheet and are equally spaced apart by d,

the spacing between the proteins.

z = Asin(fx) (5.14)

Each protein is then rotated along the y-axis so that they are oriented side-by-side as shown in Figure 5.10

(B). Equation (5.15) is used to find the precise rotation needed for each protein.

p = fcos(fzx) (5.15)

To create a protein sheet-like assembly of arbitrary length, width, and height, the lattice coordinates
(translational and rotational transformations) created in Figure 5.10 (A) can be duplicated and translated in
any direction as shown in Figure 5.11. Finally, adjacent proteins in the length and width direction are rotated
by 180 degrees to recreate the alternating checker-board pattern, previously observed in AFM and TEM, in

the final assembly [98].
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Figure 5.11: The lattice coordinates can be duplicated and translated in the width (y-axis) and height (z-
axis) directions to create protein sheet-like assemblies of any length, width, or height (defined by the number
of proteins in each size direction).

The values of the structural parameters used to create the sheet-like model were determined by fitting
the simulated scattering data of the model to the experimental one. The fit parameters were the separation
distance between the proteins in the width and length direction d,,,; (ranging from 7.5-8.5 nm), the separation
distance between the proteins in the height direction dj, (ranging from 5.5-6.5 nm), the number of proteins
making up the sheet’s length (ranging from 5-30), the sheet’s width (ranging from 5-30), and the sheet’s
height (ranging from 1-6). The sheet’s length, width, and height parameters were controlled by changing
the number of monomers in the respective size dimension. Parameters that describe the undulative wave-
like structural effect were also determined from the fit. The frequency of the wave f ranged from O to 0.01,
corresponding to a completely flat structure to a full wave cycle occurring every 60 nm. The amplitude A

ranged from O to 60 nm.

The presence of unassembled RhuA monomers was accounted for by the RhuA monomer binary volume
fraction parameter, o, (ranging from 0-1). The scattering curve of the sample which contains unassembled
RhuA monomers and assembled RhuA sheets was found by adding the weighted scattering curves of the
two structures. To calculate this, the RhuA monomer volume fraction parameter (o) was multiplied by the
scattering curve of the monomer, shown in Figure 5.4, and then added to the scattering curve of the sheets
multiplied by the volume fraction of the sheets (1 — ). The scattering intensities of the RhuA monomer

and the sheets were correctly scaled by dividing each curve by its invariant. Finally, the scale parameter
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Figure 5.12: The closed-loop optimization workflow used to determine the structural features of the sheet
model. Input parameters were used to create a model of the sheet-like assembly. The scattering curve of
the assembly was then calculated with the MC-DFM and compared to the experimental scattering curve
obtaining a distance score. Finally, the distance score and the input parameters were sent to a genetic
algorithm to determine the next set of input parameters to test. The genetic algorithm ran for 20 iterations
with a batch size of 30 samples, and took around 27 minutes to complete.

(ranging from 107> to 10~?) was used to determine the concentration of sheets in the sample. Since the
concentration of sheets in the sample is unknown because of sedimentation and because the data was not
collected on an absolute scale, the scale parameter was only used to align the intensities of the experimental
and simulated scattering curves. The equation that combines the scattering of the monomer and the sheet is

shown in (5.16).

(U)I(Q)monomer (1 - U)I(Q)sheets
invariant(1(q)monomer)  invariant(I1(q)sheets)

I(q) sampie = scale (5.16)

The optimization workflow illustrated in Figure 5.12 was used to identify the optimal structural param-
eters to create the sheet model whose scattering curve best matched the experimentally obtained scattering
curve. This was done using the genetic algorithm to minimize the difference between experimental and

simulated scattering curves.
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As shown in Figure 5.13, our closed-loop workflow was able to obtain a reasonable fit to the experimen-
tal data. The fit at high-q (0.03-0.2 ~1) is adequate since the correlation peaks in the simulated curve are
almost identical to the ones in the experimental curve, in terms of position and intensity. The discrepancy
between the peak intensities could be attributed to instrumental smearing and to thermal fluctuations that are
unaccounted for in the model. From the fit at high-q, the separation distance of the proteins was determined
to be 7.6 nm in the width and length direction and 6.0 nm in the height direction. This is consistent with
the known size of the RhuA protein of 7 nm in width and length and 5 nm in height [100]. The parameters
that describe the undulating wave-like effect were an amplitude of 39 nm and a complete wavelength every
240 nm. These values are reasonable, but hard to verify with microscopy. The RhuA monomer volume
fraction of 0.44 is also hard to verify with microscopy, but is consistent with the volume fraction found in
the previous section when fitting the RhuA tube-assembly data. In the low-q region (0.004 - 0.03 ~1), there
is a disagreement between the slopes of the experimental and simulated curves. The low-q region in SAXS
is sensitive to the sheet size, highlighting a discrepancy between the length and width values obtained from
the fit compared to the ones suggested by the SAXS data. An explanation for this could be polydispersity
in sheet size as observed in the microscopy images in Figure 5.9, and possibly to defects in the sheet. The
microscopy images show a wide distribution of sheet sizes, many of which are large (> 200nm). Our model
assumed monodisperse sheets, and therefore, it is unlikely that the best-fit parameters for a single sheet
of specific length and width are a good representation of the sizes found in an ensemble of sheets. This
also explains why quantitative sizes obtained from SAXS fits are not consistent with sheet sizes observed
from microscopy in Figure 5.9. Implementing polydispersity would further improve fits and lead to a more

realistic sheet size distribution, which will be attempted in future work.

This example demonstrates the power of the MC-DFM combined with a fitting algorithm to extract
structural features of large biomolecular assemblies. This was only possible due to the fast and scalable
characteristics of the MC-DFM. We envision that this method can be integrated with other optimization
routines and can also be applied to other systems such as 2D protein nanosheets [105], peptide assemblies

in honeycomb lattices [106], or 3D protein crystals [107] [108].
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Figure 5.13: The results of the optimization show the model curve that best fits the experimental data.
The structural parameters of the model curve were a protein separation distance of 7.6 nm in the length
and width direction, a protein separation distance of 6.0 nm in the height direction, a sheet length of 14
proteins (106 nm), a sheet width of 9 proteins (68 nm), a sheet height of 4 proteins (24 nm), an undulating
wave-like amplitude of 39 nm, an undulating wave-like frequency of one wavelength every 240 nm, and an
unassembled RhuA monomer volume fraction of 0.44.

5.4.4 SAS Simulations from HOOMD-blue

Another potential application for the MC-DFM is in simulating SAS curves from molecular simulations.
This is especially useful to enable direct comparisons with experimental data by matching simulated and
experimental scattering profiles, which could quantify how accurate a simulation is compared to reality. To
demonstrate this ability, we use HOOMD-blue [109], a powerful simulation toolkit, to simulate the assembly
of spheres and cubes. Because the objective of this section is to simulate scattering profiles, the molecular
simulations we used were designed to be convenient, and may not realistically reflect the true physics of
colloidal assembly.

For the sphere assembly, molecular dynamics simulations were conducted using HOOMD-blue to study
the self-assembly of 5000 monodisperse spherical particles with diameter o0 = 1.0 angstrom at a number
density of 0.3. Particles were initialized in non-overlapping random positions within a cubic simulation box
of edge length L = (N/ p)l/ 3. Interactions were modeled using a truncated Lennard-Jones potential with
e = 3.0, 0 = 1.0, and a cutoff of 2.50. The system was evolved in the NVT ensemble using a velocity-

Verlet integrator with timestep At = 0.002, and a Bussi thermostat maintained temperature at kg7 = 1.0.
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Figure 5.14: (A) the simulation of the assembly of spheres and the SAXS curve from the simulation showing
the change in structure as the assembly occurs. The spheres were assumed to be core shell spheres with a
core diameter of 0.1 angstrom and a shell thickness of 0.4 angstrom. (B) the simulation of the cube assembly
as well as the SAXS curves from the simulation. The cubes were assumed to be core shell cubes with an
inner cube edge length of 0.1 angstrom and an outer cube length of 1 angstrom.

Particle momenta were initialized thermally, and trajectories were recorded every 200 timesteps over a total

of 20,000 steps.

The rigid cube assembly was also performed using HOOMD-blue. Each cube was modeled as a rigid
body composed of eight Lennard-Jones (LJ) spheres (Particle *B”) arranged in a 2 X 2 x 2 configuration,
centered on a parent particle (Particle “A’). The constituent particles had a diameter of 0.3 units and were
placed at £0.25 units along each axis, yielding a cube edge length of 0.5 angstrom. A total of 800 cubes
were initialized at random non-overlapping positions and orientations in a periodic box sized to achieve a
number density of 0.7. Rigid bodies were defined using HOOMD’s md. constrain.Rigid constraint,
with parent particles of type “A” and LJ interactions applied only between constituent particles of type “B”.
The LJ potential used parameters ¢ = 3.0, 0 = 0.45, and a cutoff of r.,; = 3.00. Langevin dynamics with
At = 0.002 was used to integrate the motion of rigid bodies with rotational degrees of freedom enabled.

Trajectories were recorded every 60 timesteps over a total of 20,000 steps.
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Figure 5.14 shows molecular dynamics simulation snapshots of the assembly of the spheres and cubes
as well as the corresponding scattering profiles at each timestep. The simulated scattering curves seem rea-
sonable since they both contain an increase in slope at low-q which is consistent with the formation of large
assemblies. Meanwhile, correlation peaks emerge which suggests the presence of a constant interparticle
spacing between the particles in the assembly. The advantage of using the MC-DFM for this simulation that
it calculates the intensity, which is the product of the form factor and structure factor. This is advantageous
because it means that the scattering curve is directly comparable to data obtained from experiments. An-
other advantage is that it can be used for objects of any shape or size, which is advantageous when dealing
with objects that have form factors that are too complex to derive analytically, such as biomolecules like

proteins.

5.5 Conclusion

The MC-DFM is a well-established method used to simulate the scattering curves of large protein assem-
blies and structures. In this work, we investigated its effectiveness in simulating the scattering curves of large
biomolecular assemblies with periodic structures, including tubes and sheets composed of several hundreds
of protein sub-units. Due to the accelerated speed and scalability, we successfully combined it with a ge-
netic algorithm to extract structural features from experimental scattering curves of large host-guest protein
assemblies. We first demonstrated this method on a 1D tube-like assembly where we determined the size
distribution of tube diameters in the sample. Next, we used the MC-DFM together with a genetic algo-
rithm in a closed loop to fit data from another sample of 2D sheet-like assemblies. With our method, we
quantitatively determined several structural features such as the protein separation distance and the height
of the sheet-like assemblies. As expected, the structural features obtained from SAXS were consistent with
observations from microscopy images. The implementation of the MC-DFM within a fitting algorithm was
feasible primarily because the MC-DFM was efficiently coded using matrix operations, making it highly
suitable for handling large structures. Additionally, our strategy for modeling large biomolecular assemblies
involves using a single building block and applying a series of rigid-body transformations to generate the
complete structure. This method offers a significant advantage, as adjustments to the assembly’s structure

(e.g., altering tube radii) can be rapidly achieved by modifying only the transformations. Consequently,
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explicit calculation of all atoms in the large structure is avoided, greatly reducing computational time. We
imagine that the method of using the MC-DFM and a genetic algorithm can be used to extract structural

features from the scattering curves of other large biomolecular assemblies.
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Chapter 6

Assembly of Silica Nanoparticles using

Physically Tethered DNA Bonds

This work presented in this chapter has contributions from:

* Huat Thart Chiang, Naomi Kern, Zachery R. Wylie, Abdul Moeez, Haoqing Zhang, Daniel McKeen,

Nicholas Herringer, Oleg Gang, Andrew Ferguson, Zachary Sherman, Lilo D. Pozzo

6.1 Abstract

Single-stranded DNA molecules modified with cholesterol functional groups are physically tethered to silica
nanoparticles (Diameter 25 nm) engulfed in a lipid bilayer, which increases DNA mobility over the surface
of the nanoparticle, and enables generalized bonding without depending on a specific surface chemistry (e.g.
silane or thiol ligands). Nanoparticles are first encapsulated in lipid bilayers using ultrasound treatment of
dispersions in the presence of lipids. The formation of the desired structure is confirmed with dynamic light
scattering (DLS), small angle x-ray scattering (SAXS), and small angle neutron scattering (SANS) measure-
ments. To induce assembly of nanoparticles coated with lipid bilayers, single-stranded DNA modified with
cholesterol functional groups are first added followed by NaCl to reduce electrostatic repulsion, allowing
for a higher grafting density of DNA on the surface of the nanoparticles. Double-stranded DNA ‘bridge’

molecules are then added with complementary nucleotides to the DNA ‘anchor’ molecules that are physi-
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cally grafted to the lipids on the surface of the particles. Assembly is observed to occur at room temperature
and without the need for temperature annealing. Using automated liquid handling tools, assemblies are
created in high throughput and rapidly characterized using SAXS to screen the impact of design variables.
It is determined that the relative concentration of DNA-to-silica and the ionic strength of the solution are
important parameters outlining the resulting assembly. Analysis of SAXS is performed using coarse-grained
particle dynamics simulations as a function of the interparticle potential. The results support the spontaneous
formation of semi-crystalline particle assemblies by particle condensation, where the interparticle distance
is tuned by the sequence of the DNA ‘bridge’ used to link the particles. Crystallinity analysis performed
on the resulting simulations, optimized to match SAXS observations, suggest that particle clusters display
increased crystallinity in the center of the clusters, but their maximum size remains relatively small (100°s

of nm) before settling occurs, which limits the extent of crystallization.

6.2 Introduction

DNA-mediated assembly has emerged as a powerful strategy for organizing colloidal particles into ordered
structures, owing to the high degree of programmability and tunability inherent in DNA molecules [49].
This programmability arises from the vast number of possible nucleotide base pair combinations, which can
be precisely engineered to control key parameters such as strand length and melting temperature. In the
literature, the most established and common approach utilizes single-stranded DNA molecules functional-
ized with thiol groups to chemically bind to gold nanoparticles. These DNA functionalized nanoparticles
can then be programmed with ‘sticky ends’ which are short, single-stranded DNA molecules designed to
hybridize selectively with complementary sequences on neighboring particles. After thermal annealing,
which involves heating to the DNA melting temperature followed by controlled slow cooling, these sticky
ends repeatedly hybridize and dehybridize, leading to the reorganization of nanoparticles into highly ordered
crystal superlattices, as demonstrated in several foundational studies [110] [111].

While gold-thiol chemistry is a well-established method for anchoring DNA to nanoparticle surfaces,
the resulting covalent bonds render the DNA immobile. This rigidity can hinder structural rearrangements
during the assembly process. In contrast, anchoring DNA-cholesterol conjugates within a fluid lipid bi-

layer via hydrophobic interactions offers an alternative strategy, which has also been well documented in

125



the literature but for colloids of larger sizes [112] [113]. The bilayer’s inherent fluidity allows DNA strands
to diffuse laterally across the nanoparticle surface, enabling real-time reconfiguration of interparticle con-
nections and potentially enhancing the formation of ordered superlattices. Given this distinct difference in
surface dynamics, it is important to assess the functional impact of fluid bilayers in the context of DNA-
mediated nanoparticle assembly. In this work, we investigate how this mode of DNA attachment compares

to conventional gold-thiol systems in assembling three-dimensional colloidal superlattices [114].

There are several possible advantages of DNA surface mobility in forming colloidal superlattices. For
example, mechanical flexibility at the nanoscale has been increasingly recognized as a crucial factor in pro-
moting crystal formation. In our system, the expected increase in lateral mobility of DNA on fluid-supported
nanoparticles introduces an added degree of freedom that enables the particles to adjust their positions rel-
ative to one another. This dynamic behavior could facilitate assembly by helping the system escape kinetic
traps and resolve local mismatches that would otherwise stall the assembly process [112]. Furthermore,
particle dynamics simulations have demonstrated that bond mobility can give rise to a rich variety of as-
sembled structures such as aperiodic arrangements, shape-diverse tilings, and open porous frameworks that
are typically inaccessible in systems with fixed DNA linkers [115]. Despite these insights, experimental
investigations into mobile DNA bonds on nanoparticles remain scarce. This work begins to address this gap
by exploring how physically-bound DNA with increased surface mobility influences the assembly dynamics

and structural outcomes of DNA-programmed colloidal assembly at the nanoscale.

6.3 Materials and Methods

6.3.1 Chemicals

LUDOX TM-50 Colloidal Silica (50% weight) and Sodium Chloride (> 99%) were purchased from Sigma
Aldrich (St. Louis, MO, USA) and used as received. 1,2-dioleoyl-sn-glycero-3-phosphocholine (DOPC)
(> 99%) was purchased from Avanti Polar Lipids (Alabaster, Alabama) and used as recieved. Deionized

water was obtained from a Direct-Q 3 UV water purification system with a resistivity of 18.2 M) (Millipore

Corporation, Bedford, MA, USA).
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6.3.2 DNA

All DNA was ordered from Integrated DNA Technologies (IDT) (Coralville, IA, USA). The sequences are
defined in the (5° — 3’) direction. Strands modified with cholesterol were ordered with HPLC purification
and all other stands were ordered with standard desalting purification. All DNA was ordered in the LabReady
(100 M in IDTE, pH 8.0) formulation and then diluted to 60 M for the DNA-Chol and 50 M for the

Bridge in sterile DNase free water. The nucleotides in red indicate the “sticky ends".

* DNA-Chol (10 PolyT, 18 HBP): TAT GAA GTG ATG GAT GAT TTT TTT TTT T/3CholTEG/

* DNA-Brigde (1) (20 Bridge, 18 HBP): ATC ATC CAT CAC TTC ATA ACT GAG CAG CAC TGA
CAG CA

* DNA-Brigde (2) (20 Bridge, 18 HBP): ATC ATC CAT CAC TTC ATA TGC TGT CAG TGC TGC
TCA GT

* DNA-Bridge (1) (40 Bridge, 18 HBP): ATC ATC CAT CAC TTC ATA TCA ACC TGA GTA TAA
TTG TTA CTG AGC AGC ACT GAC AGC A

* DNA-Bridge (2) (40 Bridge, 18 HBP): ATC ATC CAT CAC TTC ATA TGC TGT CAG TGC TGC
TCA GTA ACA ATT ATA CTC AGG TTG A

* DNA-Bridge (1) (80 Bridge, 18 HBP): ATC ATC CAT CAC TTC ATA GTA TTC CAT AGG TCG
CCT CGC TTT GCA GAT AAG CTA ACT ATC AAC CTG AGT ATA ATT GTT ACT GAG CAG
CAC TGA CAG CA

* DNA-Bridge (2) (80 Bridge, 18 HBP): ATC ATC CAT CAC TTC ATA TGC TGT CAG TGC TGC
TCA GTA ACA ATT ATA CTC AGG TTG ATA GTT AGC TTA TCT GCA AAG CGA GGC GAC
CTA TGG AAT AC

6.3.3 Dynamic Light Scattering

DLS measurements were taken on a Malvern PANalytical (Malvern, United Kingdom) Zetasizer Nano ZS

in a polystyrene cuvette. The wavelength of the laser was 633 nm. The refractive index of Silica and lipids
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was assumed to be 1.44 [116] [117] and that of the water solvent was 1.33. To analyze the data, the General

Purpose algorithm provided by the Zetasizer software was used.

6.3.4 Small Angle X-ray Scattering

Experimental SAXS data was obtained on a Xenocs Xeuss 3.0 (Grenoble, France) instrument with an x-ray
energy of 8.04 keV (wavelength 1.54 A) using a copper K-a microfocus source. Data was collected in two
configurations: low-q (0.003 - 0.007 A—1) using the ESAXS standard setting for 1200s and mid-q (0.007
- 0.10 A=) for 600s using the SAXS high intensity setting. The samples had a volume of 200 uL and
were created in a specially designed wellplate with 48 wells. The wellplate was designed so that it would
collect any sedimentation from samples in a small pocket at the bottom of the wells. The X-ray beam can
then be positioned on this small pocket to obtain the scattering curve of the sediment. Design files to create
the wellplate can be found at (https://github.com/pozzo-research-group/Automation—-
Hardware/tree/master/Cartridge%20Sample%$20Holder%20for%20SAS%20Experiments/
SAXS-USAXS%20Liquids%2048%20well%20plate%20holder). Background reduction was per-
formed with the XSCAT software by subtracting the scattering of water in the same wellplate and the data

was merged automatically using a Python code.

6.3.5 Small Angle Neutron Scattering

Experimental SANS data was obtained on the Bio-SANS instrument at the High Flux Isotope Reactor at
Oak Ridge National Laboratory. Samples were placed in a 2 mm thick Hellma (Banjo) cell with a volume of
600 pL, and a sample exposure time of 1 hour was used. A dual detector system composed of a curved wing
detector at 1.13 m and a flat main detector at 15.5 m provided a continuous range of momentum transfer
values q from (0.003 - 0.8 A‘l). The neutron wavelength (\) was 6 A with a distribution (6A/ ) of 13.2%.

Data reduction was performed with the DRTSANS reduction software provided by the facility.

6.3.6 Electron Microscopy

Scanning electron microscopy and energy dispersive spectroscopy (SEM-EDS) were performed on samples

using a Thermo Fischer Phenom Pharos G2 SEM-STEM. Samples were prepared by the drop casting of
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diluted nanoparticles onto carbon film, 200 mesh nickel grids (Electron Microscopy Sciences; Hatfield,
PA). Grids were placed onto a circular piece of filter paper, carbon side up, and 10 pL of the dilute solution

was dropped onto the grid and allowed to dry.

6.3.7 Liquid Handling

The pipetting to mix samples in the wellplate for SAXS characterization was performed by an Opentrons
(Brooklyn, NY, USA) OT2 liquid handling robot. The OT2 control code can be found at (https://

github.com/pozzo-research—-group/0OT2-DOE).

6.3.8 Sonication

Sonication was performed with a Branson 450 digital sonifier using a probe of 3/4" diameter. Samples were
sonicated in 20 mL scintillation vials for 1 minute at a power of 10% with a pulse interval of 10s (5s on/off).
Immediately after this first sonication, they were resonicated for 5 minutes at a power of 30% with a pulse

interval of 10s (5s on/off).

6.3.9 Lipid Encapsulation with DOPC

To encapsulate the silica nanoparticles in a lipid bilayer, the total surface area of the nanoparticles was first
calculated. Based on this calculation, the required amount of DOPC to completely coat their surface was de-
termined. The first step was to create a silica nanoparticle stock solution of 60 mg/mL silica nanoparticles in
water using the Ludox TM-50 product, which has a silica weight percent of 50. A DOPC stock solution was
also created containing 50 mg/mL DOPC in chloroform. The sample of silica nanoparticles encapsulated
in DOPC was created in a 20 mL scintillation vial. First, 142 pL of the 50 mg/mL DOPC stock solution
(7 mg of DOPC) was added to the vial. The uncapped vial was placed in a vacuum oven under vacuum at
room temperature for an hour in order for the chloroform to evaporate. After this, 333 uL of the 60 mg/mL
silica stock solution (20 mg of silica) was added as well as 9666 L of deionized water. The final step was

to sonicate the sample using the sonicator horn with the settings described in the sonication section.
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6.3.10 Particle Simulations

Particle dynamics simulations were performed using HOOMD-blue (v2.9.4) [118] to model the self-assembly
of DNA-functionalized nanoparticles under Langevin dynamics. The simulation setup closely follows the
implicit interaction model described by Mao et al. [119], in which DNA-mediated attractions are repre-
sented as short-range isotropic pair potentials between spherical particles. In their work, the pair potenitals
are validated using the potential of mean force calculated from a more realistic coarse grained simulation of
the DNA-mediated assembly of nanoparticles. Our simulations consisted of N = 5000 spherical particles
of diameter o = 1.0, randomly distributed in a cubic simulation box with periodic boundary conditions.
The box length L was computed based on the target number density p = N/V, with the initial configura-
tion generated by randomly placing particles with a minimum center-to-center distance of 1.10 to prevent

overlaps. The interparticle interactions were modeled using a modified Lennard-Jones potential of the form:

00 o () ()]

n—m T T

Where Uy is the interaction strength in units of kT, r is the interaction distance in units of o, 7¢ is the
distance where the interaction is minimum in units of ¢, and n and m define the ‘steepness’ of the repulsive
and attractive components, respectively. The potential was tabulated between ry;, = 0.757g and ryax = 5.0
using 1000 linearly spaced points and implemented via HOOMD’s pair.table module. All potential
values were pre-validated to avoid non-finite values that could disrupt force evaluations. The system was
simulated under Langevin dynamics using a time step At = 0.001 (reduced units) and thermal energy
kgT = 1.0. Simulations were run for 1.5 x 107 time steps. System snapshots were recorded every 1000
steps using GSD trajectory output. In addition, the potential energy of the system was visualized and saved

to confirm that the system reached equilibrium.

Simulated scattering curves were calculated from particle configurations of the last six saved snapshots
of the simulation evenly spaced apart by 50,000 timesteps using a Monte Carlo sampling of the Debye
equation [77], and averaged to obtain a single simulated scattering curve of the system at equilibrium. The
simulated curve was converted into a structure factor and compared to the experimental structure factor

using the Amplitude-Phase similarity metric [39] to obtain a similartiy score. The score was then used to
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inform a Bayesian optimization algorithm (botorch v0.10.0) [120] on simulation parameters for the next

iteration. A total of 100 iterations were run for each optimization.

6.4 Results and Discussion

6.4.1 Overview of Assembly Strategy

The method presented in this work to assemble silica nanoparticles involves first encapsulating them in a
lipid bilayer composed of DOPC. Next, single-stranded DNA modified with a cholesterol molecule on the 3’
end (DNA-Chol) is added to the system. The cholesterol embeds itself into the bilayer due to hydrophobic
interactions, while the DNA forms a corona on the lipid bilayer. Because the lipids used are unsaturated, the
bilayer is expected to be fluid at room temperature, allowing for DNA mobility on the surface of the bilayer.
To induce assembly, a double-stranded DNA molecule (DNA-Bridge) is added. The double-stranded DNA
has single-stranded sticky ends on each side which are complementary to the single-stranded DNA-Chol
molecule previously embedded into the bilayer. More detailed discussions on the choice of nanoparticles,

lipids, and DNA sequences are presented in the following sections.

6.4.2 Choice of Nanoparticle

Using the method described in this work, it should be possible to assemble many different types of nanopar-
ticles of variable shape, size, and composition, provided that they can be encapsulated within the lipid
bilayer structure. To demonstrate this concept, we chose to assemble monodisperse silica nanoparticles of
25 nm in diameter. This material was chosen for several reasons. The first reason is that there is high
electron density contrast between silica and water, which facilitates SAXS measurements on the assembled
structure, and there is also good availability at high particle concentrations, variable particle sizes, and with
good monodispersity. This contrasts to traditionally used gold nanoparticles, where typical particle con-
centrations are many orders of magnitude lower. A second reason is that monodisperse silica nanoparticles
can be inexpensively synthesized using the Stober method [121]. Good monodispersty is essential for the
formation of crystals since disorder can propagate and result in a loss of periodicity. Ludox-TM50 meets

these requirements and is selected for this experiment.
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6.4.3 Choice of Lipid

Several criteria must be met to select the appropriate lipid for assembling the silica nanoparticles. The first
criterion is that the lipid must be able to encapsulate the nanoparticles with a bilayer. This means that the
lipid heads must have a strong adsorption affinity to negatively charged silica nanoparticles. The second
criterion is that the lipids must not be cationic which would cause the adsorption of negatively charged DNA
molecules on the surface of the bilayer, preventing them from being used to induce assembly. Finally, to
achieve assembly without thermal annealing, the lipid must have a low melting point to allow for a fluid
bilayer to form. A lipid that satisfies all criteria is DOPC, which is chosen as the primary lipid in this
work. DOPC has a critical packing parameter (CPP) of about 0.66 which results in lamellar self-assembled
structures [122]. Despite being zwitterionic, it also has a strong affinity towards silica nanoparticles, which
is well reported in the literature [123] [124] [125], and hypothesized to originate from hydrogen bonding,
ion-dipole, dipole-dipole, and van der Waals interactions [126]. It is also unsaturated, with a gel phase
melting point of -20°C [127]. Thus, a fluid bilayer should form at room temperature, allowing for increased

mobility of the ‘anchored’ DNA on the surface.

6.4.4 DNA Sequence

The DNA sequence is also crucial for forming the desired type of crystal. Factors such as the ‘sticky end’
binding energy and the total length of nucleotides are common design variables. In this work, we first
functionalize the lipid-encapsulated silica nanoparticles with single-stranded DNA which is modified with
a cholesterol molecule on the 3’ end (referred to as DNA-Chol). Separately, two single-stranded DNA
molecules are designed and mixed to hybridize forming a DNA ‘bridge’ with double-stranded DNA in the
center with unhybridized single-stranded ends (referred to as DNA-Bridge). These single-stranded ends are
complementary to the ‘sticky ends’ from the DNA-Chol, which is used to functionalize the nanoparticles.
Assembly is then induced by adding DNA-Bridge to the nanoparticles functionalized with DNA-Chol. One
advantage of this strategy is that assembly can be triggered simply by adding the DNA-Bridge. This allows
for well-controlled experiments to compare the structures of the nanoparticle assemblies with and without
the addition of the DNA-Bridge. Such comparisons would not be feasible in a strategy where nanoparti-

cles are grafted with self-complementary DNA-Chol. The second advantage is that all DNA-Chol grafted
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nanoparticles are identical, making the formation of the crystal statistically more likely than if nanoparticles
were individually grafted with two different complementary DNA-Chol strands and then mixed. The last
advantage relates to the cost of DNA. DNA-Chol is considerably more expensive than DNA-Bridge due to
the cholesterol modification. With this approach, we can test various bridge lengths and ‘sticky end’ base
pairs by adjusting the sequence of the DNA-Bridge, which is more cost-effective and simpler than altering
the sequence of two DNA-Chol molecules.

Poly T spacer

Bridge
DNA-Bridge \
NANIIZN = (1) St S TN A D™
DNA-Chol

™M

Cholesterol

\ /

Complementary
“sticky ends”

DNA-Chol Functionalized DNA-Bridge
Particles

Assembled
Structure

Figure 6.1: The DNA design used to assemble the silica particles (figure not drawn to scale). DNA-Chol
is first added to functionalize the particles followed by a premixed DNA-Bridge that links two DNA-Chol
strands together. DNA-Bridge can be inexpensively tuned to test different lengths or binding energies on the
assembly.

6.4.5 Lipid Encapsulation of Silica Nanoparticles

The initial step to assemble nanoparticles with lipids and DNA involved encapsulating the nanoparticles
within a lipid bilayer, as detailed in the Methods section. To test if this structure was actually formed, a
control sample consisting of silica nanoparticles of the same concentration (2 mg/mL) without any DOPC
was also created. The two samples were characterized using Dynamic Light Scattering (DLS), Small-Angle
Neutron Scattering (SANS), and Small-Angle X-ray Scattering (SAXS).

Small angle scattering techniques are useful to determine if the silica nanoparticles are successfully en-
capsulated in lipid bilayers because they are sensitive to structures over broad length scales and contrast can

be manipulated to highlight different molecular components in composite systems. For example, informa-
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tion on the diameter of a lipid vesicle, as well as the thickness of the bilayer, can be obtained from small
angle scattering. The main difference between SAXS and SANS is the contrast of silica and DOPC with
the suspending solvent. SAXS is more sensitive to silica than to lipids due to the higher X-ray contrast (i.e.
electron density) between silica and water versus lipids and water. Because of this, the scattering curves of
bare silica nanoparticles and those of encapsulated particles are expected to be reminiscent of monodisperse
spherical particles. On the other hand, using contrast variation neutron scattering, high neutron contrasts of
both lipids and silica can be obtained, meaning that the scattering curve would have contributions from both
materials. SAXS and SANS characterization were performed on the two silica samples, one with and one

without DOPC and the scattering curves are shown in Figure 6.2.
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Figure 6.2: Two samples were characterized with SAXS and SANS. The first sample contains a dispersion
of (2mg/mL) silica nanoparticles. The second sample contains a dispersion of (2mg/mL) silica nanoparticles
encapsulated with DOPC, which is prepared using the techniques discussed in the Methods section. (A)
shows the SAXS curves of the two samples along with a sphere model fit. Both samples were prepared in
water. (B) shows the SANS curves of the two samples along with a sphere model fit and a core shell sphere
model fit. Both samples were prepared in 89% D»O.

From Figure 6.2 (A), the SAXS curves of the two silica samples with and without DOPC are largely
comparable. The sphere model used to fit the data of the sample containing bare silica nanoparticles has
good agreement to the data. From the fit, a sphere diameter of 25 nm with a polydispersity of 0.11 was
obtained. The SAXS profile of the sample containing silica and DOPC is also plotted and closely resembles
the data of the sample without any lipid. This can be explained because lipids do not significantly alter
the scattering signature because of the low X-ray contrast with respect to water. The slight increase in the

power-law slope at low q may be attributed to minor nanoparticle aggregation or to the presence of some
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larger DOPC vesicles in solution. Figure 6.2 (B) shows the SANS data of the two samples along with the
models used to fit the data. As expected, there are major differences between the two SANS curves due to
the high neutron contrast of the lipids with the DO enriched solvent. To model the data of bare silica, a
sphere model was used and a diameter of 24.6 nm with a polydispersity index of 0.15 was obtained which is
very similar to the values independently obtained from SAXS. To model the data of the sample containing
silica nanoparticles with DOPC, a model composed of the sum of two core shell spheres was used. The first
core shell sphere represents the silica nanoparticles encapsulated in a lipid bilayer and the second core shell
sphere represents a vesicle. This was done by assigning the appropriate scattering length densities to each
material as shown in Figure 6.2. The parameters describing the size of the silica nanoparticle inside the lipid
bilayer were also fixed since they were determined from the sphere fit. From the fit of the sample containing

silica and DOPC, additional structural parameters were obtained and are shown in Figure 6.3.

89% D20

Model: Core Shell Sphere + Core Shell Sphere

Fit Parameters Value Fit Parameters Value

Bilayer Thickness 3.6 nm Bilayer Thickness 4.5nm
Vol. Frac Structure 0.60 Vol. Frac Structure 0.40

Fixed Parameters Vesicle Diameter 41.8nm
Silica Diameter 24.6 nm Vesicle Diam. PD 0.27

Silica Diameter PD 0.15 Fixed Parameters
SLD Core 3.48 SLD Core 5.58
SLD Shell 0.09 SLD Shell 0.09
SLD Solvent 5.58 SLD Solvent 5.58

Figure 6.3: The hypothesized structure of the materials in the sample consisting of silica and DOPC. The
table in the figure shows the parameters obtained from fitting the SANS data of the sample containing silica
and DOPC. The values for the fixed parameters of the silica diameter and silica diameter polydispersity
were obtained from fitting a sphere model to the sample that only contained silica. The values from the fit
parameters were obtained from fitting the SANS data of the sample with silica and DOPC using a model
consisting of the sum of two core shell sphere models. The units of the scattering length densities are
(x107% A~2). References for the scattering length densities can be found in the supporting information.

The values from the fit show that the sample is consistent with silica nanoparticles encapsulated in a
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lipid bilayer of around 3.6 nm in thickness, which is close to the thickness of a lipid bilayer of POPC, a lipid
with size and structure similar to DOPC, found in the literature [128]. This structure makes up the majority
of the sample with a volume fraction of about 0.60. In addition to this structure, there are also vesicles in
the solution that have a diameter of 41.8 nm and occupy a volume fraction of about 0.40. The thickness of
the ‘free vesicle’ bilayer is 4.5 nm which slightly increased compared to when it was supported by the silica
nanoparticle. This increase is also consistent with findings from the literature [128]. Overall, the scattering

data from both SANS and SAXS is consistent with silica nanoparticles encapsulated with a DOPC bilayer.

In addition to small angle scattering, Dynamic Light Scattering was also performed on the two samples.
The hydrodynamic diameter of the sample with bare silica is around 32 nm and when the DOPC is added, it
increases to about 60 nm. This increase in size is significantly more than the size increase that is expected
due to a bilayer forming on the particles (7.2 nm). An explanation for this could be the presence of some
larger vesicles in the sample determined by SANS, which were found to be around 42 nm in diameter with
some polydispersity. It is well known that larger structures scatter more light, which could dominate the
scattering detected by DLS, resulting in the larger average size. Moreover, DLS can also overestimate size
when there is significant hydration of the interface that can reduce the expected diffusion coefficient of the

particles.

6.4.6 High-Throughput Assembly Screening

To rapidly explore the large experimental design space, automated robotic synthesis and SAXS characteri-
zation were used. Samples were made with the silica nanoparticles encapsulated in a DOPC bilayer created
in the previous section, DNA-Chol, NaCl and DNA-Bridge. Water was added to each sample to obtain a
sample volume of 200 L. The high-throughput experiment was designed to test different concentrations
of DNA-Chol (20, 60, 100, 140 DNA Molecules / Particle) and NaCl (0, 10, 20, 30, 40 mM). The concen-
tration of the DNA-Bridge was set so that there would always be one DNA-Bridge molecule for every two
DNA-Chol molecules in the sample. This is important since excess addition of the ‘bridge’ DNA construct
could cap the particles and prevent them from binding. Controlled experiments were also performed where
all samples were recreated with the same formulation, except for the DNA-Bridge. This would corroborate

that the assembly is induced by the addition of the DNA-Bridge and does not occur in its absense. The
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concentration of silica nanoparticles encapsulated in DOPC bilayers was kept constant at 1 mg/mL for all
samples. Samples were prepared in a custom well plate designed to hold 48 samples, with each well fea-
turing a small chamber at the bottom to collect the assemblies as they sediment due to gravity. This design
enables precise positioning of the X-ray beam on the sediment for high-throughput SAXS characterization
of the resulting assemblies. While the sample temperature can be adjusted by placing the well plate in an

oven, SAXS measurements were limited to room temperature when using this well plate.
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Figure 6.4: The process used to screen the effect of NaCl and DNA-Chol concentrations on the assembly
of DOPC encapsulated silica nanoparticles in high throughput. Samples were first mixed using a liquid
handling robot in a custom wellplate. After sealing and flipping the wellplate in the upright position, any
sediment from the sample accumulates in a small pocket in the bottom of the well, where the X-ray beam
for SAXS can be positioned. To also assess the effects of thermal annealing, SAXS was measured both
before heating the wellplate in an oven (not shown in the figure) and also after heating the wellplate to the
melting point of the DNA in the oven and then cooling to room temperature. All SAXS data was taken at
room temperature.

The results of the high-throughput screening experiment presented in Figure 6.4 are summarized in Fig-
ure 6.5, which shows the resulting SAXS data for the samples assembled at room temperature without any
thermal annealing. The SAXS data for samples that were heated to 50°C' and slowly cooled to room tem-
perature (i.e. thermally annealed) is almost identical and can be found in the supporting information. It was
concluded that thermal annealing did not significantly affect the state of assembly under these conditions.
Based on the SAXS profiles, three distinct structural regimes were identified and are highlighted in green,
purple, and light blue. In the green region, the SAXS curves are characteristic of dispersed spherical parti-
cles. Notably, the similarity between the red and blue curves suggests that the presence of DNA-Bridge does
not alter the sample structure in this regime. Since no NaCl is present in this region, these observations imply

that some electrostatic screening is beneficial for particle assembly. One possible explanation is that addition
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Figure 6.5: The SAXS curves from the high-throughput assembly screening without any heating. The
curves in blue represent the samples that do not contain DNA-Bridge, while the curves in red contain DNA-
Bridge. Regions in the experimental design space that have similar SAXS curves were manually identified
and highlighted with the colors green, purple, and light blue. The DNA-Bridge molecule has a length of
20 double stranded base pairs plus two single stranded ‘sticky ends’ of 18 base pairs on each end of the
molecule.

of NaCl reduces electrostatic repulsion between anionic DNA-Chol strands adsorbed onto the lipid bilayer,
or between DNA-Chol and the particle surface, thereby facilitating a higher density of DNA molecules on
the surface [129]. It is noteworthy that in the sample prepared with 140 DNA-Chol molecules per particle at
0 mM NaCl, DNA mediated assembly is observed in the SAXS profile upon addition of DNA-Bridge. This
indicates that some DNA-Chol adsorption onto the particle surface occurs even in the absence of added salt.
These results suggest that the grafting density of DNA-Chol on the particle surface is directly proportional to
its concentration in solution, with the proportionality influenced by the solution’s ionic strength. Therefore,
while NaCl is not strictly required for DNA-Chol adsorption, it enhances the efficiency of grafting, likely by
mitigating electrostatic repulsion between the negatively charged DNA strands or between the strands and

the particle surface.

In the purple region of Figure 6.5, the SAXS curves exhibit a steep power-law decay, indicative of large,
aggregated structures. Similar to the green region, the addition of DNA-Bridge does not lead to significant

structural changes. This regime corresponds to conditions of low DNA-Chol density per particle combined
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with high NaCl concentration. We hypothesize that insufficient surface coverage by DNA-Chol prevents
effective steric stabilization, resulting in dense aggregation prior to the introduction of DNA-Bridge. In
contrast, the light blue region features a pronounced scattering peak near 0.0136 A~2, consistent with an
interparticle spacing that arises due to the length of DNA linking the particles. In this case, the SAXS
curves differ notably upon addition of DNA-Bridge, supporting the conclusion that DNA-Bridge actively
drives the formation of linked particle assemblies. Despite this, it is clear that the assembly is not completely
crystalline because of the relatively broad peak and the absence of additional peaks, which are characterisitic

of crystal structures.

If the DNA-Bridge is indeed responsible for inducing assembly, then varying the length of DNA-Bridge
should result in assemblies of different interparticle spacings, which would result in SAXS curves with
peaks in different locations. This hypothesis was tested by using modified DNA-Bridge molecules that have
the same sequence on its complementary ‘sticky ends’, but a higher number of base pairs in the section of
the bridge that does not interact with DNA-Chol. The results of this expeirment are shown in Figure 6.6,
where the increase in DNA-Bridge length clearly shows the peak positions shift to a lower ¢, indicating a

longer interparticle spacing.
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Figure 6.6: SAXS data showing the effect of different DNA-Bridge lengths on the assembly without
any thermal annealing protocol. All DNA-Bridge molecules have the same base pairs on the ends of the
molecule, but differ in the amount of base pairs in the center. These samples were made with 10 mM NaCl
and 100 DNA molecules/particle but with DNA-Bridge molecules of varying lengths.
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6.4.7 SAXS Analysis

To analyze the experimental SAXS data shown in Figure 6.5, a fitting algorithm that combines Bayesian
optimization with molecular simulations was used. This approach is inspired by inverse design strategies,
where interaction potentials are discovered by matching simulated structures to a desired target [130]. In
these simulations, an ultra-coarse-grained model in HOOMD was used, where each silica nanoparticle of
diameter ¢ = 1 is represented by a single point, and interparticle interactions are implemented using the
modified Lennard-Jones potential (6.1) described in Mao et al. [119]. In that work, the potential was vali-
dated by a more realistic simulation of the assembly of DNA coated particles. The modifed Lennard-Jones
potential is defined by four parameters which were optimized using the algorithm, Uy (optimziation range of
0-150), which controls the depth of the potential, ro, which is the distance where the interparticle interaction
is minimum, and n (1-30) and m (1-30), which control the shape and sharpness of the potential. The range
of ro was set to approximately match the calculated interparticle spacing of the particles based on the length
of DNA-Bridge. In addition, the number density of particles (0.0005-0.05) in units of particles/c® inside the
simulation box was also added to control the aggregation kinetics and the resulting structure of the final as-
sembly. The Bayesian optimization algorithm was free to suggest combinations of these parameters within
the specifed ranges, which were then used to perform the molecular simulation. To capture the system at
equilibrium, SAXS curves were simulated for six frames that were spaced apart by 50,000 timesteps near
the end of the simulation using an efficient Monte Carlo method [77], and averaged to generate a repre-
sentative scattering profile. The potential energy of the system was plotted for each simulation to verify
that the simulation time was enough for the system to achieve equilibrium. The structure factor was then
calculated from the scattering profile and then compared to the corresponding experimental structure factor
using a geometry-based similarity metric [39]. The resulting similarity score was then fed back into the
optimization algorithm, which iteratively refined the parameters over multiple rounds. It is important to ac-
knowledge the limitations of using simulations to fit experimental scattering data. One limitation is that the
optimal parameters are not unique, meaning that several combinations of simulation paramters could give
similar results. Another is that the simulation parameters (e.g., Uy, m, and n) are not directly translatable
to physical experimental variables such as DNA concentration or the number of hybridizable sticky ends.

Solving these limitations would require more detailed and expensive simulations that consider the effect of
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DNA sequence and concentration on the interparticle potential. Nevertheless, we find this approach to be
essential to capture the complexity of the dispersed semi-crystalline assembled structures that are observed

in SAXS, which cannot be properly represented by analytical scattering models.
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Figure 6.7: The optimization protocol used to match the simulated SAXS curve from a molecular simulation
to the experimental curve. The optimal input parameters that define the pair potential as well as the molecular
simulation are determined by Bayesian optimization.

The optimization results are presented in Figure 6.8 (A) with reasonable agreement between the simu-
lated and experimental structure factors. Simulation snapshots of the structure of the particles are shown in
Figure 6.9. The good match between the structure factors at low-q (< 10~2A~2) for the samples with DNA-
Bridge suggests that the cluster size from the simulations match the experiments. Using the cluster analysis
tool from the OVITO software [131] with a cut off distance of 3.5, the average spherical cluster diameter
from the molecular simulations were determined to be 824 (%) 324 nm for 20 Bridge, 1392 (+) 646 nm
for 40 Bridge, and 2282 (4) 648 nm for 80 Bridge. It is difficult to experimentally verify the cluster size,
due to sedimentation effects. However, in Figure 6.10 (F), the average size of the cluster of the sample with
20 Bridge determined by DLS is around 600 nm which is close to the size of 824 (1) 324 nm determined
from the simulation. At mid-q (> 1072A2), the agreement between the correlation peaks suggests that

the structures from the molecular simulations are also consistent with the interparticle spacing within the
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Figure 6.8: (A) The results of four independent optimization campaigns are shown as simulated structure
factors plotted with the targeted experimental ones. The curves are manually shifted in intensity for visual-
ization purposes. The major tickmark on the x-axis, roughly in the center of the x-axis, represents a q-value
of 1072 A=2. (B) shows the optimized interparticle potentials used to run the simulations. The unit of the
Potential Energy is in kT.

clusters, as well as the relative arrangement of the particles in the experiments. The optimized simulation
parameters, including the interparticle distance, are shown in Table 6.1. The values for the interparticle
distance can be compared to calculated values, since the length of the silica nanoparticle, lipid bilayer, and
DNA are known. Assuming a DNA length of 0.34 nm/base pair [132], a lipid bilayer thickness of about
3.6 nm from SANS data shown in Figure 6.3, and a silica particle diameter of 25 nm from SAXS data, the
interparticle distance of 20 Bridge should be 58.2 nm, 40 Bridge should be 65.2 nm and 80 Bridge should
be 79.2 nm. These values are close to the interparticle distances in Table 6.1, suggesting a reasonable fit.
There is a small disagreement between the interparticle spacing as the length of the bridge gets longer. This
could be explained by the increased flexibility of longer DNA bridge strands, which may cause the actual
distance to be shorter than the expected one. Although the ‘best’ fit for the example Close-Packed Aggre-
gate sample was not ideal, the interparticle spacing of 32 nm from the simulations is close to the expected

spacing between silica nanoparticles encapsulated in a liposome, which was calculated to be 32.2 nm.

The final equilibrated structures from the molecular simulations can be further analyzed to determine
the degree of crystallinity in the structures. The polyhedral template method [1] in OVITO was used to do
this. This method classifies particles into categories according to the topology of the local environment,

and is a robust method for structures that are not completely crystalline. The results of the analysis are
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Sample Num. Density | Uy o n m
Close Packed Agg. 0.0005 150 | 1.24 (32 nm) | 8.41 | 28.92
20 Bridge 0.0050 46.95 | 2.25(59 nm) | 1.00 | 20.89
40 Bridge 0.0050 8142 | 242 (63 nm) | 1.00 | 21.78
80 Bridge 0.0050 746 | 2.86 (74nm) | 1.00 | 30.00

Table 6.1: Optimal simulation parameters found by fitting structure factors derived from molecular simula-
tions to experimental ones. Uy has units of kT. The number density has units of particles/c, where o is the
size of one particle. g, the interparticle distance, is reported in units of o as well as the actual length in nm.

shown in Figure 6.9, where the percent of particles categorized in each structure are shown in a bar plot.
From the figure, it is clear that DNA induces the assembly of the particles into semi-crystalline composite
structures of HCP and FCC (~30%) and amorphous arrangements of primary particles. For all samples,
most primary particles (> 60%) are found in amorphous regions, which is consistent with the relatively
broad peak observed in the structure factors and the absence of higher-order reflections. By visualizing a
single cluster, shown in Figure 6.9 (E), it was observed that the crystalline regions are located in the center of
the cluster, while the amorphous regions are located on the surface of the clusters. Therefore, we hypothesize
that one way to increase the crystallinity of the sample is to increase the cluster size, which would maximize

the crystalline regions.

According to these results, crystalline structures can be achieved without a thermal annealing protocol
by using physically tethered DNA bonds on the nanoparticle surface. This could suggest that the mobility of
the tethers enables particles to reconfigure and rearrange into crystalline arrangements. This behavior stands
in contrast to the more common approach of using immobile gold-thiol bonds to attach DNA molecules to
nanoparticle surfaces, where crystallinity cannot be obtained without a thermal annealing step [110] [133].
Although we have not yet achieved the well-defined crystal superlattices reported in many other systems,
we believe that increasing the cluster sizes in our system could make this possible.

The SAXS analysis demonstrated in this section also demonstrates that efficient particle dynamics sim-
ulations can be used to directly fit SAXS data by automatically tuning simulation parameters, such as the
interparticle potential and particle number density, within a closed-loop optimization framework. With this

method, a simulation file containing the positions of each particle at equilibrium can be obtained and further
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Figure 6.9: (A-D) Crystallinity analysis on the final equilibrium snapshots of the simulation for each of the
samples. The polyhedral template method [1] categorizes each particle into known structures (Amorphous,
FCC, HCP) according to the topology of the local environment. (E) A zoomed in view of the top, front, and
back of the cluster circled in purple.

analyzed for cluster size and crystallinity. This approach is valuable because it allows for the influence of
various experimental design parameters (e.g., particle shape, particle size, DNA length) on the final assem-
bly to be evaluated in silico before conducting the experiment. For example, simulations can aid in designing
large crystalline assemblies with targeted symmetries (e.g., FCC, BCC) by first identifying, through parame-
ter sweeps, the trends that promote their formation. This information can then be applied to the experimental

setup.

6.4.8 Assembly Kinetics and Mechanism

The mechanism at which the particles assemble was investigated using time resolved SAXS and DLS. The
sample containing 1 mg/mL silica encapsuled in DOPC, 10 mM NaCl, and 100 DNA Molecules/Particle
and the DNA-Bridge with 20 base pairs was recreated and characterized at approximately every 10 minutes
after inducing assembly. The results of the experiment are shown in Figure 6.10. From Figure 6.10 (A) the
peak corresponding to the interparticle spacing at around 0.0136 A~2 is observed to form and dramatically
increase in peak prominence in the first 100 minutes. Figure 6.10 (B) shows the SAXS curves from minute

100 to 360. These curves mostly have the same shape, but only increase in intensity, which is a sign of
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sedimentation. The invariant of all the SAXS curves is plotted in Figure 6.10 (C). The invariant is calculated
from the area under the curve and is proportional to the number of scattering objects in the beam path. From
the data, the invariant stays relatively constant until 180 minutes when it starts to increase, which is evidence
of the formation of assemblies that are large enough to sediment due to gravity. Figure 6.10 (D) shows the
peak prominence of the SAXS curves as a function of time. The prominence is calculated by subtracting the
intensity at the peak from the intensity at the trough. Therefore, it is insensitve to sedimentation and should
represent the amount of material in the particle assemblies that have an ordered spacing. The data shows
that after around 30 minutes, the peak prominence dramatically increases until about 200 minutes when it
finally converges to a single value. This indicates that the assembly process is complete by this time and that
the assemblies do not increase in size. In addition to SAXS, DLS was also used to characterize the sample.
Figure 6.10 (E) shows the intensity distribution of the sample which is related to the size of objects in it.
Figure 6.10 (F) was created by extracting the peak positions of the intensity distribution to track the size of
the assembly as a function of time. The data shows that the assembly process takes around 10 minutes to

start, but after this, the size of the assembly rapidly grows until it reaches a large size.

Finally, electron microscopy was peformed on the sample at 100 minutes after DNA-Bridge was added.
The sample was diluted by a factor of 10 and then drop casted on a microscopy grid. The images in
Figure 6.11 show several large particle clusters of silica nanoparticles of about 1-2 microns in diameter.
This size is slightly larger than the size from DLS. However, the DLS data increases rapidly at around 100
minutes and drying effects may result in cluster coalesence, which would increase the cluster size. Despite
this, the images show a presence of large clusters of silica nanoparticles which are consistent with the

structures shown in the simulations.

Together, the data from SAXS, DLS, and microscopy suggest that the assembly follows a classical
nucleation and growth mechanism. Initially, small clusters form, and once they reach a critical size, further
growth becomes thermodynamically favorable [134]. This is reflected in the SAXS data, where a correlation
peak appears early during assembly and gradually increases in prominence, indicating the development
of ordered structures. DLS data further support this mechanism, showing a progressive increase in the
size of the assemblies over time. Eventually, we hypothesize that the clusters coalesce as shown in the

microscopy images, making them large enough to undergo sedimentation. This mechanism is consistent
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Figure 6.10: Time resolved SAXS and DLS measurments of the sample 20 Bridge. The initial time (t=0)
corresponds to the time at which the DNA-Bridge was added to the sample. (A) shows the SAXS curves
of the first 100 minutes. (B) shows the SAXS curves of minute 100 to 360. (C) shows the invariant of all
the SAXS curves as a function of time. (D) shows the peak prominence of the SAXS curves, which was
determined by the height of the peak minus the trough. (E) shows the results from DLS of the first 100
minutes of assembly. (F) is derived from the DLS data and shows the location of the peak position as a
function of time.

with the structures in the particle simulations as shown in Figure 6.12.

6.5 Conclusion

This study demonstrates the behavior of DNA-mediated assembly of lipid encapsulated silica nanoparticles.
After verifying that the silica nanoparticles were properly encapsulated using a combination of scattering
techniques, a high-throuhput platform was used to test the effect of NaCl and DNA concentration on the
assembly. The results show that while NaCl is not strictly required for DNA-Chol adsorption on the surface
of the particle, it enhances the efficiency of grafting, likely by mitigating electrostatic repulsion between the
negatively charged DNA-Chol strands and the particle surface. DNA-Chol strands anchored to the particle
surface provide steric stabilization, and allows for controlled assembly of the nanoparticles after the addition
of DNA-Bridge. The resulting structures exhibit controlled interparticle spacing that is determined by the

length of the DNA-Bridge. Molecular simulations combined with Bayesian optimization are used to fit
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Figure 6.11: Electron microscopy with energy dissipative spectroscopy was performed on the 20 Bridge
sample. At 100 minutes after the DNA-Bridge was addded, the sample was diluted by a factor of 10 and
drop casted on a microscopy grid.

the experimental structrue factors and optimal simulation parameters are obtained. The resulting particle
configurations reveal structural arrangements consistent with the expected interparticle distances derived
from the length of DNA linking the particles. Crystallinity analyis reveals that around 30% of all particles
in the sample are in a crystalline arrangement. Furthermore, the crystalline particles are located in the center
of the cluster of particles while the surface of the cluster is amorphous. The ability to form crystalline
structures without any thermal annealing could be due to the lateral mobility of DNA on the surface of
the nanoparticles, but further experiments are needed to validate this. Finally, time resolved SAXS and
DLS measurements are used to monitor the assembly process over time. Together, the data suggests that
the assembly follows a classical nucleation and growth mechanism, where small clusters form and slowly

increase in size, until they coalesce and undergo sedimentation.

6.6 Future Experiment Plan

Several future experiments can be designed to advance the DNA-mediated assembly of lipid-encapsulated

silica nanoparticles. One key experiment should focus on understanding and optimizing the encapsulation
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Figure 6.12: The proposed mechanism of the assembly of the DNA coated DOPC encapsulated silica
nanoparticles. The timesteps in the figure are based on the interpretation of experimental SAXS, DLS, and
microscopy data. The mechanism is consistent with simulation snapshots of the sample with 20 Bridge.

process of silica nanoparticles within lipid bilayers. SANS data indicated that samples containing lipid-
encapsulated silica nanoparticles also included a significant population of larger, free vesicles. This is
undesirable, as DNA-Chol can adsorb onto both the encapsulated nanoparticles and the free vesicles, poten-
tially disrupting the assembly process and preventing the formation of a well-ordered, close-packed crystal.
To address this issue, the primary objective should be to determine the optimal DOPC to silica ratio that
maximizes nanoparticle encapsulation while minimizing the presence of vesicles in solution. To do this,
several conditions of lipid to silica ratios can be measured and the data can be fitted with a core-shell-sphere
+ core-shell-sphere model. The first core-shell-sphere represents the silica encapsulated in lipid bilayers
and the second represents free vesicles. This can be done by manipulating the scattering length densities of
the core and shell. From the fit, the proportion of each structure can be obtained, and the optimal ratio of
lipid to silica should be the one where the proportion of vesicles is the minimum. These samples should be
performed in the highest proportion of DoO/H30 to minimize incoherent scattering from hydrogen. Both
silica and lipids have high scattering length densities at high DO so the scattering of both materials should
contribute to the scattering curve. A second experiment is also proposed where the same samples are mea-
sured at 60.12% D>O, which is the point of minimum intensity (PMI) of silica determined from a previous
beamline experiment. At this solvent composition, the scattering length density of silica matches the one of
the solvent background, resulting in scattering contributions from only the lipids. By fitting the data with the
appropriate core-shell-sphere model, the structure of the lipid bilayers should be consistent with the results

from the same samples measured at 99% D> 0.
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Test Lipid Encapsulation of Nanoparticles (6 samples)

» Sample: 0.4, 0.6, 0.8, 1.0, 1.2, 1.4 DOPC_SA:Silica_SA in 99% D50

PMI Silica (6 samples)

» Sample: 0.4, 0.6, 0.8, 1.0, 1.2, 1.4 DOPC_SA:Silica_SA 60.12% D50

The second objective is to measure the amount of cholesterol modified DNA molecules adsorbed onto
the surface of the lipid encapsulated particles. This is important to quantify the amount of DNA-Chol being
adsorbed onto the surface of the particle, which is responsible for assembly. From previous SANS data, it
was hypothesized that the attractive force between the cholesterol in the DNA molecule to the lipid bilayer
could be insufficient to achieve a high grafting density. To test this hypothesis, an additional DNA choles-
terol molecule could be added which hybridizes with the first DNA-Chol molecule. This results in a pair
of cholesterol molecules anchoring the DNA strands on to the surface of the nanoparticle. SANS can be
used to test if this modification results in an increased DNA grafting density. The proposed experiments in-
clude adding different concentrations of DNA-Chol to the silica nanoparticles encapsulated in lipid bilayers.
Sodium chloride can be added to reduce electrostatic repulsion which leads to a higher DNA grafting den-
sity. These samples should also be created in the highest amount of D2O as possible to minimize incoherent
scattering. This can be done by ordering DNA-Chol in a dried state and resuspending it in D2O. To fit this

data, a multi-core-shell model could be used to model the silica, lipids, and DNA.

Test the functionalization of particles with DNA (4 samples)

» Sample: 1.0 DOPC_SA:Silica_SA in 99% D20 with 20, 50, 100, 150 DNA/Particle

Test the functionalization of particles with DNA with NaCl (4 samples)

* Sample: 1.0 DOPC_SA:Silica_SA in 99% D,0 with 20, 50, 100, 150 DNA/Particle in 10 mM NaCl
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Test the functionalization of particles with DNA and the additional DNA-Chol anchor strand

(4 samples)

* Sample: 1.0 DOPC_SA:Silica_SA in 99% D20 with 20, 50, 100, 150 DNA/Particle and the other

anchoring DNA strand

Test the functionalization of particles with DNA with NaCl and the additional DNA-Chol

anchor strand (4 samples)

» Sample: 1.0 DOPC_SA:Silica_SA in 99% D>O with 20, 50, 100, 150 DNA/Particle, 10 mM NacCl,

and the other anchoring DNA strand

Additional experiments are also proposed such as measuring the kinetics of assembly. In this experiment,
the DNA-Bridge is added to induce assembly, and SANS is collected to determine structural changes over
time. Another experiment is to encapsulate larger silica nanoparticles with a lipid bilayer and to characterize

their structure.

Kinetics of Assembly (1 Sample, least priority)

* Add the DNA-Bridge and measure sample as a function of time. One measurement approximately

every 20 mins for 2-3 hours of total measurement time

Larger Silica Sample

* Use DOPC to encapsulate silica particles of a larger size (approximately 5-6 samples)

To perform this experiment, several DNA sequences should be ordered. The following sequences can
be ordered on Integrated DNA technologies (IDT). Based on previous experiments, the following product
and quantities should be enough to perform the proposed experiment. DNA that is ordered without any
services will arrive in a dried state and can be resuspended to the desired concentration in D2O. Details on

the procedure can be found on the IDT website.
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DNA Sequences
DNA-Chol_15_B_24 _HBP

* Product/Scale: 250 nmole DNA Oligo

¢ Purification: HPLC

e Services: None

* Sequence: ACT CTG TAT GAA GTG ATG GAT GAT TTT TTT TTT TTT TTT /3CholTEG/

* Quantity: 3

DNA-Chol_15_B_Anchor

* Product/Scale: 250 nmole DNA Oligo

e Purification: HPLC

e Services: None

* Sequence: /5Chol-TEG/AA AAA AAA AAA AAA A

* Quantity: 2

DNA-Brigde_A_20B_24_HBP

* Product/Scale: 250 nmole DNA Oligo

* Purification: Standard Desalting

* Services: LabReady (Normalized to 100uM in IDTE pH 8.0)

» Sequence: ATC ATC CAT CAC TTC ATA CAG AGT ACT GAG CAG CAC TGA CAG CA

* Quantity: 1
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DNA-Brigde_B_20B_24_HBP
* Product/Scale: 250 nmole DNA Oligo
* Purification: Standard Desalting
* Services: LabReady (Normalized to 100uM in IDTE pH 8.0)
» Sequence: ATC ATC CAT CAC TTC ATA CAG AGT TGC TGT CAG TGC TGC TCA GT

* Quantity: 1

Sample Preparation

The sample containing silica and DOPC should be prepared in the highest possible amount of D3O to
minimize incoherent scattering. It was found in a previous beamline experiment that a silica concentration
of 1 mg/mL, a banjo cell of 2 mm thickness (600 uL. sample volume) and a measurement time of 60 minutes
was enough to obtain high quality data. Therefore, all the samples in this proposed experiment can be
prepared at that concentration and volume. It is suggested to prepare at least 1 mL of each sample, so that

DLS and SAXS can also be used to characterize them.

Code Resource

The code used to calculate how much silica, DOPC, and DNA is needed to create a sample can be found at:

https://github.com/pozzo-research—-group/silica_lipid_DNA
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Chapter 7

Conclusion

7.1 Summary and Perspectives

Colloidal nanomaterials owe their diverse functionalities and applications to their structural characteristics
(see Chapter 1 for examples). As a result, precise control over their synthesis and self-assembly is crucial
for leveraging these properties. However, this is challenging beacuse the experimental design space for
colloidal synthesis and assembly is vast and highly complex. One way to navigate this design space is
the concept of a self-driving lab, introduced in Chapter 2, which combines machine learning with high-
throughput experimentation and characterization. In this approach, the Al agent selects the experiments to
be conducted and sends them to autonomous robotic systems. Once the experiments are completed, the
results are characterized and the resulting data is fed back to the Al agent to inform subsequent decisions
forming a closed loop which continues until a stopping criteria is met. Despite being an effective method
to navigate experimental design spaces, as discussed in Chapter 3, there remain several opportunities for
enhancing these data-driven systems. One key area for improvement lies in the distance metric used to
provide feedback to the Al agent. Specifically, when functional data is employed as a proxy for nanoparticle
structure, refining this metric could lead to better guidance and outcomes. In Chapter 3, the Amplitude-phase
distance metric is introduced to solve this problem. This metric primarily takes into account the shape of a
function or curve while calculating a distance between two functions. By using function spaces, it is possible

to analyze data with differential geometry methods. The results show that an Al agent using this distance
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metric is able to distinguish between the shapes of nanoparticles being formed (e.g., spheres and rods), which
results in a more dispersed sampling of the design space compared to when it used the Euclidean distance
metric. In the same chapter, we also identify three other limitations of a self-driving lab which are the use
of a single characterization method, the use of extensive knowledge from literature to set the experimental
design space, and the lack of knowledge extraction from the experiments. In Chapter 4, we develop a data-
driven system and test it on silver nanoplate synthesis. This system had several improvements over the
one demonstrated in Chapter 3 that were designed to overcome the limitations previously mentioned. First
of all, it employed several characterization methods to navigate the design space, using a combination of
UV-Vis spectroscopy, SAXS, and TEM while considering the quality of information gained and the cost
of performing the measurement. It also used an interpretable Al-agent to navigate the design space, where
knowledge was able to extracted. The design rules gained from the experiment agreed with the ones found in
the literature indicating that this data-driven method could be used to extract knowledge from more complex
material systems. Finally, the design space of the system was arbitrarily chosen and did not rely much on
information from the literature. The ability to start from a large design space is essential for data-driven

systems to be applied on materials that have not been well-studied.

In Chapter 5, we transition from inorganic nanoparticle synthesis to protein assembly. In this chapter,
a model protein called RhuA is modified by covalently attaching either a S-cyclodextrin (host) or azoben-
zene (guest) molecule to it. This results in chemically and light responsive protein assemblies when mixed
together, where assembly is promoted in visible light and disassembly in UV-light. To characterize the struc-
ture of the protein assembly, small angle x-ray scattering is used and a Monte Carlo method combined with
a fitting algorithm is developed to efficiently analyze the scattering curves. The Monte Carlo Distribution
Function Method (MC-DFM) uses random sampling to calculate pairwise distances of atoms in the large
protein assembly. It is also efficiently coded using matrix operations, making it highly suitable for handling
large structures. When combined with a fitting algorithm, the modeling of large biomolecular assemblies
involves using a single building block (e.g. RhuA) and applying a series of rigid-body transformations to
generate the complete structure such as tubes or sheets. This method offers a significant advantage, as ad-
justments to the assembly’s structure (e.g., altering tube radii) can be rapidly achieved by modifying only

the transformations. Consequently, explicit calculation of all atoms in the large structure is avoided, greatly
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reducing computational time. The SAXS analysis shows that the RhuA protein assembles into tube or sheet
like structures, depending on the ionic strength of the solution, which is consistent with data obtained from
microscopy. We envision that our method of analyzing SAXS curves can be used on data of other large
biomolecular assemblies, so we publish it as open source software. In addition, there are several oppor-
tunities to expand on the work of chemical and light responsive RhuA assemblies. For example, the use
of a combination of UV and Visible light at the correct sequence and intensity could be used to achieve a
metastable assembly other than the thermodynamically stable tubes or sheet configuration. As discussed
throughout this thesis, data-driven methods could be used together with in situ SAXS measurements to de-
termine the correct light sequence and intensity to achieve metastable structures. Finally, in Chapter 6, the
DNA-mediated assembly of lipid encapsulated nanoparticles in investigated. Due to the grafting of DNA
to the lipid bilayer, this system is advantageous because it can be applied on nanoparticles of any material,
and because it allows for DNA mobility on the particle surface. We use high-throughput experimentation to
investigate the effect of the solution’s ionic strength and the DNA concentration on the assembly. The results
show that while NaCl is not strictly required for DNA adsorption on the surface of the particle, it enhances
the efficiency of grafting, likely by mitigating electrostatic repulsion between the negatively charged DNA
strands and the particle surface. DNA strands anchored to the particle surface provide steric stabilization,
and allows for controlled assembly of the nanoparticles after the addition of the linking DNA strand. SAXS
analysis shows that the assembly structures exhibit controlled interparticle spacing that is determined by the
length of the DNA-Bridge. Despite this, the assemblies do not form close-packed crystalline arrangements,
which has been demonstrated in the literature with DNA-mediated nanoparticle assembly. The future step in
this work could be to determine how to form closed-packed crystalline structures. Since the high-throughput
framework has already been developed, it could be used together with an Al-agent to explore the vast design

space like in Chapter 4 and Chapter 5.
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