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oration of silver nanoplate
formation in multidimensional chemical design
spaces†

Huat Thart Chiang, * Kiran Vaddi and Lilo Pozzo*

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

objective of themethod 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 AI 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 the framework could be further applied to new systems that have not been

well characterized and understood. The framework is generalizable and allows tangible knowledge

extraction from the high-throughput experimental runs while still considering inherent stochasticity.
Introduction

Silver nanoparticles have shown to be extremely useful for
purposes such as catalysis,1 therapeutics,2 drug delivery,3 and
surface-enhanced Raman spectroscopy (SERS).4 It is also well
known that the optical properties of silver nanoparticles depend
on their shape and size,5 thus the ability to synthesize particles
of a specic structure is highly desirable. The literature on the
synthesis of silver nanoparticles is vast including physical,
photochemical, and chemical methods.6 Still, it is oen difficult
to obtain control over their shape and size due to a limited
understanding of the processes that affect the nal structure.
For example, nucleation, growth, aggregation, and Ostwald
ripening, are oen affected by both thermodynamic and kinetic
parameters associated with reaction conditions.7 Because of
this, the experimental design space used to synthesize these
nanoparticles is oen large and complex.8 In the chemical
synthesis of silver nanoparticles, factors such as light, temper-
ature, age of stock solutions, and duration of the reaction affect
the nanoparticle's structure. Finally, due to the limited under-
standing of the processes that affect the nal structure, the
relationship between the experimental design parameters (e.g.,
the concentration of reagents, temperature) and the nal
structure is oen determined by trial and error, which is time-
consuming and laborious.9
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Large and multidimensional experimental design spaces are
common in material synthesis. Recently, the combination of
articial intelligence, automation, and a characterization
method has emerged as a powerful method to achieve control
over the results of nanoparticle synthesis.10 Automation can be
used to synthesize nanoparticles in high-throughput and then
screen for a desired structure or property using a characteriza-
tion method, which facilitates the collection of large datasets.
While it is oen difficult for a human to interpret the generated
large datasets, articial intelligence algorithms have been
successfully used to make decisions for experimental
design,10,11 build predictive models,12 and extract knowledge via
model interpretation.13 One common application of articial
intelligence and automation is the concept of a closed-loop
design or “retrosynthesis”, where optimization algorithms
(e.g., Bayesian optimization10 or genetic algorithms14) work
together with robots (e.g., liquid handling robots10 or micro-
uidic devices15) and one or more characterization methods
(e.g., UV-vis spectroscopy) to iteratively 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.10,16,17 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 specied by varia-
tions in reagent concentrations, is chosen based on values
extracted from the literature. This is in direct conict with the
ultimate goal of the closed-loop approach which is to accelerate
the discovery of novel materials. Thus, it is unlikely that existing
© 2024 The Author(s). Published by the Royal Society of Chemistry
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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 algo-
rithm 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 struc-
ture 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 experimen-
tation to perform systematic studies of large design spaces.
Some samplingmethods include full factorial designs and Latin
hypercube sampling, which can increase interpretability when
combined with data science and articial intelligence
methods.18 However, an important disadvantage of such
systematic studies is that they do not scale well in high-
dimensional experimental design spaces which is dened in
terms of the number of tunable design variables. As the number
of variables or dimensions gets larger, the number of experi-
ments that need to be performed to sufficiently explore the
design space increases drastically.19 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.

The objective of this work is to demonstrate a hierarchical
data-driven framework that can efficiently explore large multi-
dimensional 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 tradi-
tional 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 specic shape (i.e., small plate-like particles) can be formed
with greater accuracy and control. In addition, aer 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 poly-
dispersity. In this work, we leverage the power of a liquid-
handling robot to perform the synthesis of silver nano-
particles 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 inex-
pensive 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
© 2024 The Author(s). Published by the Royal Society of Chemistry
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 ob-
tained 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 classier 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.
Materials and methods
Materials

Silver nanoparticles were synthesized using poly-
vinylpyrrolidone (PVP) 40 kDa, tannic acid, ascorbic acid
($99%), silver nitrate ($99%), sodium borohydride ($98%),
and methyl cellulose (4000 cP). All chemicals 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 purication system with a resistivity of 18.2 MU (Millipore
Corporation, Bedford, MA, USA).
Silver nanoparticle synthesis

We used a procedure similar to that described in Samanta
et al.20 to synthesize nanoparticles. The rst 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 le 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 mL at approximately 22 degrees Celsius.
Water was added to each sample so a total volume of 325 mL
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 specied volumes, before changing the
Digital Discovery, 2024, 3, 2252–2264 | 2253
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pipette tip and performing the same step with the next reagent.
Aer 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 mL 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 (Brook-
lyn, NY, USA) OT2 liquid handling robot. The OT2 control code
can be found at (https://github.com/pozzo-research-group/
papers/tree/main/Silver%20Nanoplates) to perform the
pipetting commands.
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 mL). UV-vis spectroscopy was
performed 24 hours aer the synthesis of the silver nano-
particles to allow enough time for the complete growth of the
particles, which continued to evolve over several hours aer the
reagents were added.
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 Å)
using a copper Ka microfocus source. Data was collected in
three congurations: low-q (0.003–0.007 Å−1) for 7 minutes,
mid-q (0.007–0.020 Å−1) for 3 minutes, and high-q (0.020–0.100
Å−1) for 2 minutes. Samples were automatically loaded into
a 2 mm diameter quartz capillary ow cell using the “Biocube”
sample environment and the robotic loading capabilities of the
Xeuss instrument. Aer each measurement, the capillary was
ushed 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 aer
changing samples. Background reduction was performed with
the XSCAT soware by subtracting the scattering of water in the
same capillary ow cell and the data was merged automatically
using a Python code. The models used to t the data were
implemented with Sasmodels (http://www.github.com/SasView/
sasmodels). Code to automatically merge data and t SAXS data
can be found in the online repository (https://github.com/
pozzo-research-group/papers/tree/main/Silver%20Nanoplates).
Transmission electron microscopy

Transmission electron microscopy (TEM) samples were
prepared by casting 10 mL over a carbon-coated lm, 200 mesh,
copper grids which were purchased from Electron Microscopy
Sciences (Hateld, 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 soware.21
2254 | Digital Discovery, 2024, 3, 2252–2264
Scanning electron microscopy

Scanning electron microscopy (SEM) was performed using an
Apreo-S instrument (Thermo Fisher, Waltham, MA, USA).
Samples were rst diluted 100 times and then 5 mL aliquots were
deposited on clean silicon wafers.
Machine learning and data analysis

Machine learning algorithms were used for several purposes. A
Gaussian process classier was used to explore the nanoparticle
morphologies in the experimental design space. A Gaussian
process regressor was used to create contour plots. Both algo-
rithms 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 repository
(https://github.com/pozzo-research-group/papers/tree/main/
Silver%20Nanoplates).
Results and discussion

For the data-driven exploration, we used three different char-
acterization techniques that have different costs, throughput,
and information content. UV-vis spectroscopy was used in the
Fast spectroscopic exploration section to determine the exper-
imental design parameters that give the highest probability of
forming small, colloidally stable, monodisperse, plate-like
particles. SAXS was then used in the SAXS Structural Explora-
tion 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 microscopy (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.
Fast spectroscopic exploration

Our rst objective is to narrow down the design space to nd
regions where small, colloidally stable, monodisperse, plate-like
structures are formed in high purity. This rst step is advanta-
geous because it enables starting experiments from an arbi-
trarily 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 1.

In order to maximize the chances of obtaining a diverse set
of morphologies and sizes, several reducing agents and stabi-
lizers 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
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Experimental design parameters used to synthesize silver
nanoparticles. The volumes of each regent can be independently
varied from 0–60 mL in increments of 1 mL. Water was added to each
sample to obtain a volume of 325 mL. The lowest concentration ach-
ieved is 0.09 mM for the silver seeds and 0.006 mM for the other
reagents. Reagent concentrations are reported assuming a total
volume of 325 mL

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
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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 nal nano-
particle's structure (ESI S20†). In summary, it was found that the
order of addition had a major effect on the nal structure, but
the time of addition only affected certain sample compositions
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 work-
ows driven by robotic tools enable effective analysis of
colloidal systems where timed-intervention affects the nal
structure.22 Despite this, we decided to constrain our experi-
mental design space to exclusively explore the concentrations of
the reagents.

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 nano-
particle's structure by measuring its localized surface plasmon
resonance (LSPR), which results in the local enhancement of an
oscillating electric eld due to nanoscale connements. In a UV-
vis spectrum, this is usually the wavelength where the peak
extinction occurs. Using LSPR to determine the size of a nano-
particle 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 eld, impu-
rities, etc5, 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
suffering from similar limitations (e.g. sensitivity to aggrega-
tion), the shape of a UV-vis spectrum has signicant variation
when used to differentiate between nanoparticle shapes (i.e.
spheres, rods or plates). For example, the spectrum of a nano-
rod has transverse and longitudinal peaks, a sphere has a single
peak, and an aggregate of particles has a very broad peak.23 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
© 2024 The Author(s). Published by the Royal Society of Chemistry
nanoparticles are formed will have low extinction, similar to
that of water. It can be challenging to determine which experi-
mental parameters are most effective in producing nano-
particles 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.

In our experiment, we expected that we would synthesize
hundreds of samples that would later have to be autonomously
classied 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)24 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
different radii and used them as targets. In addition to nano-
plates, the formation of spherical silver nanoparticles is also
likely using the experimental design parameters.2 Therefore, the
extinction spectrum of silver nanospheres of different sizes was
also simulated to identify the spectrum of these undesired
structures. Using 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 classied as “Below Threshold” and
samples with distances greater than the threshold would be
classied 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, mono-
disperse, 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 Fig. 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 is
Digital Discovery, 2024, 3, 2252–2264 | 2255
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Fig. 1 The simulated spectra of spheres and plates using nano-
DDSCAT. The legend refers to the diameter of simulated the plates and
spheres. All simulated plates have a thickness of 7 nm.
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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 aniso-
tropic morphologies have longer plasmon lengths which in turn
shis its spectrum's peak position to higher wavelengths.25

Using these observations, a distance metric was created to
classify UV-vis spectra. This distance metric is composed of four
terms shown in eqn (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 nal distance metric were
comparable. The effect of each coefficient on the nal distance
metric was also investigated and this is demonstrated in the ESI
(S4).†

d = (7 × dAP) + (2 × dpeak) + (85 × darea) + (1 × dintesnity) (1)

� dAP refers to the Amplitude Phase distance as described in
Vaddi et al.10 This distance primarily accounts for the shape of
the spectra by decomposing the required distance into x-
component (phase) and y-component (amplitude). The ampli-
tude 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
dened using a function norm between the query and target
aer 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 ESI† or the original paper and
references therein for more details.
2256 | Digital Discovery, 2024, 3, 2252–2264
� dpeak refers to the wavelength of the peak intensity. Since
the simulated spectra of spheres and plates in Fig. 1 have
similar shapes, this distance term penalizes spectra that have
a peak position lower than 450 nm, 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
450 nm.

� darea refers to the area under the curve, which encourages
monodispersity. This facilitates the interpretation 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 450 nm. Since the
simulated spectra of plates have low intensity at these wave-
lengths, this term was added to help in the classication of
plates. This term is determined by nding the maximum
intensity of the UV-vis spectrum at wavelengths less than
450 nm and adding this value to the distance score.

The distance metric was used as the primary reward function
for the workow presented in Fig. 2. In the initial iteration, the
compositions for 48 samples were randomly selected from the
predetermined design space and synthesized using an Open-
trons OT2 robot, which took around 3 hours. Aer one day, UV-
vis spectroscopy characterization was performed, and the
distance metric was used to classify each sample. The infor-
mation on the composition and classication of each sample
was then used to train a Gaussian process classier. 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 composi-
tions 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 concen-
trations of the desired plates are most likely to be formed. It was
observed that convergence was achieved aer 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
classier learned to synthesize plate-like particles. Under-
standing these design rules can be helpful when performing
future experiments that attempt to synthesize plate-like parti-
cles. Fig. 3 shows the changes in the samples' composition over
the iterations and gives insight into how the Gaussian process
classier 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
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 The workflow for fast spectroscopic exploration. samples were synthesized with an Opentrons 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 informationwas then used to train a Gaussian process classifier.
Using this classifier, the region where desired plates are most likely to be formedwas 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.
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gives rise to the interpretability of our data-driven exploration
and distinguishes it from other closed-loop retrosynthesis
systems.

In Fig. 3, we attempt to visualize the multivariate effect of the
reagents on the shape of the nanoparticle by representing the
volume fractions of the 5 reagents using multidimensional
scaling plots, adapted from Li et al.26 Iteration 0 in Fig. 3 was the
Fig. 3 This figure shows the volume fractions of each sample that was syn
of each iteration is a 2-dimensional representation of a 5-dimensional sp
(AA), tannic acid (TA), silver seeds (Seeds), silver nitrate (SN), and polyviny
a higher volume fraction of the reagent labeled in the respective corner. S
of the dotted black lines, suggest equal volume fractions of all reagents
represents a sample that was classified as “Above Threshold” using the
“Below Threshold”. There were 3/48 samples labeled “Below Threshold” in
36/48 in iteration 4, and 41/48 in iteration 5.

© 2024 The Author(s). Published by the Royal Society of Chemistry
rst iteration, meaning that it was sampled randomly without
any input from the Gaussian process classier. Because of this,
the samples were dispersed, and a high number of samples that
had distances above the threshold were synthesized. In itera-
tion 1, the Gaussian process classier inuenced the sampling
by sampling in the region with low-volume fractions of ascorbic
acid. However, there were still many samples that had distances
thesized in each iteration. Each iteration contains 48 samples. The plot
ace. Each corner of the pentagon represents a reagent: ascorbic acid
lpyrrolidone (PVP). Samples that are located closer to a corner indicate
amples located near the center of the plot, indicated by the intersection
. The grey dots are visual aids to show the shape of the plot. A red “x”
distance metric. A blue “o” represents a sample that was classified as
iteration 0, 11/48 in iteration 1, 34/48 in iteration 2, 26/48 in iteration 3,

Digital Discovery, 2024, 3, 2252–2264 | 2257
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above the threshold. In iteration 2, the sampling was biased
towards low-volume fractions of ascorbic acid and tannic acid,
moderate-volume fractions 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.27 In our experiment, ascorbic
acid was the strongest reducing agent followed by tannic acid
and then PVP. This could explain why moderate-volume frac-
tions 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 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.28

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.29 This combination of reagents would
thus result in a high concentration of small monodisperse
plates.

The classied UV-vis spectra of all the samples were plotted
and shown in Fig. 4. The spectra that were classied as “Below
Threshold” have similar shapes (i.e., single narrow peak) and
peak intensity positions (i.e., greater than 450 nm) to the
simulated plates in Fig. 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
Fig. 4 Representative UV-vis spectra of the samples that were classifie
Threshold”.

2258 | Digital Discovery, 2024, 3, 2252–2264
of the samples that were classied as “Above Threshold” are
also shown in Fig. 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 simu-
lated sphere spectra in Fig. 1. The successful classication of
UV-vis spectra shown in Fig. 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, 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 classication 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 classication, 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 classication. 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 parti-
cles. However, the methodology could be used for any other
particle shape of interest with modication of the simulations
and the denition of the distance metric.
SAXS structural exploration

From Fast spectroscopic exploration, we selected 137 samples
that were classied 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 struc-
ture in the dispersion state due to its sensitivity to structural
parameters in this size range. The scattering can be mathe-
matically modeled as the Fourier transform of the continuous
electron density in all sample orientations,30 and because of
this, geometric models can be used to t experimental data to
obtain information on size, shape, shape fraction,
d as “Below Threshold” and the ones that were classified as “Above

© 2024 The Author(s). Published by the Royal Society of Chemistry
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polydispersity, or concentration. Like other scattering tech-
niques, 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 infor-
mation.30 Because of this, it is well known that the choice of
geometric model used to t the data must be supported with
data from other characterization methods or other pieces of
information.31 In our method we only perform SAXS on
samples that we hypothesize are plates based on the shape of
their UV-vis spectroscopy curve. Aer collecting the SAXS data,
we can then perform electron microscopy on a few samples to
conrm this hypothesis.

Supported by evidence primarily from UV-vis spectroscopy,
the geometric model used to t the SAXS 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 anal-
ysis 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 signicant effect on the spectroscopic properties.
The fundamental equation for small angle X-ray scattering is
shown in eqn (2). The variable n refers to the number density of
the particles, Dr 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.32

I(q) = nDr2V2P(q)S(q) + background (2)

This equation was simplied with the following expression:

A = nDr2V2 (3)

Since Dr and V are constant:

A f n (4)

By substituting eqn (3) back in eqn (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 subscript “p” refers to a plate.

I(q) = ApPp(R,T,PD,q) (5)

Using sasmodels (http://www.github.com/SasView/
sasmodels), the parameters in eqn (5) were obtained by tting
the model to the experimental data. From the form factor
Pp(R, T, PD, q), the radius R, the lognormal polydispersity of
the radius PD, and the thickness T 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.

Aer tting all the data with a plate model, it was discovered
that 23 out of the 137 ts were sub-optimal by the residuals or
errors of the ts. To t these datasets, a combined model of
© 2024 The Author(s). Published by the Royal Society of Chemistry
a plate and sphere (eqn (6)) was used only on the data from the
23 samples. In eqn (6), the subscript “p” refers to a plate and “s”
refers to a sphere.

I(q) = ApPp(PD,R,T,q) + AsPs(R,q) (6)

This method of hierarchical tting ensures that the most
simple model (i.e., polydisperse plates) is used rst to t 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 overtting
the data and are less condent in the structural parameters
obtained from these ts. While the plate and sphere model
improved the ts of the 23 samples that did not t the poly-
disperse plate model, they were not used in further data anal-
ysis, since the objective of this work is to study the structural
features of nanoplates.

Aer tting the SAXS data with the models, we randomly
chose a sample that was t using the polydisperse plate model.
Electron microscopy was performed to validate the model
choice that was used. The SAXS curve of the sample that was t
using a plate model and an image of the sample is shown in
Fig. 5B below.

Fig. 5A shows the experimental SAXS scattering curve of
a plate-like sample and the plate model used to t the exper-
imental data. From the t, an average plate radius of 16.2 nm,
a lognormal plate radius polydispersity of 0.24, and a plate
thickness of 7.2 nm was obtained. Fig. 5B 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.33 The image in Fig. 5B is
a representative image from a much larger set. By measuring
the plate radii using all images (included in the ESI 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 Fig. 5C. 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 rst reason for the disagreement between SAXS and TEM
could be that data obtained from SAXS is oen biased towards
larger particles because of their stronger scattering signal.34

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.
Digital Discovery, 2024, 3, 2252–2264 | 2259
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Fig. 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 electronmicroscopy 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.
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Results of SAXS structural exploration

The interpretation of structural features from samples obtained
via SAXS was performed in several steps. The rst step relates
the composition of the synthesis to the plate thickness, scale
parameter, radius, and polydispersity. We rst 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.
Plate thickness, plate radius, plate radius polydispersity, and
scale

The histograms in Fig. 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 t
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 classier aer the Fast spec-
troscopic 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
Fig. 6 A histogram of the plate thickness (A), plate radius (B), lognormal p
114 samples that were fitted with the polydisperse plate model.

2260 | Digital Discovery, 2024, 3, 2252–2264
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 0 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 deter-
mined by the scale parameter in eqn (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 infor-
mation can inform us of the sizes of the plates that are most
commonly synthesized by the algorithm used in the Fast spec-
troscopic exploration section and their size limits.

To determine the effects of the experimental design param-
eters on the structural features of the samples, the 5-dimen-
sional design space was simplied into 2 dimensions. SHAP,
a method to explain machine learning models,35 was rst used
to identify the top two most important reagents that contrib-
uted to each of the measured structural features. This ignores
late radius polydispersity (C), and scale (D) that were obtained from the

© 2024 The Author(s). Published by the Royal Society of Chemistry
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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 varia-
tions 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.

In the contour plot of plate thickness (Fig. 7A) there is
a noticeable pattern where low concentrations of PVP and high
concentrations of silver nitrate resulted in thicker plates. A
reason for this could be 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 particles
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 Fig. 7B, tannic acid and PVP were
identied as the top two most inuential reagents on plate
radius. From Fig. 7B, 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
Fig. 7 Contour plots of the top twomost influential reagents on plate thic
the scale parameter of the particles (D), which is proportional to the con
fitting a polydisperse plate model to SAXS data. The marker size is direc
represent the design space learned by the Gaussian process regressor.

© 2024 The Author(s). Published by the Royal Society of Chemistry
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.36–38 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.28 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 bonding39 or p–p stacking.40

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 Fig. 7B, sup-
porting the hypothesis that moderate concentrations of tannic
acid and PVP lead to large plates.
kness (A), plate radius (B), lognormal plate radius polydispersity (C), and
centration of the particles. The structural information was obtained by
tly correlated to the value of the structural feature, and the contours

Digital Discovery, 2024, 3, 2252–2264 | 2261
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In Fig. 7C, 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 mono-
disperse 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 Fig. 7D,
the effect of tannic 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 explana-
tion 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 veried 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 deter-
mining 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 nanoDDSCAT24 were added to the plot to compare how
Fig. 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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the peak wavelength position changes as the plates get bigger in
simulations compared to experiments.

From Fig. 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 conrms that the
peak wavelength position 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, Fig. 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 impu-
rities 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 nano-
particles. Dynamic light scattering (DLS) is another technique
that is sensitive to the size and shape of nanoparticles and is
oen 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 diffu-
sion coefficient. For these reasons, SAXS is more powerful for
the analysis of silver nanoparticles as we report in this study.

Conclusions

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 scientic knowledge.
To do this, we take advantage of multimodal and complemen-
tary 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 synthesize silver nanoplates, while
SAXS, a more expensive but direct characterization method, was
used for information on the structural features of these nano-
plates. In summary, using a Gaussian process classier 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 simplied contour plots
containing information on the effect of the top two most
contributing chemical reagents on the structural features of
nanoplates. Our ndings on the compositions of the reagents
that are necessary to form plate-like nanoparticles as well as the
© 2024 The Author(s). Published by the Royal Society of Chemistry
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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.

Data availability

Data and processing scripts for this paper, including the algo-
rithms used for the exploration of the design space and SAXS
data tting are available at (https://github.com/pozzo-research-
group/papers/tree/main/Silver Nanoplates).
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