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Gold nanoparticles (AuNPs) are widely used functional nanomaterials that exhibit adjustable properties
depending on their shapes and sizes. Creating a comprehensive dataset of AUNP syntheses is useful for
understanding how to control their morphology and size. Here, we employed search-based algorithms
and fine-tuned the Llama-2 large language model to extract 492 multi-sourced seed-mediated AuNP
synthesis recipes from the literature. With this dataset which we share online, we verified that the type of
seed capping agent such as CTAB or citrate plays a crucial role in determining the morphology of the
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final AuNR aspect ratio and silver concentration, although a large variance reduces the significance of
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Introduction

Gold nanoparticles (AuNPs) have been widely used for diverse
applications such as semiconductors," catalysis,” and biomedi-
cine.>* Notably, AuNPs offer the advantage of tunable physical
and chemical properties depending on their shape and size. For
instance, gold nanostars exhibit distinct properties compared
to other shapes of AuNPs closely related to their design, with
amplified electromagnetic fields at the tips and enhanced
hydrophilic environments at the indentations, making them
useful in localized chemical manipulation and imaging appli-
cations.® As another example, a specific size (28 x 8 nm) of gold
nanorods has been found to be the most effective size for
plasmonic photothermal therapy in cancer treatment.®
Control of nanoparticle morphology”® has been established
for some recipes and limited ranges of synthesis conditions,
while the theory is still developing not only for various other
conditions of gold nanoparticles™™ but also for other
metals*'® and semiconductors.”””*®* To advance the under-
standing of the underlying mechanisms that play a role in each
synthesis protocol, computational approaches including
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knowledge in the field of nanomaterial synthesis for further exploration and better reproducibility.

Density Functional Theory (DFT) have been employed.'>*®
However, it is impractical to simulate a sufficiently large system
in a solution environment due to the high computational cost.
Furthermore, it is important to note that achieving reproduc-
ibility in nanoparticle synthesis can be challenging, given the
sensitivity of the process to numerous experimental variables
including human factors,” reagent impurities** and stock solu-
tion age, which are often missing or poorly described in the
recipes.

Among various AuNP synthesis protocols, seed-mediated
growth of gold nanoparticles has been a popular method to
produce AuNPs with anisotropic shapes.’>** This method
separates the nucleation and growth processes in separate
flasks leading to more controlled growth stages. Briefly, spher-
ical gold seeds are formed through the reduction of Au(ur) to Au
using a strong reducing agent such as sodium borohydride.
This results in a solution of Au seed particles, which are typi-
cally 1-4 nm in size. Then, an aliquot of this seed solution is
mixed with a growth solution containing partially reduced Au(),
made by mixing an Au(m) source, a weak reducing agent, and
other precursors.*

According to Personick and Mirkin, the seed-mediated
growth process for gold nanoparticles can be understood
through two primary pathways: kinetic growth and selective
surface passivation.”” In the kinetically controlled pathway,
both the effective concentration of Au(1) ion and the reduction
potential of Au(i) are key factors influencing growth. In this
context, adding ascorbic acid would increase the Au(i) reduction
rate, thereby promoting morphologies with higher energy
surfaces (e.g., trisoctahedra > cube > octahedra). On the other
hand, in the surface passivation pathway, growth can also be
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modulated by the deposition of a small amount of Ag onto the
Au surface, referred to as Ag underpotential deposition (UPD).
As the Ag monolayer coverage on the Au surface increases,
shapes with more open facets (e.g., concave cubes > bipyramids)
are favored.

Burrows et al. conducted a series of experiments, systemat-
ically varying multiple factors to understand the seed-mediated
growth of gold nanorods (AuNRs) in particular.” Their work
revealed insightful correlations between 8 synthesis factors
such as silver amount and seed aging time, and 5 different
AuNR outcome responses including shape yield and AuNR size.
By using fractional factorial design of experiments, Burrows
et al. effectively explored many synthesis factors within a fixed
protocol, conducting a total of 42 experiments. Despite the
study's scope, which primarily involved two levels (e.g., NaBH,
amounts of either 0.0378 g or 0.0450 g) for each synthesis factor,
their approach enabled efficient sampling of the synthesis
space. Furthermore, Burrows et al. highlighted a notable chal-
lenge concerning the limited reproducibility in human-
controlled nanoparticle syntheses. Specifically, despite
employing the same recipe and the same chemical stock,
noticeable variations in synthesis outcomes were observed
among different experimenters within a single research group.
Recently, Park et al.>* conducted an in-depth investigation into
the correlations between similar synthesis factors for multiple
growth stages. Notably, they expanded on Burrows et al.'s work
by exploring a broader range of levels for each factor.

These studies motivate gathering a comprehensive, multi-
sourced dataset as a foundation for data-driven studies, rather
than one-variable-at-a-time (OVAT) or design of experiments
(DoE) approaches.?® Efforts in the field of solid-state synthesis
have demonstrated the value of this approach, with researchers
constructing large, structured datasets through text-mining of
the existing literature on solid-state synthesis,*** and training
machine learning (ML) models for predicting the target stoi-
chiometry,” recommending precursor(s)*® and other synthesis
conditions.*"**

Cruse et al. published an AuNP synthesis dataset from the
literature.* They utilized a series of machine-learned Named
Entity Recognition (NER) to extract entities such as precursor
materials, AuNP morphologies, and sizes. Notably, named
entities are extracted but they are not connected through rela-
tion extraction (RE). To illustrate, if NER detected morphology
entities such as “nanospheres” and “nanorods” from a para-
graph along with precursor material entities and their amounts,
relation extraction would identify which precursors were used
for which morphology. Such linking requires further process-
ing, and would ultimately lead to a more complete dataset of
structured recipes.

Recently, Large Language Models (LLMs) including GPT-3/
3.5/4 (ref. 36-38) and Llama-2 (ref. 39) have introduced
exciting opportunities in materials science for structured
information extraction and direct prediction. LLMs can be fine-
tuned to output a sequence in the desired format,*>** or they
also can be used as-is (zero-shot) or with some context or
examples provided®** (few-shot). Walker et al.** published an
AuNR recipe dataset using fine-tuned GPT-3 (ref. 36) and Llama-
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2.3 The structured recipes were extracted directly via joint
Named Entity Recognition and Relation Extraction.*® This work
showed that fine-tuning GPT-3 for the NERRE task achieved
76% accuracy with 240 paper annotations, and comparable
performance was achieved with Llama-2-13B. Building on this
prior work, we expanded our scope to include all shapes of
AuNPs using seed-mediated synthesis. In addition, we manually
validated all the recipes, which significantly elevated the quality
of the dataset, facilitating further analyses in synthesis science.

In this work, we used a hybrid approach to exploit the
advantages of both search-based parsers and LLMs. Briefly, we
developed a highly precise search-based parser to construct
a seed-mediated AuNP dataset from more straightforward
recipes and used it to fine-tune an LLM for the NERRE task that
extracts structured recipes from more challenging examples.
We then manually validated the resulting datasets for further
analysis to obtain 492 seed-mediated recipes for AuNPs. We
used ML models to generate data-driven hypotheses and verify
several known statements on the correlation between synthesis
conditions and the morphology and size of synthesized AuNPs
using a multi-sourced, text-mined dataset from the literature.
To our knowledge, this compilation represents the largest
manually validated structured database available for AuNPs
using seed-mediated growth with a high level of depth and
completeness.

Methods

Synthesis recipe and outcome extraction

The dataset in this study includes seed-mediated gold nano-
particle syntheses using chemical reduction. Specifically, the
seed solution and growth solution should start from an Au(m)
source along with other precursors for nucleation (of spherical
seeds) and growth, respectively. Then, an aliquot of seed solu-
tion is mixed into the growth solution to produce the final
product. Syntheses involving purchased seeds, multiple
growths, or substrates are not included in the scope of this
dataset. The solution that was used for diluting seed solution
after its aging is regarded as part of the growth solution.

We started from an initial database of nearly 5 million arti-
cles. Details for the initial database acquisition and filtration
have been described by Kononova et al.*® Briefly, publications
are sourced from materials science-related journals from
Springer, Wiley, Elsevier, the Royal Society of Chemistry, the
Electrochemical Society, and the American Chemical Society.
Then, we collected 1 108 803 nanomaterial papers by perform-
ing a keyword search for papers containing “nano*”, where “*”
could be any contiguous set of characters.

Fig. 1 depicts the schematics of the synthesis extraction
process. Before describing this process in detail, we provide
a brief overview of the procedure. First, a “clean” dataset of 328
recipes was obtained mainly via search-based parser compo-
nents. Then, a subset of this dataset was used to fine-tune
Llama-2, which was then deployed to process “hard” and
“partial” cases to obtain 91 and 73 validated recipes, respec-
tively. “Hard” cases were those where the search-based parser
failed to parse a recipe, and “partial” cases were those where it

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig.1 Schematic of the AuNP synthesis filtration and parsing pipeline,
consisting of search-based and machine-learned modules. Orange
circles indicate "hard” and “partial” cases where the search-based
parser failed to parse a recipe and extracted a partially complete
recipe, respectively. Green circles indicate final, manually validated
datasets originating either from the search-based parser or from fine-
tuned LLM. A total of 492 recipes (numbers without parantheses)
contain complete numerical precursors amounts and 591 (humbers in
parantheses) are without amounts.

extracted a partially complete recipe. Additionally, we extracted
precursor-only recipes, disregarding the amounts, which we
referred to as the ‘categorical’ dataset, in contrast to the dataset
containing complete amounts. The categorical dataset
comprised 139 and 124 recipes from hard and partial cases,
respectively. Overall, we obtained a dataset consisting of 492
recipes with complete amounts and 591 in the categorical
format.

Next, we describe each step in detail. Note that the source
code of the procedure is available (see Data and code avail-
ability). Fig. 1 illustrates the process where a paper undergoes
AuNP acronym conversion and AuNP morphology detection to
obtain AuNP-related papers. Using regular expressions (regex),
acronyms used in each paper were searched and converted back
to their full forms, and then morphology-related keywords in
the paper were identified. Although acronyms for well-defined
morphologies are already included in the keywords for search-
based morphology extraction, this step was necessary due to
confusing or overlapping acronyms. As an example, “AuNS” is
used as an acronym for “gold nanosphere” in some cases and
for “gold nanostar” in others, while “AuNR” is almost always

© 2025 The Author(s). Published by the Royal Society of Chemistry
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identified and classified as “gold nanorod”. To resolve this, text
strings that initially defined an acronym, such as “AuNSs (gold
nanospheres)”, were searched for throughout the paper using
regex, and then all strings of “AuNS” in the paper were replaced
with “Gold nanosphere”. Then, the morphology detection
algorithm seeks mentions of a pre-defined set of nanoparticle
shapes (e.g., “nanosphere”, “nanorod”, and “NR”). Many
miscellaneous morphologies that are rare (e.g., nanopopcorn
and nanoberries) are still included in this set of patterns but are
categorized as ‘other’ shapes. While non-Au NPs are filtered out,
NP mentions with unspecified materials are still detected as
potential AuNP morphologies. Instances involving unspecified
shapes (referred to as ‘NP’, encompassing cases like ‘nano-
crystals’ and ‘nanoparticles’) are considered low priority and are
classified as such when no other specific shapes are explicitly
mentioned in the paper. Then, we filtered out publications that
have no AuNP morphologies. In cases that have only two
morphologies including nanosphere, the sphere is ignored
because spheres are often mentioned either as the gold seed
shape or as the byproduct. In this process, 60 papers
mentioning more than one anisotropic gold morphology were
identified as having multiple syntheses and were filtered out, as
handling these cases would require additional steps for recipe
separation and linking, which were beyond the scope of this
study.

Following morphology detection, seed-mediated recipes
were screened by matching keywords including “seed-medi-
ated” and “growth solution”. Publications that had two or more
methods including seed-mediated growth and other non-seed-
mediated methods (with keywords ‘one-pot’ or ‘seedless’) were
regarded as having multiple recipes and were therefore filtered
out.

The next step in the workflow is recipe paragraph classifi-
cation. The goal of this step is to identify which of the para-
graphs in the full text contain information on AuNP synthesis
recipes (as opposed to introduction, conclusion, etc.). Candi-
date recipe paragraphs were identified using regex to screen for
paragraphs containing AuNP or keywords like “synthesize” and
“prepared”. After this filter, the recipe paragraphs were identi-
fied using a trained classifier for enhanced precision of the
recipe filter. Briefly, we trained a Support Vector Classifier
(SVC), using MatBERT embeddings® of each paragraph. Recipe
paragraphs and non-recipe paragraphs were sampled and
annotated to construct a dataset of 920 paragraphs, which was
split 9: 1 into training and test sets. Test set accuracy was 0.89
for this SVC classifier. Using MatBERT embeddings (784
dimension) as features showed classification performance
comparable to training using GPT-3 embeddings (1536 dimen-
sion, test set accuracy 0.90).

Seed and growth solution recipes (subrecipes) were identi-
fied from the recipe paragraph(s). We devised a keyword-based
algorithm to separate seed solution, growth solution recipes
and the mixing process. Briefly, given a recipe text, this algo-
rithm searches for keywords for each subrecipe (e.g., “seeds” for
seed solution, “grow” or “separate flask” for growth solution
and “aliquot of seeds” for the mixing process). Once it identifies
the first subrecipe keyword it reads through the text while
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searching for the other subrecipe to switch. As this algorithm
covers clearer cases separable by distinct keywords, a significant
portion of papers were filtered out and collected as the “hard”
cases to be processed by the fine-tuned LLM. However, this
screening process also filters out cases where a subrecipe is
indeed missing, for instance, directly purchased or when
authors choose to reference a recipe from a previous publica-
tion instead of explicitly detailing the procedure.

Next, precursors were extracted using regular expressions of
41 precursors of interest (full list provided in the ESIt) for each
subrecipe. This specific set of precursors was identified by the
most frequent precursors within the NER-detected dataset,*
with a small number of precursors manually added. These
include the gold source (AuCl, "), capping agents (citrate and
CTAB), reducing agents (ascorbic acid and NaBH,), and other
additives (AgNO; and HCI). This predefined set of precursors is
first categorized into one of 54 precursor formulae and then
normalized to one of 41 precursors using domain knowledge.
For instance, ‘NaAuCl,, ‘gold chloride’, ‘HAuCl,’, and its
various hydrates are normalized as ‘AuCl, .

The amount of each precursor is parsed based on regular
expression, via strict proximity-and-pattern-based linking using
each precursor match position. Then each subrecipe is repre-
sented as a maximum 41-dimension vector, where each
component of this vector corresponds to the precursor's molar
concentration in the resulting solution. However, there existed
several publications with recipes for which the amounts parsing
returned errors (e.g., precursor typos, or the seed solution recipe
being entirely missing). These cases are regarded as “hard”
cases to be re-extracted by the fine-tuned LLM.

Following the amounts parsing, these recipes were post-
processed to calculate the final concentration of each
precursor in its solution. Here, partially complete recipes were
identified, for instance, those missing the gold source, missing
amounts (e.g., of HCI), or mentioning only the concentration
but not the volume. These recipes were regarded as “partial”
cases to be processed by fine-tuned LLM.

All extracted recipes underwent manual validation to
confirm that the entire recipe had been correctly extracted. This
is a strict metric, as a recipe is marked correct when all entities
of the parser (precursors and amounts) are correctly parsed. If
applicable, the incorrect recipes were further corrected to be
included in the final dataset.

The search-based parser extracted 350 complete seed-
mediated recipes with the morphological outcomes, all of
which were manually corrected to give 331 recipes. A sample of
224 recipes from this along with 22 recipes sampled from the
“hard” dataset were used as training data to fine-tune Llama-2
(13B, 8-bit quantized)* so that, from a given seed-mediated
recipe text, the model can extract a structured recipe in the
JSON format. The annotations of these recipes were carefully
curated to use only the text as presented verbatim in the input
text, thereby attempting to avoid hallucination artifacts. As
LLMs are sequence-to-sequence models, output order could
cause variations in the output, so annotations were made to
reflect the order in which the precursors were presented in the
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input text. The keys of the output JSON were ‘seed solution’,
‘growth solution’, and ‘mixed seed’.

We deployed this fine-tuned LLM to extract recipes from
hard and partial cases. After running the fine-tuned LLM, the
outputs were further post-processed to screen for complete
recipes, using the same post-processing algorithm as the clean
cases. Also, we applied a hallucination filter to check that every
output token is present in the input text, which is consistent
with the training data annotation scheme. Then, these datasets
were manually validated to check that the target morphology
and recipe (precursors and amounts) were correctly extracted,
also categorizing the incorrect extractions as “not in scope”,
“missing info” or “parser fault”. In validating hard and partial
recipes, bipyramid, cube, and star syntheses were corrected if
possible (in cases where the recipe was still in scope but the
parser output was wrong), and the other morphology recipes
were validated but not necessarily corrected. In hard cases, we
identified 91 recipes with complete precursor amounts, while
for 139 recipes, the emphasis was placed on accurate precursor
categories regardless of amounts (referred to as ‘categorical’
recipes). As for partial cases, we observed 73 recipes with
complete amounts and 124 categorical recipes. The categorical
recipes correspond to both cases where the amounts were
indeed missing in the original synthesis description and cases
where the extracted amounts were incorrect.

For a subset of nanorod recipes using the most common
precursor set, a search-based size detection algorithm was used
for further analysis, correlating the recipe and size. This algo-
rithm searches size indicators (e.g., “diameter”, “length” and
“aspect ratio”) and size measurements (e.g., “between 30 and 40
nm” and “3 £ 0.5”). Then it attempts to link the indicator-
measurement pair in a single sentence, and outputs a blank list
if the link is not straightforward. The extraction and linking of
the size to the synthesis target of interest were challenging
because the size characterization section was often distant from
the synthesis recipes in the document. Furthermore, many
papers present the size information of the ‘final’ synthesized
AuNRs after modifications (e.g., another seeded growth using
NR seeds) and it was not always clear, without the figures, what
the presented size information referred to. To ensure the quality
of the relation extraction, we manually validated the entire
dataset for further analysis.

Data-driven hypotheses from machine learning

To learn the factors controlling morphology for seed-mediated
growth recipes, we trained classifier models that predict the
resulting shape for a given precursor vector from a synthesis
recipe. Morphology classes with 17 data points or more (bipyr-
amids, stars, cubes, and rods) were included in the analysis.

The concentration features were transformed in two
different ways for comparison. The first was the final molar
concentrations of the corresponding (seed or growth) solution
before the reaction. The second was log(107[X] + 1), where [X] is
the molar concentration.

This log transformation puts the concentration features in
a form that is more typical of reaction rates, as explained below.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Briefly, logistic regression is based on linear predictors, which
are linear combinations of the features. Using original features,
this linear combination would be in the form of
Zmodel = ZPrecursoriwi[Xi} =W+ W [AUC14_] + Wy [BH47] T+
where w is the model weight vector to be trained. When using
feature transformation proposed in this work, this predictor
would take the form of 2zmoder = Y Ww;log(C x [Xi] +1)=
log(k[AuCly "' [BH4 " ]™...) +log C x 37y . owi (if C>1),
which involves an initial-reaction-rate-like form. A detailed
discussion of the feature processing is in the ESL

To train ML models with the dataset, it was important to
address the asymmetric size of each morphology class with the
majority being AuNR syntheses (379 recipes) and the nanostar
syntheses (21 recipes) being the next most common. We first
separated the dataset into AuNR recipes and non-rod recipes.
AuNR and non-rod recipes were then split with a 98:2 and 6:4
train/test ratio, respectively. This would give a test set with a rod
class size similar to the star class size, both with around 7 data
points. After the split, training data for non-rod recipes were
copied and duplicated by 30. This number was chosen to make
each of the non-rod class size similar to the rod class size in the
training set. We tested with 8 different seed values for the splits,
and the accuracy scores were averaged across 8 seeds. For this
classification task, we trained various models including logistic
regression, nearest neighbor, decision tree, and multi-layer
perceptron using scikit-learn.*” For deployment, we used all
the data for training while repeating data points from non-rod
classes 20 times (again to make non-rod class size similar to
rod class size). We trained decision tree with depth 3 and
logistic regression (with regularization parameter C = 0.5) to
obtain interpretable models.

Results
Evaluation of parser accuracy

We evaluated the performance of our data extraction parsers
during the manual validation process. It should be noted that
the comparison of parsers is not straightforward, given that the
inputs are different (clean cases for the search-based parser and
partial and hard cases for the fine-tuned LLM), and parser
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outputs underwent additional filtration before manual valida-
tion to ensure recipe completeness and eliminate
hallucinations.

The precision is defined as the number of correct outputs
divided by the number of post-processed parser outputs. The
overall precision of the search-based parser and LLM is 0.78 and
0.42, respectively (ESI, Table S1}). We comment on the merits
and drawbacks of both methods in the Discussion section of
this work.

Dataset

We categorize each recipe based on the precursors used in seed
solution and growth solution along with the target morphology.
As shown in Table 1, the majority of the morphologies are non-
spherical. The primary composition of the dataset is AuNR
synthesis using AuCl,” (or its hydrates), BH, (as a reducing
agent), CTAB (as a capping agent) in seed solution and AuCl, ",
AgNO;, CTAB, and ascorbic acid (as a weak reducing agent) with
or without a strong acid in growth solution. A synthesis protocol
using these seven precursors (established by Nikoobakht and
El-Sayed®®) is commonly observed in our dataset to produce
AuNRs of various dimensions.

For other morphologies, we observe that the size of each
dataset is not as large as that of the rods. Still, it is worth
pointing out that some target morphologies are associated with
certain precursor sets more commonly than others. As for gold
nanocube syntheses, 2 recipes using AgNO; and HCI in growth
solution create concave nanocubes.*® Most of the recipes use
AuCl, , BH, , and CTAB in seed solution and AuCl, , CTAB,
and ascorbic acid in growth solution.>** It has been discussed
that nanocubes are favored over other morphologies with lower
CTAB and higher AA concentration.”'® To synthesize nano-
bipyramids (BiPym), the majority of recipes use the precursor
set used by Liu and Guyot-Sionnest,* and all the recipes use
AuCl, ™, citrate and BH,~ (3 with the addition of CTAC) in seed
solution, which is known to promote penta-twinned seeds. This
precursor set is also used in 6 out of 21 nanostar recipes, while
10 recipes use the Turkevich method® (AuCl,” and citrate
under boiling conditions) for synthesizing seeds.

Tablel Breakdown of the seed-mediated growth recipe dataset of recipes with complete amounts. The precursor set is shown in the format of
“seed solution precursors; growth solution precursors”. ‘OlA’ is oleic acid, ‘AA" is ascorbic acid, '5-BrSA" is 5-bromosalicylic acid, 'HQ' is

hydroquinone, and '‘BSA" is bovine serum albumin

Shape Count Most common precursor set
Rod 377 AuCl, ™, CTAB, BH, ; AuCl,, CTAB, AA, AgNO; (261) + HCI (65)/H,SO, (18)/HCI + OIA (6)/5-BrSA (6)
Star 21 AuCl, ", citrate; AuCl, ~, AA, AgNO; (2) + HCI (6)
AuCl, ", citrate, BH, ; AuCl, ", AA, AgNO; + CTAB (2)/BSA (2)
AuCl, ", TritonX-100, BH, ; AuCl, ", TritonX-100, AA, AgNO; (3)
Cube 19 AuCl, ™, CTAB, BH, ; AuCl, ", CTAB, AA (17)
AuCl,~, CTAC, BH, ; AuCl,~, CTAC, AA, AgNO;, HCI (2)
Bipyramid 17 AuCl, ™, citrate, BH, ; AuCl,~, CTAB, AA, AgNO;, HCI (10)
AuCl, ™, CTAC, citrate, BH, ; AuCl,”, CTAB, AA, AgNO3, HCI (3)
Sphere 15 AuCl,~, CTAB, BH, ; AuCl, ™, CTAB, AA (3) + AgNO; (4)
NP 32 AuCl, ™, CTAB, BH, ; AuCl, ", CTAB, AA (8) + AgNO; (4)
Other 11 —
Total 492 —

© 2025 The Author(s). Published by the Royal Society of Chemistry

Digital Discovery, 2025, 4, 93-104 | 97


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4dd00158c

Open Access Article. Published on 22 November 2024. Downloaded on 12/13/2025 10:13:56 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Digital Discovery

Data-driven morphology classification from machine learning

Table 2 shows the mean test set accuracies from morphology
classifiers trained using different featurization methods. Over-
all, most classifiers show high performance (>0.8) for deter-
mining one of the four classes of morphologies. We note a high
score of 0.94 from multinomial logistic regression using log-
transformed concentrations, which is comparable with neural
network performance. Performance of models using log-based
featurization is comparable to those using linear features,
with slight preference for using log-based features. We ratio-
nalize this preference for log-based features as reflecting the
initial reaction rates ([AuCl, ]*[BH, ]°...), as discussed in depth
in the ESL.}

The data-driven decision boundaries obtained from the
decision tree are illustrated in Fig. 2. Fig. 2 depicts a decision

Table 2 Morphology classifier model test set accuracies. For multi-
nomial logistic regression, C is the regularization parameter used in
scikit-learn*
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tree of depth 3 trained with the whole dataset while Fig. S2+
shows a 2-dimensional precursor space (with CTAB in seed
solution and HCI in growth solution), obtained from the first
two decision boundaries.

Prior research has found that citrate-capped gold seeds have
a penta-twinned structure,' while CTAB-capped seeds are
single crystalline; hence the former lead to bipyramids and the
latter lead to rods.**® The first decision boundary in the deci-
sion tree divides the dataset into recipes that use CTAB as the
seed capping agent leading to rods and cubes, and recipes that
use other capping agents (including citrate + BH, ) leading to
bipyramids and stars, indicating that the model has learned
trends backed up by expert observations.

Itis interesting that the second and third criteria (bottom left
of Fig. 2) distinguish star and bipyramid syntheses by HCI
concentration in growth solution (higher HCI favoring bipyra-
mids over stars) and AuCl, in seed solution (higher AuCl,~
favors stars over bipyramids). This is consistent with the prior
study that adding HCl in growth solution slows the reaction rate
allowing growth of more anisotropic shapes.*> The third deci-
sion regards the concentration of AuCl, in seed solution.

Accuracy  log Although this decision is made with very little support for
Feature for precursor X X] (10'[x]+1) bipyramids and we could not find a direct statement related to
" 1 logisti ] this decision, Langille et al. reviewed that the growth of gold
Multinomial logistic regression 0.91 0.89 . . . . 9,11,53 171
Multinomial logistic regression (C = 0.2) 0.58 0.94 panostars 1S pr(.)moted by. rapid kinetic grlowth. Hig.her pH
Multinomial logistic regression (C = 0.5) 0.78 0.94 in growth solution and higher concentration of AuCl,™ in seed
1-Nearest neighbor 0.82 0.89 solution could be in line with the fast growth rate.
3-Nearest neighbor 0.86 0.88 For recipes using CTAB in seed solution, two competing
5-Nearest neighbor 0.88 0.90 morphologies are nanocubes and nanorods. Most cube recipes
Decision tree (depth = 3) 0-84 0-85 in the dataset utilize a consistent set of precursors, specificall
Decision tree (depth = 4) 0.85 0.85 . o p o P Y
Neural net (MLP, hidden_layer_sizes = 100)  0.92 0.95 without AgNO;. Our decision tree analysis identified the
—_— 342
Morphology
[ BiPym
[ Cube _
T Rod
[ Star 01.44 8.96
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Fig. 2 Decision tree of depth 3 for morphology classification. Note that all the precursor concentrations are preprocessed, in this case,

transformed with log(10”[X] + 1) where [X] is the molar concentration of
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concentration of AgNO; as a fundamental factor (second deci-
sion point in Fig. 2) separating rods and cubes. For the latter
case without AgNO;, we found the opposite trend (third deci-
sion point) to the one reported by Sau and Murphy, although we
note that this was based on very few nanorod data points in this
region. Sau and Murphy reported that a lower CTAB concen-
tration resulted in the formation of nanocubes, as it promotes
Au deposition on {111} faces and formation of {100} faces.>***
Following this, Meena and Sulpizi have shown via molecular
dynamics simulation that CTAB has higher packing density on
Au(100) surfaces than on (111).** This indicates the need for
further exploration in the nanorod/nanocube formation in the
absence of AgNO;.

A synthesis (precursor) space with clearer decision bound-
aries from regularized logistic regression is shown in Fig. 3,
showing a 2D precursor space with multiple precursors. Instead
of using popular dimensionality reduction methods like PCA or
t-SNE, which ignore class labels, we utilized a learned weight
matrix from multinomial logistic regression to better highlight

15
¢ BiPym(17)

. “‘- Cube(19)
: - - Rod(377
2 e i iZlQ
T - £ - ar
< -
<
o
@
9
iS)
O
2 7]
)
o
™
=l
S
S ¢
S
I
>
o

—4 ¢

=15 -4 3

log(([xAB] + 1)%74([CTAB] + 1)1 1°([CTABseed] + 1)~10. . .)

PS1 = (‘AuCl4-','BH4-''CTAB'; 'AuCl4-','CTAB','AA",'AgNO3')

PS2 = (‘AuCl4-','BH4-','CTAB'; 'AuCl4-','CTAB','AA','AgNO3','HCI')
PS3 = (‘AuCl4-','BH4-','CTAB'; 'AuCl4-','CTAB','AA")

PS4 = ('AuCl4-','BH4-','CTAC'; 'AuCl4-','CTAC','AA",'AgNO3','HCI")
PS5 = seed recipe of (‘AuCl4-','Cit')

PS6 = ('AuCl4-','BH4-','Cit'; 'AuCl4-','CTAB','AA",'AgNO3")

PS7 = (‘AuCl4-','BH4-''Cit'; 'AuCl4-','CTAB','AA",'AgNO3','HCI")

Fig. 3 2D precursor space with morphology classification obtained
from logistic regression. 3-Nearest neighbor boundaries in this 2D
space are also shown in lighter colors. All the precursor concentrations
are preprocessed and transformed with 107[X] + 1 where [X] is molar
concentration of precursor X. 'xAB' represents ammonium bromide
precursors excluding CTAB such as cetyltripropylammonium bromide
(CTPAB), or didodecyldimethylammonium bromide (DDAB). Solid line
circles or polygons indicate that all data points in them have the
corresponding precursor set, while dashed line circles indicate that
most of the data points in the circle have the corresponding precursor
set. The full description of the axes is provided in the ESI.{
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decision boundaries between each class of morphology. To
demonstrate a low-dimensional space, we selected two columns
from this 38-feature by 4-morphology-class matrix, corre-
sponding to bipyramids and rods. This matrix (dimension of 38
by 2) was then multiplied with the design matrix with dimen-
sions (434 samples, 38 features), revealing one of the low-
dimensional spaces using the learned weight matrix from the
multinomial logistic regression model. Since these weights act
as linear coefficients of the features after the log trans-
formation, they are represented as the exponents of each
precursor in the axes of Fig. 3, as discussed in the Methods
section.

Compared to Fig. S2,f clearer boundaries distinguishing
stars, cubes, and rods are observed. For each dimension, the
order of precursors is sorted by the absolute values of the linear
coefficients (shown as exponents), and the full description of
the axes and grouping of precursor sets are provided in the ESIL.}
We observe that various precursor sets used in our dataset can
be mapped to form clusters in this synthesis space after
dimensionality reduction. Specifically, the two most common
precursor sets in nanorod synthesis, shown in Table 1, are
observed as two somewhat distinct clusters (labeled as PS1
without acid and PS2 with HCI in Fig. 3). The most common
precursor set for nanocube is observed as PS3 in Fig. 3, which
also includes three nanorod recipes that appear in the bottom
right histogram in Fig. 2. PS4 represents concave cube syntheses
and is distinguished from the rest of the nanocube syntheses
due to the use of AgNO; and HCIl. For star and bipyramid
syntheses, two precursor sets (PS6 and PS7 in Fig. 3) are
observed in both syntheses, but these are separated by multiple
factors including HCI in growth solution and AuCl,  in seed
solution, consistent with decision criteria in Fig. 2.

Correlation between the AuNR aspect ratio and AgNO;

Several past studies reported the use of silver nitrate to control
the size and aspect ratio of AuNRs”**** when using the most
common precursor set for AuNR in the first row of Table 1. To
investigate the correlation between precursor amounts and the
aspect ratio (AR), a subset of the dataset (169 AuNR recipes with
AR) using seven precursors (AuCl, , BH, , and CTAB in seed
solution and AuCl, ™, AgNO;, CTAB, and ascorbic acid in growth
solution) without acid (133 recipes) or with HCI (36 recipes)
were obtained from the search-based size detection algorithm
and manual validation. In some cases, only the aspect ratio is
reported without the corresponding lengths and widths, so our
analysis focuses on the AR to incorporate as much data as
possible. Additionally, a plot showing the correlation between
AgNO; and AuNR length and width is provided in the ESI
(Fig. S37).

Previous studies that span this set of seven precursors indi-
cate achievable rod aspect ratios between 1.5 and 5.0,°® which is
also reflected in the dataset (blue scatter in Fig. 4) (two
recipes®”*® reported aspect ratios ~5.2). Aspect ratios of the
nanorods are often controlled by the Ag" amount.? Specifically,
as the silver nitrate concentration was increased in the
controlled experiments of Nikoobakht and El-Sayed, the aspect
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Fig. 4 Aspect ratios of the synthesized AuNRs using AuCl,~, CTAB,
and BH,4  in seed solution and growth solution with AuCl,~, CTAB,
AgNOs, and ascorbic acid with (scatter in orange, 36 recipes) and
without HCL (scatter in blue, 133 recipes). The scatter plot with error
bars shows range (or variance) of AR indicated in each publication.
Dark orange circles are ‘reference’ recipes that were not included in
the original database and were manually extracted from Nikoobakht
and El-Sayed.® Blue circles within a single column of [AgNOs] show
duplicate recipes reproduced in different publications that had iden-
tical precursor final concentrations but reported nanorods with
different (>20%) aspect ratios. Each scatter point is from a different
publication except for Nikoobakht and El-Sayed. All data points are
manually validated.

ratio increased until [AgNO;z] = 0.00012 M (or log[AgNO;] =
—3.92) after which the aspect ratio decreased. They attributed
this decrease to an increased interaction between silver and
gold with the surfactant (CTAB) counterions. This trend is
qualitatively shown in our dataset, as the maximum aspect ratio
for a given silver concentration increases and then decreases
around the region of log[AgNO;] = —3.92 (mean-squares
quadratic trendline in Fig. 4). However, in our case this result
is obtained by extracting a variety of synthesis recipes from the
literature in contrast to the controlled experimental setting of
the rest of the precursors’ amounts and other synthesis factors.

It is known that lowering the pH by adding strong acids such
as HCI leads to longer rods.*”® Conversely, as shown in Fig. 4,
comparing syntheses from the seven-precursor set and seven-
precursor plus acid did not show a significantly different

Table 3 Apparently identical recipes with different outcomes
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distribution of aspect ratios, although the concentrations of
acid were mostly considerable ([HCI] = 0.001-0.08 M). Specifi-
cally, we observed a comparable distribution of ARs in the
region of log[AgNO;] between —4.05 and —4.0 for recipes with
HCI (ranging from a 2.0 to 5.2, with an average of 3.71) and
those without HCI (from 2.0 to 5.0 and an average of 3.58).

Apparently identical AuNR recipes with different aspect ratios

We note that in our dataset, similar or apparently identical
recipes result in different reported aspect ratios. We identified
five groups of recipes each with identical concentrations of all
seven precursors and a relative seed solution amount to the
growth solution, but with significantly different ARs (by more
than 20%) and these are highlighted in blue circles in Fig. 4 at
log[AgNO;] = —4.224, —4.222, —4.11, —4.01, —3.52. Here, we
note that all scatters circled in blue within a vertical column (i.e.
with the same AgNO; amount) are apparently identical recipes
in terms of precursor concentration. The difference in ARs was
up to 86% (5 and 2.69) which implies that there might be other
highly significant factors beyond precursor amounts that
impact the synthesis outcome. This large variance in the aspect
ratio may also arise from how the aspect ratio is measured,
specifically the sampling of the nanorods. While some studies
mention sampling details (e.g., that the authors sampled >50
rods in the TEM image) this information is not always provided.

Table 3 presents an overview of these identical recipes
examined in depth, with detailed information available in the
ESI (Table S27). Notably, in recipe group A, different aging
durations yielded distinct outcomes. Specifically, recipe index 3
resulted in shorter rods following overnight aging, contrasting
with longer rods observed in recipe index 1 with shorter aging
time. This finding aligns with a previous observation by Park
et al., who noted that the length increases faster than the width
in the earlier stages of growth.*

However, the inference of a missing factor is not always
clear. For instance, in recipe group C, no discernible synthesis
factors led to significant differences in aspect ratios, despite
referencing the same work by Nikoobakht and El-Sayed. Simi-
larly, although all mixtures in recipe group D were aged for at

Index Group log[AgNO;] Seed aging Mixture aging AR Ref.
1 A —4.01 25 °C at least for 2 h 27-30 °C for 20 min 3.3 60
2 A —4.01 — — 3.61 61
3 A —4.01 27 °C,2-3 h Overnight at 27 °C 2.375 62
4 B —4.224 27 °C for at least 2 h 12 h at 27 °C 3-4 63
5 B —4.224 6h Overnight 5 64
6 B —4.224 2 hat 25 °C 3 hat30°C 2.69 65
7 B —4.224 30°C for2 h 30 °C for at least 3 h 3.15 66
8 B —4.224 28 °C for at least 2 h At least 3 h 3.2 67
9 C —4.11 25 °C 30 °C 2.6 £0.3 68
10 C —4.11 25 °C 27-30 °C 4.0 69
11 C —4.11 — 30 °C, 30 min 4 70
12 D —4.222 25°C, 2 h At least 3 h 2-3 71
13 D —4.222 — 3h 3.21 72
14 D —4.222 25 °C, more than 2 h Over 3 h 3.6 + 0.5 73
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least 3 hours, they exhibited over a 20% difference in resulting
aspect ratios. Intriguingly, recipe group B showed a wide range
of ARs from 2.69 to 5. Among these, recipes 6, 7, and 8 showed
no significant differences in aging conditions yet displayed an
18% variation in the AR (2.69 to 3.2). Moreover, although recipe
index 4 features extended mixture aging and recipe index 5 has
longer seed aging, the investigation for the effect of these
extended (>6 hours) aging times requires further data points.

Discussion

Recipe extraction: hybrid parser using a search-based
algorithm and LLM

Overcoming data scarcity and sparsity®* is critical for data-
driven predictions in materials synthesis. In this paper, we
presented a hybrid approach for synthesis extraction, mixing
conventional rule-based search methods with a fine-tuned LLM.
By adding the LLM we were able to obtain about 50% more data
compared to when only using the search-based method. This
LLM-based approach showed flexibility in separating the seed
and growth subrecipes within a seed-mediated growth recipe. In
contrast, there were cases where a straightforward separation
algorithm utilizing the transition keyword (e.g., “For growth
solution”) failed, resulting in the loss of a considerable number
of relevant recipes. Also, the LLM showed flexibility in extract-
ing precursor amounts. Specifically, the LLM could extend the
predefined set of precursors of interest (such as 5-BrSA, Triton
X-100, SDS, LSB and NH,OH which were not included in the
original precursor set for regex), while considering the multi-
tude of organic reagents, and including all of the possible
precursors to a list of regular expressions can easily be an
arduous process. Furthermore, the LLM could also easily adapt
to out-of-distribution presentations of the precursor amounts.
This was particularly interesting as we initially expected the
patterns of the amounts of a chemical to be very limited, and
regarded the others as the edge cases. For example, the LLM
could also correctly parse amounts from the phrase “a mixture
of (1 mL, 2 mM) HAuCl, and (3 mL, 4 mM) CTAB” which was not
included in our search-based detection and linking for the
precursors.

However, there exist limitations in this approach because the
LLM tended to hallucinate the missing information when pre-
sented with partially complete recipes. Although we carefully
constructed the training data to ensure the LLM generates
tokens used in the input text, we still encountered “weak
hallucinations” where the model generated information not
found in the input text. For instance, there were cases where
a seed solution recipe was completely missing in the source text.
Indeed, we confirmed multiple cases where (i) seeds were
purchased and used as-is, (ii) the recipe was described without
details (e.g., “seeds were synthesized using borohydride reduc-
tion”) or (iii) the recipe was completely omitted. In such cases,
we found that the model often confused the growth solution
precursors and amounts with seed solution parameters, and
these data were extracted as the seed solution recipe. Therefore,
we had to manually filter cases and verify whether the infor-
mation was indeed missing from the input text or not.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Recipe representation and missing data

For recipe representation, a synthesis procedure would be
‘completely’ described by a sequence of actions or graphs,
especially considering the sensitivity of the nanoparticle
syntheses. In this study, we represent a recipe as its precursor
vector. While this representation effectively trains a morphology
classifier, it falls short in tasks such as AuNR AR regression. In
such cases, some data points in Table 3 indicate that additional
features including aging temperature and time are necessary.

There are challenges in achieving this complete description
of the recipe. First, the information presented in the literature is
often missing or varying in the level of detail. In addition to
cases where the entire recipe or parts of the precursor amounts
were missing (discussed in the above subsection), information
such as shape yield, seed characterization, reaction/aging
temperature and time is often simply missing in most cases.
Furthermore, the order of mixing is not always explicitly pre-
sented. While some papers write that “Precursor A was injected
into Precursor B and then Precursor C was mixed with that
solution”, other papers write “A solution mixture of Precursor A,
B, and C was mixed with another solution consisting of D and
E”. We note that in the case of solid-state synthesis, Malik et al.>®
found that adding the action sequence for product prediction
did not show a significant increase in prediction power, which
would imply that in a low-dataset-size regime, it is better to
select some features of recipe representation rather than adding
as many features as possible. Therefore, it is unclear whether
more precise extraction of the action sequences would result in
better model accuracy in this instance, but for larger data set
sizes or for scientific understanding such sequence descriptions
may prove to be useful.

Hypotheses generation from the dataset

Using a multi-source dataset extracted from the literature, we
successfully identified and verified correlations between exper-
imental conditions and morphological outcomes for seed-
mediated gold nanoparticle synthesis. Specifically, we showed
that the seed capping agent is crucial in shape determination of
seed-mediated growth syntheses using purely statistical
learning.

For AuNR aspect ratio determination, we investigated the
dataset using a fixed synthesis protocol with the most repro-
duced set of precursors. This revealed a very weak trend (Fig. 4),
which may not be immediately exploitable. However, this
general trend obtained from literature data is more robust
against human factors and also encompasses a wider range of
factor levels for each precursor, compared to existing OVAT
studies. We also identified the challenges of this large data
analysis by consolidating data from multiple sources in the
literature. First is a bias in popularity. As shown in Table 1, most
of the extracted recipes focused on nanorod synthesis, with the
majority of them using a precursor set from Nikoobakht and EI-
Sayed.>® The second challenge is the lack of negative data, i.e.,
synthesis with lower shape selectivity. As shown in Fig. 3 and
S2,f there are regions yet to be filled with data points for further
exploration or to confirm a low shape yield. Overall, we believe
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that expanding on the Design of Experiments (DoE) studies
including those by Burrows et al.,” can highlight potential
opportunities in further exploration and exploitation within
the synthesis space. However, in the absence of controlled
studies, this dataset can serve as a current map for known
procedures.

Conclusion

In this study, we utilized a hybrid approach combining search-
based algorithms and LLM to collect 492 seed-mediated gold
nanoparticle (AuNP) synthesis protocols from various literature
sources available online. Notably, while our dataset aligns with
some established understandings in the field (e.g., the seed
capping agent largely determines the AuNP morphology), we
also encountered large variability (e.g., in AuNR aspect ratios
from identical recipes) and even discrepancies. These incon-
sistencies could point to over-generalizations in human-centric
approaches, underscoring the value of our data-driven meth-
odology in revealing new insights and challenging existing
assumptions.

Looking ahead, this data-driven approach offers exciting
opportunities for broader applications. Beyond AuNP synthesis,
similar methodologies could be applied easily to other metal
nanoparticles (e.g., AgNPs, CuNPs and PtNPs), or semi-
conductor nanoparticles for applications ranging from
biomedicine to catalysis. Expanding this framework could
inspire future developments in data-driven materials science,
enabling more efficient and automated exploration of complex
synthesis spaces.

Data and code availability

The dataset and code used are available at https://github.com/
slee-lab/AuNP-seedmed-recipes.”™
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