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Nanoinformatics (as an offshoot of chemoinformatics) refers to
the combination of physical chemistry and materials theory with
in silico approaches to address key questions including the
prediction of (nano)materials (NM) functionality, nanomateri-
als fate in the environment, toxicity or therapeutic ability, and
recyclability. As the properties of nanomaterials themselves
span several scales, from electronic, atomistic, mesoscopic to
continuum, and are highly dynamic and context dependent (i.e.,
interact with and are transformed by their surroundings as well
as impacting on their surroundings), they introduce new chal-
lenges for naming, describing, and representing them, and
require the combination of physics-based and data-driven
modelling approaches. The emergence of artificial intelligence
and machine learning approaches, both causal and generative,
are opening up new opportunities for exploring the materials
and chemical space to develop new as yet undiscovered nano-
materials, for optimising in parallel the functionality, safety and
sustainability of nanoscale and advanced materials (so-called

multi-criteria optimisation), and as a key driver of the know-
ledge and digital transitions that will underpin the next decade
of industrial innovation as shown schematically in Figure 1.

This thematic issue includes 13 articles (10 original research
papers, two perspectives, and one review paper) that provide a
snapshot of recent exciting developments in nanoinformatics,
and is an output from the Beilstein Nanotechnology sympo-
sium [1] of the same name, held in October 2022. The advances
presented are clustered around four key needs, including
(i) prediction of nanomaterials physicochemical properties,
structural features, and biomolecule interactions using both
physics-based and machine-learning (ML) approaches;
(ii) prediction of nanomaterials toxicity including development
of novel toxicity-related descriptors; (iii) solution-focussed ap-
proaches applying advanced artificial intelligence (AI) and ML
approaches to nanomaterials disease therapy, environmental
remediation, and to support implementation of the framework
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Figure 1: Schematic illustration of the central role of nanoinformatics in driving materials discovery, multi-criteria optimisation of NMs safety, sustain-
ability and functionality, and use of digital twins for in silico design and testing of nanomaterials prior to production. Illustration of Interconnected Mole-
cules Symbolizing Chemical Bonds ©vectormine via https://www.Canva.com; Filter Lineal Icon Set @premystd via https://www.Canva.com; Balance,
Scale Icon @shaharea via https://www.Canva.com; Watercolor stain @benedak via https://www.Canva.com; Magnifying Glass Illustration @joanna-
rzonca via https://www.Canva.com. The content depicted in Figure 1 is not subject to CC BY 4.0.

for Safe and Sustainable by Design (SSbD); and (iv) infrastruc-
ture and tools to underpin the implementation of nanoinformat-
ics.

Given the heterogeneity of properties of nanomaterials reported
in experimental papers, the ability to predict or impute physico-
chemical properties as inputs for quantitative structure/activity/
property relationship (QSAR/QSPR) models is critical. Moncho
et al. surveyed the nanomaterials QSAR literature to determine
the variety of calculated and experimental features used to
define and describe nanomaterials, and proposed a classifica-
tion of the descriptors into those that directly describe a compo-
nent of the nanoform (core, surface, or structure) and those that
indirectly reflect its structure (experimental features related to
the nanomaterial’s behaviour, preparation, or test conditions)
[2]. Voyiatzis et al. computationally studied, using atomistic
molecular dynamics simulations, the morphological transfor-
mations (from molten/amorphous to crystalline) during rapid
cooling of 1–8 nm spherical gold and platinum nanoparticles
(NPs), which are challenging to experimentally measure. Using
computational descriptors commonly used in nano-QSAR
models, such as the potential energy of surface atoms and the
water–NP surface energy, the model predicts that Pt NPs are

more toxic than Au NPs, based on their surface properties,
which drive reactivity [3]. Amini et al. combined atomistic mo-
lecular dynamics, a coarse-grained model of protein adsorption,
and kinetic Monte Carlo simulations to predict the protein
corona composition formed on aluminium surfaces with differ-
ent crystal faces, (i.e., (100), (110), and (111)) from a simpli-
fied model of milk consisting of the six most abundant milk
proteins found in natural cow milk and lactose, the most abun-
dant sugar found in dairy products, based on their correspond-
ing interaction strengths. The resulting freely accessible multi-
scale computational model enables predictions of the binding
strength, preferred orientations, and relative abundance of the
specified molecules on the specified material surfaces giving an
insight into the mechanisms of bio–nano interaction [4]. Varsou
et al. demonstrated a novel approach to evaluate the perfor-
mance of different models for the same endpoint (zeta potential
of nanomaterials) trained using a common dataset, through the
generation of a consensus model, leading to increased confi-
dence in the overall model predictions and underlying models.
The consensus models outperform the individual models (kNN/
read-across, random forest regression, AdaBoost regression,
Stacked PLS – quantitative read-across structure–property rela-
tionship (q-RASPR), and Stacked MLP – q-RASPR), resulting
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in more reliable predictions overall, and suggesting that this ap-
proach could enhance regulatory acceptance of in silico new ap-
proach methodologies for hazard and risk assessment of nano-
materials [5].

A major topic in the field is to identify the drivers of nanomate-
rials toxicity, through understanding which physicochemical
properties or atomistic properties are most strongly correlated
with – and thus predictive of – toxicity, often measured in vitro
as cytotoxicity. To address this question, Roy and Roy
constructed a quantitative structure–property relationship
(QSPR) model with 132 metal oxide (MeOx) nanomaterials to
understand the possible mechanisms of cell membrane damage
and the role of zeta potential (a proxy for surface charge) in par-
ticular. The results showed that zeta potential, along with peri-
odic-table-based descriptors such as an increase in oxygen
count, electronegativity, and formation of a cationic charge, all
influence cell membrane damage, and had the potential to influ-
ence oxidative damage through free radical accumulation,
which could lead to changes in the survival rate of cancerous
cells, also offering insights for potential nano-based cancer ther-
apeutics [6]. Focusing on one specific MeOx nanomaterial,
nano-TiO2, and a kidney epithelial cell – human renal cortex
proximal tubule epithelial (HK-2) – Roy and Roy explored the
potential for the nano-TiO2 to act as a carrier for other heavy
metals such as Cd, Zn, Pb, Co or Ni into the cells – a so-called
Trojan Horse mechanism. Using an ensemble learning ap-
proach that implements gradient boosting and bagging algo-
rithms, four models were developed (i.e., a random forest,
AdaBoost, Gradient Boost, and Extreme Gradient Boost) and
used to establish statistically significant relationships between
the structural properties of the TiO2 nanomaterials and the
cause of cytotoxicity. The experiment-independent periodic ta-
ble descriptors utilised here were found to produce better
predictions than quantum chemical descriptors in previous
studies, demonstrating the power of ML in conjunction with
periodic table descriptors to predict co-exposure effects [7].
Further extending the concept of experiment-independent peri-
odic table descriptors, Kar and Yang introduced 3rd-generation
periodic table descriptors (i.e., atomic radius, crystal ionic radii,
density of the metal, electron affinity, and ionization energy)
which complement and extend the seven first- and sixteen
second-generation periodic table descriptors, as a means to
model the toxicity of MeOx nanomaterials to zebrafish embryo
– measured as impacts on the enzymatic activity of the hatching
enzyme ZHE1. The developed nano-quantitative read across
structure–toxicity relationship (nano-qRASTR) model, featur-
ing three attributes, outperformed the previously reported
simple QSTR model, and enabled prediction of zebrafish em-
bryo toxicity of 35 diverse MeOx nanomaterials, thus helping to
fill the current gap in the toxicity data for zebrafish [8].

A major driver of the development of nanomaterials, nanoinfor-
matics and ML/AI is the potential for solutions to real-world
issues, whether in nanomedicine, nano-enabled agriculture, or
environmental remediation. Improving the efficacy of targeted
therapies and minimizing off-target effects are key challenges in
nanomedicine. To address these, Dasgupta et al. mapped the
structural fingerprints of ligands governing the cellular uptake
of MeOx nanomaterials based on classification-based ML
models (i.e., Bayesian classification, random forest, support
vector classifier, and linear discriminant analysis) applied to
multiple cell types (pancreatic cancer cells (PaCa2), human en-
dothelial cells (HUVEC) and human macrophage cells (U937)).
The best model for each cell type was identified, and the struc-
tural fingerprints/features governing the cellular uptake were
analysed as a basis for programming higher cellular uptake effi-
ciency and better therapeutic response [9]. He et al. used addi-
tive AI-based approaches to identify nanoparticle systems for
delivering drugs to treat neurodegenerative diseases. Their
method overcomes two major challenges: the scarcity of data on
nanomaterial-based neural drug delivery and the enormous
number of possible nanomaterial–drug combinations. The ap-
proach combines information fusion, perturbation theory, and
machine learning to create a unified dataset comprising 4403
neuronal drug delivery assays from ChEMBL and 260 nanopar-
ticle cytotoxicity assays from journal articles on which linear
discriminant analysis and artificial neural network algorithms
were applied. The resulting models were effective as an initial
rapid pre-screening of putative nanoparticle-based drug delivery
systems to treat neurodegenerative disease [10]. Moving into
the realm of mixture toxicity and environmental impacts of
nanomaterials, Petry et al. investigated the interaction of
graphene oxide (GO) with tannic acid (TA) and its conse-
quences for GO toxicity to the earthworm Caenorhabditis
elegans. Reactive classical molecular dynamics and ab initio
calculations revealed that TA preferentially binds to the most
reactive sites on GO surfaces via oxygen-containing groups or
the carbon matrix. The binding energy was dominated by van
der Waals interaction forces. A dose-dependent mitigating
effect of TA on the toxicity of GO was observed, and attributed
to the surface interactions between TA and GO as well as to the
inherent biological properties of TA in C. elegans. The findings
provide insights that can be utilised for the design of safer nano-
materials, as part of the Safe and Sustainable by Design (SSbD)
framework [11]. Finally, providing a forward-looking perspec-
tive, Melagraki discussed the transformative potential of ML
and AI when applied to the design of safer and more sustain-
able nano- and advanced materials. The ability to computation-
ally screen candidate materials before ever producing them and
the concept of digital twins – of nanomaterials, of their produc-
tion lines, their interaction partners, or even of the environ-
mental compartments into which they may be released – enable
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both industrial and regulatory innovations in a safe space. How-
ever, it requires a strong focus on overcoming barriers such as
the perception of models as black boxes through, for example,
explainable AI [12].

The final group of papers explores some of the underpinning
services and technologies needed to enable nanoinformatics, in-
cluding data management workflows to combine, harmonise,
and organise datasets in machine-actionable formats. Le Piane
et al. explored the commonalities among advanced digital tech-
nologies, such as high-performance computing, AI/ML and data
management workflows. Using a digital, data-centric methodol-
ogy, the proposed approach to integrating methodologies
utilises structured information management approaches to
establish a framework for representing materials-related infor-
mation and facilitate interoperability across diverse tools. The
approach highlights the role of digital twins in nanomaterials
development and examines the impact of knowledge engi-
neering in establishing data and information standards to facili-
tate interoperability [13]. Punz et al. presented a practical ap-
proach to capturing both nanomaterials and data provenance,
via the InstanceMaps tool, which allows users to document
research workflows of increasing complexity, including docu-
mentation of: (i) synthesis, functionalisation, and characterisa-
tion of nanomaterials; (ii) assays used to assess the transformat-
ions of nanomaterials in complex media; and (iii) assays used
for the assessment of the toxicity of the nanomaterials, for ex-
ample using standardised Daphnia magna assays or human
immunotoxicity assessment using cell lines and primary cellu-
lar models. Another example demonstrated the use of the
instance map approach for the coordination of materials and
data flows in complex multi-partner collaborative projects, pro-
viding information on both materials and data flows in a user-
friendly approach to metadata capture [14].

As this snapshot shows, nanoinformatics is an exciting and fast
moving area with much to look forward to in terms of nanoin-
formatics enabled innovations, integrations, and impacts.

Iseult Lynch, Diego S. T. Martinez, Kunal Roy, and Georgia
Melagraki

Birmingham, Campinas, Kolkata, and Vari, October 2025.
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Abstract
Nanoparticles with their unique features have attracted researchers over the past decades. Heavy metals, upon release and emission,
may interact with different environmental components, which may lead to co-exposure to living organisms. Nanoscale titanium
dioxide (nano-TiO2) can adsorb heavy metals. The current idea is that nanoparticles (NPs) may act as carriers and facilitate the
entry of heavy metals into organisms. Thus, the present study reports nanoscale quantitative structure–activity relationship (nano-
QSAR) models, which are based on an ensemble learning approach, for predicting the cytotoxicity of heavy metals adsorbed on
nano-TiO2 to human renal cortex proximal tubule epithelial (HK-2) cells. The ensemble learning approach implements gradient
boosting and bagging algorithms; that is, random forest, AdaBoost, Gradient Boost, and Extreme Gradient Boost were constructed
and utilized to establish statistically significant relationships between the structural properties of NPs and the cause of cytotoxicity.
To demonstrate the predictive ability of the developed nano-QSAR models, simple periodic table descriptors requiring low compu-
tational resources were utilized. The nano-QSAR models generated good R2 values (0.99–0.89), Q2 values (0.64–0.77), and Q2F1
values (0.99–0.71). Thus, the present work manifests that ML in conjunction with periodic table descriptors can be used to explore
the features and predict unknown compounds with similar properties.

939

Introduction
Nanoparticles (NPs) have gained much attention due to their
widespread applications in different areas, and they are continu-
ally designed to yield certain desired properties [1]. With the

uninterrupted development of new NPs, engineered nanoparti-
cles in the form of metal oxide nanoparticles are becoming a
new area of research. Metal oxides have been used in different
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industries, and the market is developing rapidly [2]. According
to a recent analysis, approximately 1300 consumer products
containing NPs were marketed in 2012. As a common metal
oxide nanoparticle material, nanoscale titanium dioxide (nano-
TiO2) has been evaluated for diverse applications. TiO2 has
been shown to be a promising material for practical applica-
tions because it is highly photoreactive, inexpensive, non-toxic,
chemically and biologically inert, and photostable. Also, nano-
TiO2 exhibits high specific surface area and anti-corrosion and
photocatalytic properties [3]. It absorbs UV radiation and shows
self-cleaning ability. Nanoparticles have a susceptibility to
adsorb other substances to form a mixture leading to a shift of
toxicity to living organisms [4]. Hence, many studies have re-
ported cytotoxic characteristics of TiO2 [5,6].

Some NPs are fatal to living cells, and their cytotoxicity may
inhibit cell growth cycles, leading to death of organisms.
Considering this fact, the cytotoxicity of TiO2 in combination
with other pollutants has been evaluated. TiO2 is the most com-
monly manufactured nanoparticle material. It is assumed that
because of the considerably high exposure TiO2 NPs may enter
the food chain. Because of current industrialization processes,
organisms are also exposed to heavy metal pollutants [7].
Emitted NPs may interact with the pollutants, and this may
subsequently lead to bioaccumulation. The contamination of
water and soil with heavy metals has increased with anthro-
pogenic and industrial activities [8,9]. TiO2 NPs commonly
co-exist with different heavy metals as they are released from
wastewater treatment facilities to freshwater bodies, affecting
the mode of action and the fate of the contamination. Studies
have reported the ability of TiO2 NPs to adsorb heavy metals
and to increase their transport rate into hosts, increasing their
concentration in the cell. Hu et al. [10] investigated the joint
effect of TiO2 NPs and humic acid (HA) on Cd2+ bioaccumula-
tion in zebrafish. In another study, Yang et al. [11] showed that
TiO2 NPs increased the accumulation of Cd2+ in the ciliate
Tetrahymen thermophila. Further, Tan et al. [12] showed in-
creased uptake and retention of Cd2+ and Zn2+ adsorbed on
TiO2 NPs in Daphnia magna. Heavy metal contamination
affects plant growth and indirectly affects human health via the
food chain. Heavy metals have become an important factor
limiting crop yields and, thus, threatening food security. There-
fore, to improve crop yields, heavy metals need to be removed.

The toxicity of single-substance NPs has been tested extensive-
ly; however, the combination of single-substance NPs with
other NPs or metals may cause co-exposure effects on living
organisms. The extensive use of heavy metals in areas such as
medicine and agriculture increased the negative impact of heavy
metals on environment and living organisms, raising the need
for risk assessment. Unlike other pollutants, heavy metals do

not decompose, leading to bioaccumulation and biological
hazards [13]. Heavy metals enter the human body through the
consumption of fish and plants [14]. To date, heavy metals are
removed through various methods. Among all methods avail-
able for removing heavy metals and toxic pollutants from
waters, adsorption is the most widely used. Therefore, the joint
organismal toxicity should be assessed.

Recently, nanoscale quantitative structure–activity relationship
(nano-QSAR) models have been successfully applied to investi-
gate the toxicity of NPs. QSAR models for predicting the bio-
logical activity of 48 fullerene derivatives [15], 51 manufac-
tured nanoparticles with varying core metals, coatings, and sur-
face attachments [16], and 80 surface-modified multiwall car-
bon nanotubes have been reported. Another approach, namely
nano-read-across (nano-RA) [17], has been used to determine
the cytotoxicity of unknown nanomaterials based on structure
similarities with known substances. Materials with similar
structures are likely to produce similar toxicity through compa-
rable mechanisms. The development of machine learning (ML)
approaches, such as artificial neural networks (ANNs), decision
trees, logistic regression (LR), support vector machines (SVM),
Naïve Bayes (NB), random forest (RF), and k-nearest neighbor
(k-NN), can be used to construct models that simulate complex
relationships [18] and make predictions based on training data.

Using ensemble learning (EL) [19] methods, one can determine
the relationship between the response and the predictor as well
as solve regression problems. Additionally, such methods over-
come problems with weak predictors and can be used to reduce
the overfitting of the training data by averaging and incorporat-
ing multiple models. Ensemble learning is established with
multiple algorithms and is divided into bagging and boosting
algorithms. The boosting algorithm is an iterative algorithm that
uses a weak model to build a strong model. Both bagging and
boosting improve the prediction accuracy of weaker learners. A
boosting algorithm combines many models linearly, with each
new model depending on the previous one. In the bagging algo-
rithm, replica data sets are generated that minimize prediction
variance in machine learning. An iterative algorithm performs a
series of repeated steps to gradually improve the model’s per-
formance or to optimize a specific parameter. The algorithms
continue to update the model’s parameters based on the training
data until a certain stopping criterion is met, such as reaching an
optimal solution, or a predefined number of steps are complet-
ed. This process is performed during the training of the model,
where the model learns from the data by adjusting its parame-
ters to minimize a specific cost or error function. These algo-
rithms play a crucial role in training machine learning models
and are fundamental to many optimization and learning tech-
niques. Fine-tuning the model parameters through iterations
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Table 1: Different concentrations of heavy metal salt samples in µmol/L.

Sample CdCl2 ZnCl2 CuSO4 NiCl2 Pb (NO3)2 MnCl2 SbCl3 CoCl2

1 10 60 30 100 100 100 5 10
2 20 90 60 200 200 200 10 20
3 30 120 90 300 300 300 15 30
4 40 150 120 400 400 400 20 40
5 50 180 150 500 500 500 25 50
6 60 210 180 600 600 600 30 60
7 70 240 210 700 700 700 35 70
8 80 270 240 800 800 800 40 80
9 90 300 270 900 900 900 45 90

helps to improve the model’s performance and makes it more
suitable for making accurate predictions for new, unseen data.

The boosting algorithm is an ensemble method that works
sequentially by adding predictors to an ensemble, each one
correcting its predecessors. In the boosting algorithm, at first, an
initial model is developed with the dataset and then the algo-
rithm tries to adjust the model parameters and again develops a
model that tries to correct or minimize errors present in the
previous model. This process is repeated until a satisfactory
model is obtained or the error function is significantly opti-
mized. Through this process, we get a strong learner or model
from several weak learners or models by sequentially mini-
mizing the error present in the predecessor models. Here, the
weak model represents the models that are developed at an
initial stage and contain a significant amount of error. The
strong model is indicated by the final model, which contains a
significantly low level of error and is able to predict new
unknown data more accurately. Bagging (or bootstrap aggre-
gating) is an ensemble method that generates a number of boot-
strap datasets by a method called random sampling with
replacement, and each dataset is used to train the models sepa-
rately. The final prediction is obtained by averaging the
outcome of each model (for regression models) or by majority
voting (for classification models).

The objective of the present study was to construct EL-based
regression models (RF, Gradient Boost, Extreme Gradient
Boost, and AdaBoost) with periodic table descriptors for
predicting the cytotoxicity, in terms of cell viability, of eight
heavy metals adsorbed on nano-TiO2. Also, the best algorithm
showing the most contributing features responsible for the tox-
icity to HK-2 (human kidney 2) cell has been determined. To
the best knowledge of the authors, this is the first work on ML
models using periodic table descriptors to successfully demon-
strate the high potential of the proposed modeling approaches.

Methods and Materials
Dataset
The dataset was collected from previously published literature
[20]. A mixture of nano-TiO2 powders was added to HK-2 cells
in Hyclone DMEM medium supplemented with 10% fetal
bovine serum (FBS) and 100 mg penicillin/streptomycin and
maintained at 37 °C in the presence of 5% carbon dioxide. Nine
concentrations of heavy metal salts were added to a constant
amount of nano-TiO2 (25 µmol/L). The details of heavy metal
concentrations are given in Table 1.

HK-2 cells were utilized to determine the toxicity in this study
using cell viability as the endpoint. HK-2 cells are a sensitive
model for examining renal cytotoxicity. They grow in mono-
layers and are suitable for studying the proximal tubular toxici-
ty of a variety of compounds [21]. The main advantage of HK-2
cells is that they retain the basic morphological and functional
properties of proximal tubular epithelial cells [22]. Cell viability
was measured by using Equation 1:

(1)

Here, S stands for cell survival rate, Aexp is the absorbance
value of the experimental group, Acontrol is the absorbance value
of the control group, and Ablank is the absorbance value of the
blank control group.

Descriptor calculation
Based on the characteristics of metals, we used easily calcu-
lable periodic table descriptors. Simple molecular information
was generated time-effectively and cost-effectively. The previ-
ously used descriptors by Kar et al. [23] are the metal electro-
negativity (χ), the sum of metal electronegativity for an indi-
vidual metal oxide (∑χ), the sum of metal electronegativity for
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an individual metal oxide divided by the number of oxygen
atoms present in that metal oxide (∑χ/NO), the number of metal
atoms (NMetal), the number of oxygen atoms (NOxygen), the
charge of the metal cation in a given oxide (χox), and the mo-
lecular weight (MW). These descriptors are termed “first-gener-
ation periodic table descriptors”. The newly introduced sixteen
descriptors are denoted as “second-generation periodic table
descriptors” [24]. The computed descriptors for all metals are
reported in the Excel file in Supporting Information File 1. In
addition to being computationally less demanding, periodic ta-
ble descriptors are size-independent.

Splitting of data set and hyperparameter
tuning
The dataset was split into training and test sets before building
the model. The training set was mainly used to fit the model,
and the test set was used to measure the generalization ability of
the developed model. Theoretically speaking, the dataset was
divided based on a sorted response-based approach using the
in-house dataset division tool (https://dtclab.webs.com/soft-
ware-tools). In this study, the size ratio was set at 3:1 (training
set/test set) for dataset division.

In almost any ML algorithm, different models are trained for a
dataset and the best-performing model is selected. However,
there may be room for improvement, and hyperparameter
tuning can significantly improve the model. Here, the optimal
values of the hyperparameters of the models were obtained with
the GridSearchCV algorithm using the hyperparameter opti-
mizer tool (https://sites.google.com/jadavpuruniversity.in/dtc-
lab-software/home/machine-learning-model-development-
guis?pli=1). GridSearchCV tests all combinations of values in
the dictionary and evaluates the model using the cross-valida-
tion method for each combination. Therefore, we choose the
hyperparameter combination with the best average MAE results
from the validation sets.

Feature selection with random forest
The goal of feature selection techniques is to find the best set of
features that allows one to build optimized models. Feature
selection using RF is an embedded method. Embedded methods
combine the benefits of filter and wrapper techniques. These
methods encompass the interaction of features while main-
taining reasonable computational cost. In embedded methods,
each iteration of the model training process is taken care of, and
a few features that contribute the most to the training process
are carefully extracted. More precisely, it is measured how
much impurity is reduced on averaging (weighted average)
through each tree nodes with the selected features. Here, each
node is equivalent to the number of training samples associated
with it. Through the RF algorithm, we have selected the most

contributing eight periodic table descriptors, namely “conc”,
”∑χ”, “atomic radius”, “IP_ActivM”, “Mol_Wt”, “χ of metal”,
“D3_HeteroNonMetal”, and the total number of atoms in a mol-
ecule, from a pool of 43 periodic table descriptors by using the
features with the highest Gini importance [25]. The selected
first eight descriptors (most contributing features) were further
used for modeling using RF, AdaBoost, Gradient Boost, and
Extreme Gradient Boost algorithms.

Model development
This section introduces four classification models; all of them
are ensemble learning models. ML is a subset of artificial intel-
ligence where the machine learns from data and improves per-
formance from past experiences and makes a prediction based
on it [26]. In this study, along with RF, Gradient Boost,
Extreme Gradient Boost, and AdaBoost were also performed. In
the supervised learning approach, a model is trained on labeled
datasets. Regression analysis algorithms are trained and learned
from both input features and output labels. Regression analysis
seeks a mapping function from the input features for a continu-
ous output function. In this study, there is no intention to cate-
gorize the dataset, instead it is to be predicted quantitatively.
Hence, the supervised regression method is selected to map the
function of heavy metals and predict the cytotoxicity of these
metals on HK-2 cells with periodic table descriptors. For the
model development, after dataset division and feature selection,
different ML algorithms are performed. The overall workflow is
illustrated in Figure 1.

Random forest (RF)
In ensemble learning, RF is often used for its flexibility.
Whether it is regression or classification, RF is a versatile
learning method that can handle both. It works by building
several decision trees in the training phase and generates aver-
age forecasts of various decision trees involved. In other words,
it combines the results of different decision trees to make the
best possible decision. Though the goal variable in classifica-
tion-based issues is categorical, numerical values are present in
regression. One advantage of RF is its capacity to analyze large
datasets with great efficiency [27]. It can be regarded as a
dimensionality reduction method since it analyzes large input
data and finds all important variables. While handling RF
datasets, the model emphasizes the importance of parameters,
which is a highly helpful aspect [28].

Adaptive boosting (AdaBoost)
AdaBoost is one of the best boosting algorithms. It uses an en-
semble learning method. This approach of machine learning is
based on the idea of creating accurate prediction rules by com-
bining many relatively weaker and inaccurate rules and
assisting in alleviating overfitting issues. It is possible to make a

https://dtclab.webs.com/software-tools
https://dtclab.webs.com/software-tools
https://dtclab.webs.com/software-tools
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home/machine-learning-model-development-guis?pli=1
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home/machine-learning-model-development-guis?pli=1
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home/machine-learning-model-development-guis?pli=1
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Figure 1: Flowchart of the present work.

smarter learner by altering the training data intelligently and
constructing many submodels. It includes an unlimited amount
of decision trees for input data throughout the training stage.
During the creation of the first decision tree, incorrect data are
highlighted inside the primary model.

The identical data serve as input for a separate model. This pro-
cedure is repeated until a specific number of base learners is
generated. It uses a weighted average relying on the subsets to
determine whether it should be included in the finalized model.
In reality, some data may include linear predictions, and others
may not. Therefore, utilizing the ensemble AdaBoost allows us
to capture the nonlinear predictions and make a precise predic-
tion for such data [29].

Gradient Boost (GB)
In 2002, Friedman [30] suggested an ensemble learning algo-
rithm for both regression and classification. The GB method is
associated with each repetition of the randomly chosen training
data set with the fundamental model. Overfitting is inhibited by

randomly subsampling the training set data; by doing so, the
execution time and model accuracy are also improved. Since
every repetition of the model must include small data (as a
training set) the regression becomes quicker. The GB approach
also requires modification or changes in a few parameters. That
is, n-trees should not be too small, and the shrinkage aspect,
also recognized as the learning rate, must not be kept too high
[31].

Extreme Gradient Boost (XGBoost)
In a similar manner as described in [32], another ensemble ML
algorithm, XGBoost of tree boosting, uses a gradient-boosting
framework for efficient and scalable implementation perfor-
mance. Ensemble learning uses multiple predictions that are
multiple models for gradient enhancement and yields good
adaptability to outliers and continuous variables. It is an effi-
cient tool for dealing both regression and classification prob-
lems. The basic idea is to build “N” regression trees to train
each subsequent tree using the residual from the previous tree.
Models are built recursively until there is no improvement in
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Figure 2: Workflow of the ML algorithm.

the results obtained. The new models predict the residuals of the
prior model and then collectively provide the final predictions
[33]. The gradient descent algorithm is used to minimize the
loss while adding new models. Then, these individual predic-
tors or classifications are combined to give more strong and
more precise predictions. The workflow of the ML algorithm is
represented in Figure 2. Tuning can be done using the grid
search method.

SHAP analysis
The feature importance in the model was determined using the
Shapley Additive exPlanation (SHAP) method, using SHAP
version 0.41.0. The SHAP framework takes into account the
calculation of Shapley values. These values are calculated from
the average marginal contribution of each feature from all
conceivable coalitions. First, the dataset is incorporated into the

model, then the SHAP framework assigns a Shapley value to
each feature that contributes to the corresponding output of the
model. Therefore, SHAP helps to select the features based on a
ranking algorithm [34]. We have selected the features having
the highest Shapley values for the training set since the stan-
dard method tends to overestimate the continuous variables.

Model validation
A reliable model should pass the threshold values for different
internal and external validation metrics. Internal validation
generates the generalization ability and robustness of the model.
In contrast, external prediction is used to validate the model.
The most common metrics to measure internal quality are the
coefficient of determination (R2 and Q2

LOO). Besides these, we
have also calculated the root mean square error (RMSE) of the
training set. The mean absolute error (MAE(test)), the root mean
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Table 2: Statistical parameters and selected features from the developed ML models.

Method R2 Q2
(LOO) MAEtrain RMSEC Q2

F1 Q2
F2 MAEtest RMSEP Optimized

hyperparameters

Random
Forest

0.96 0.72 0.13 0.2 0.94 0.94 0.14 0.19 'max_depth': none,
'min_samples_leaf': 1,
'min_samples_split': 2,
'n_estimators': 80,
max_features: 1.0,
bootstrap: true,
random_state: 0

Gradient
Boost

0.99 0.77 0.06 0.08 0.82 0.81 0.2 0.34 'max_depth': 6,
'min_samples_leaf': 4,
'min_samples_split': 4,
'n_estimators': 130,
max_features: none,
random_state: 0

Extreme
Gradient
Boost

0.94 0.46 0.16 0.26 0.83 0.83 0.25 0.32 'booster': 'gbtree',
'colsample_bytree': 0.3,
'max_depth': none,
'min_child_weight': 1,
'n_estimators': 70,
'subsample': 0.5

AdaBoost 0.88 0.64 0.31 0.37 0.72 0.71 0.33 0.41 'loss': 'linear',
'n_estimators': 170,
random_state: none

square error of prediction (RMSEP), Q2F1, and Q2F2 were used
for external validation or for the test set. The evaluation criteria
included are as follows: Q2

LOO and Q2F1 greater than 0.5,
RMSE between 0.2 and 0.5, and the closer the value of MAE is
to 0, the better [35].

Applicability domain (AD) analysis
After building the model, the applicability domain (AD) must
be considered. AD represents the domain that can be effec-
tively predicted by the model that is based on the training set
data. The samples within the domain of applicability can only
explain the reliability of the predicted values. A William’s plot
was used to determine the AD of the present work. The lever-
ages were calculated using the in-house Hi_Calculator-v1 Soft-
ware (https://sites.google.com/jadavpuruniversity.in/dtc-lab-
software/home?pli=1). The distance between the X value of the
i-th observation and all X values is represented by the leverage
value. It generally considers 3k′/N as the critical value or the
standard value (h*). Here, k′ represents the number of descrip-
tors plus 1, and N represents the number of compounds in the
training set. If the leverage value is higher than h*, the corre-
sponding compound is outside the AD.

Results and Discussion
In this research, we have used four ML models, namely RF,
AdaBoost, Gradient Boost, and Extreme Gradient Boost to fore-
cast the toxicity of heavy metals adsorbed on nano-TiO2 to
HK-2 cells using periodic table descriptors (Table 2). The ML Figure 3: Williams plot.

models were built using the features selected by the RF algo-
rithm. Model specification and configuration were carried out
by optimization of the hyperparameters. The AD was also deter-
mined, and all compounds were found to be below the threshold
of h* = 0.42, as shown in the Williams plot in Figure 3. The AD
is the chemical space formed based on the descriptors of the
training set compounds. The compounds in the chemical space
are considered reliable for predictions, while those beyond the
AD would not guarantee accurate predictions. The AD plays an
important role in determining the uncertainty of the predictions

https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home?pli=1
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home?pli=1
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Figure 4: SHAP summary plot.

of specific molecules based on how close they are to the
training set compounds used to develop the model. AD is a
valuable tool for the characterization of interpolation spaces
based on the modeled descriptors and response functions.

The applicability domain developed here is based on the fea-
tures of some specific heavy metal salts, that is, CdCl2, ZnCl2,
MnCl2, CoCl2, CuSO4, NiCl2, Pb(NO3)2, and SbCl3. The de-
veloped model should be applicable to other closely related
heavy metal salts.

Diagnosis based on SHAP value
The goal of SHAP is to explain the prediction of an instance by
computing each feature of the prediction. First, the SHAP value
is used to calculate the magnitude of the contribution of
each feature and then ranked to obtain the importance ranking
of features. Features with large absolute Shapley values
are important. Here, we have used the kernel method to calcu-
late the SHAP values [36]. The SHAP analysis and hyperpara-
meter tuning (max_depth: “none” min_samples_leaf,
min_samples_split, n_estimators) revealed that concentration,
followed by atomic radius and IP_ActivM, ranked highest
among the eight features (conc, ∑χ, atomic radius, IP_ActivM,
Mol_Wt, χ of metal, D3_HeteroNonMetal, and atoms in the

molecule) in the RF model. The hyperparameter setting n_esti-
mators was kept at a value of 80 for RF, while it was 130, 70,
and 170 for Gradient Boost, Extreme Gradient Boost, and
AdaBoost respectively. The relative importance of each
descriptor for all ML algorithms can be understood using the
SHAP analysis (Figure 4). The SHAP methodology identifies
the features contributing most to the model prediction. We can
find that the conc (concentration of the heavy metal) descriptor
contributes the most to the EL algorithms. The Shapley values
reflect the average marginal contribution of a feature value
across all possible feature coalitions, both in terms of magni-
tude and direction.

Results of model validation for all ML
methods
In order to determine if heavy metals and TiO2 nanoparticles
had any cytotoxic effects, the selected eight important periodic
table-based features were used. The final models developed
with RF, AdaBoost, Gradient Boost, and Extreme Gradient
Boost were evaluated using MAEtrain, RMSEtrain, R2, and Q2

for the training set and MAEtest, MSE, RMSEtest, Q2F1, Q2F2
metrics for the test set, and the results are shown in Table 1. Ac-
cording to the results, the MAEtest (0.14) was found to be the
least for the test set in the RF method, followed by AdaBoost,
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Figure 5: Cross-validation statistics based on 20 times fivefold repetitive CV and 1000 times shuffle split CV method (mean ± SEM).

Gradient Boost, and XGBoost. The XGBoost gives the highest
R2 (0.99) for the training set, while AdaBoost gives the lowest
R2 (0.88) with the highest MAEtest (0.33). Cross-validation
(CV) statistics were obtained based through 20 times fivefold
repetitive CV along with 1000 times shuffle split CV (mean ±
SEM) method. This is done to protect the model from overfit-
ting when the data is limited. The results of the CV indicate
clearly that the models do not memorize the correspondence be-
tween the descriptors since the outcome of R2 is highest and the
MAE value is lowest for the RF model after the repetitive CV
method. This suggests the superiority of the RF model to other
models. Figure 5 presents the cross-validation statistics based
on 20 times fivefold repetitive CV and 1000 times shuffle split
CV on R2 and MAE for the developed ML model.

General mechanism of toxicity
In the process of screening all descriptors from different ML
methods, some common descriptors for heavy metals were
discovered that are clear indicators of their importance
regarding toxicity to HK-2 cells. We found that the concentra-
tion of the heavy metal (conc), the atomic radius of the metal,
the electronegativity, and the molecular weight of the heavy

metal influence the survival rate of the HK-2 cells. It was ob-
served that conc, mol wt, atomic radius, and the total number of
atoms in the molecule were of high importance in all the
models. The increase of conc, mol_wt, and total atoms in a mol-
ecule is believed to increase toxicity. The toxicity of the heavy
metals is also time- and dose-dependent. Among many other
factors, the valence state plays an important role in toxicoki-
netics and toxicodynamics. Many studies have shown that an in-
creased concentration of heavy metals is correlated with the
severity of hepatotoxicity and nephrotoxicity [37]. Lead causes
toxicity through an ionic mechanism followed by the genera-
tion of reactive oxygen species (ROS). Another, biomarker for
ROS is lipid peroxidation [38] as free radicals cause lipid
peroxidation inside the cell membrane. The catalytic properties
of the metals are also responsible for an increased toxicity of
manufactured nanoparticles [39] (Figure 6). Electronegativity
and atomic radius influence the catalytic properties of the metal.
Metal cations also catalyze the lipid peroxidation process [40]
through enhancement of endocytosis and the intrinsic proper-
ties of the heavy metal. The toxicity is associated with internal-
ization and bioaccumulation in the HK-2 cells. The increase in
the concentration of heavy metals and their adsorption to nano-
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Figure 6: General mechanism of toxicity to HK-2 cell by heavy metals.

Table 3: Comparison of the current work with the previous study.

Descriptors Method R2 Q2
(LOO) MAEtrain RMSEC Q2

F1 Q2
F2 MAEtest RMSEP

periodic table-based
(current study)

random
forest

0.96 0.72 0.13 0.2 0.94 0.94 0.14 0.19

quantum mechanical
(Sang et al.)

random
forest

0.85 0.70 — 0.06 0.86 0.85 — 0.10

TiO2 induces toxicity by increasing the generation of ROS in
the HK-2 cells.

Comparison with the previous work
The present work describes the development of a model for
heavy metals with different concentrations through simple peri-
odic table descriptors using various ML methods. The results
obtained from the ML method suggest that the models have
better predictivity than the models developed previously by
Sang et al. [20] as shown in Table 3. Sang et al. [20] applied the
random forest algorithm and the AdaBoost algorithm for QSAR
modeling using quantum mechanical descriptors. In contrast,
the present study involved the random forest algorithm, the
AdaBoost algorithm along with Gradient Boost and XGBoost
algorithms using simple periodic table descriptors that are easy
to interpret and can be calculated quickly without the involve-
ment of expert personnel. These descriptors simplify the nano-
structure property calculation and determine the nanoscale
interactions without much computational intervention. The use
of such descriptors saves time; the descriptors are also cost-
effective and have a clear and straightforward physical

meaning, which facilitates the mechanical interpretation of the
QSAR models. A direct comparison was not possible due to dif-
ferent dataset division and descriptors but the results obtained in
the present work for the RF method was superior to that of the
previous work.

Conclusion
We have performed cytotoxicity modeling of eight heavy metal
compounds adsorbed on nanoscale TiO2 regarding HK-2 cells
and explored the features responsible for the toxicity mecha-
nism. Many studies have examined the co-exposure of metal
and metalloid mixtures with heavy metals. The co-exposure
may also be affected by dose variations at the biomarker level.
Also, co-exposure in humans was found to lead to more
profound renal damage than exposure to each of the elements
alone. Hence, to elucidate the features responsible for the toxic-
ity, in the present study, ML algorithms were applied along with
periodic table descriptors for QSAR modeling. Experiment-in-
dependent periodic table descriptors produced better results
than quantum chemical descriptors in previous studies. The
periodic table descriptors used in QSAR models have strong
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theoretical guidance, which can help scientists design new enti-
ties with expected properties. As a part of the model develop-
ment process, periodic table descriptors can be used in conjunc-
tion with other descriptors that are compatible with them. The
periodic table descriptors are not only less computationally
demanding but also independent of the size of the particles. The
ML algorithm with periodic table descriptors has helped to
evaluate the cell survival rate of HK-2 cells in less time and at
less cost than using expensive quantum chemical descriptors
and experimental descriptors. Among all algorithms, the
random forest model shows the best prediction ability with
Q2

F1 = 0. 94 and MAEtest = 0.14 for the test set. Hence, a good
feature selection method reduced the computation time re-
quired to train a model. The SHAP analysis also emphasized the
most significant features contributing to the model. We have
proposed also a generalized mechanism for the most impactful
features generated by the model. As a result, periodic table
descriptors and machine learning can be used together to deci-
pher features of unknown compounds and predict compounds
that are similar.

Supporting Information
Supporting Information File 1
Detailed information regarding heavy metals at different
concentrations.
[https://www.beilstein-journals.org/bjnano/content/
supplementary/2190-4286-14-77-S1.xlsx]
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Abstract
In the realm of food industry, the choice of non-consumable materials used plays a crucial role in ensuring consumer safety and
product quality. Aluminum is widely used in food packaging and food processing applications, including dairy products. However,
the interaction between aluminum and milk content requires further investigation to understand its implications. In this work, we
present the results of multiscale modelling of the interaction between various surfaces, that is (100), (110), and (111), of fcc alumi-
num with the most abundant milk proteins and lactose. Our approach combines atomistic molecular dynamics, a coarse-grained
model of protein adsorption, and kinetic Monte Carlo simulations to predict the protein corona composition in the deposited milk
layer on aluminum surfaces. We consider a simplified model of milk, which is composed of the six most abundant milk proteins
found in natural cow milk and lactose, which is the most abundant sugar found in dairy. Through our study, we ranked selected pro-
teins and lactose adsorption affinities based on their corresponding interaction strength with aluminum surfaces and predicted the
content of the naturally forming biomolecular corona. Our comprehensive investigation sheds light on the implications of alumi-
num in food processing and packaging, particularly concerning its interaction with the most abundant milk proteins and lactose. By
employing a multiscale modelling approach, we simulated the interaction between metallic aluminum surfaces and the proteins and
lactose, considering different crystallographic orientations. The results of our study provide valuable insights into the mechanisms
of lactose and protein deposition on aluminum surfaces, which can aid in the general understanding of protein corona formation.

215

Introduction
The interface between biological systems and engineered mate-
rials has gained significant attention in recent years because of
its wide range of applications, spanning from food to medicine

and environmental science [1,2]. This interface plays a crucial
role in ensuring the safety and quality of processed and pack-
aged products. The selection of packaging materials and their
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Figure 1: Schematic representation of the life cycle of dairy products, showcasing potential sources and pathways of contamination. It features the
stages of grazing, collection, processing, and packaging. The relevant processes include surface fouling and milk contamination during food transfor-
mation as well as the formation of a protein corona on surfaces and nanoparticles after packaging. The figure was created with BioRender.com,
https://biorender.com/. This content is not subject to CC BY 4.0.

interaction with biological components have emerged as criti-
cal determinants impacting the preservation, shelf life, and
overall acceptability of dairy products [3]. Consequently, the
interface between biologically relevant molecules and nano-
scale materials, such as aluminum, has become an increasingly
important and intriguing area of research [4]. For long-term
storage and preservation of prepared food, the choice of
containers and utensils made from specific materials is essen-
tial [5]. For example, it was shown that ripened cheese and
cheese spreads acquire a higher aluminum content as compared
to other milk products [6]. Aside from wrapping and container
packaging, aluminum has found a wide popularity in other ap-
plications, such as manufacturing of kitchen utensils, cosmetics,
and components for medical and scientific equipment [7].
Figure 1 presents a schematic contamination cycle of dairy
products, showcasing potential sources and pathways of
aluminum pollution. It illustrates the journey of milk from a
cow grazing on grass contaminated with heavy metals, high-
lighting the crucial role of metallic containers, metal-based
equipment, and kitchen utensils in maintaining product
integrity. The figure further demonstrates the potential to intro-
duce heavy metal contamination, including iron and aluminum,

during processing and emphasizes the formation of a milk layer
in form of a protein/lactose corona at the outer surface of
macroscropic and micro- and nano-sized particulate after pack-
aging. It also highlights the dynamic interactions at the bionano
interface associated with potential human health hazards.
Through biomolecule adsorption, change of conformation, and
surface chemistry, foreign materials engage in a complex
interplay of dynamic physicochemical interactions, kinetics,
and thermodynamic exchanges that can lead to undesirable
outcomes [1,8-10].

In a more general context, the importance in understanding the
mechanism of bionano interactions arises from the increasing
awareness and concerns regarding the safety of nanoparticles
(NPs) in relation to human and animal health. The toxicity of
NPs is closely linked to their chemical aggressiveness and
varies with their physicochemical properties, including surface
area, charge, and reactivity. Understanding the intricate inter-
play between these properties and the biological systems is vital
for assessing and mitigating any potential adverse effects asso-
ciated with exposure to NPs [11]. To advance in this field, it is
crucial to comprehend the underlying forces and molecular

https://biorender.com/
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Figure 2: A chart of the main factors determining the structure of the bionano interface. The quantitative model comprises three essential aspects,
that is, surface properties of the nanomaterial, the characteristics of the surrounding medium, and the biological factors at play.

constituents that govern the interactions between biomolecules
and metals. However, traditional safety assessment methods can
be costly, time-consuming, and often involve animal studies. In
this regard, in silico modelling offers a promising alternative
that can predict the interactions of NPs with living organisms.
By leveraging computational approaches, in silico modelling
provides a humane and cost-effective means of obtaining the
necessary information, thus aiding in the evaluation of NP
safety and reducing reliance on animal experimentation [12-14].
Data-driven methods that rely on statistical analysis are em-
ployed for this purpose, particularly when sufficient data are
available. These methods leverage the power of large datasets to
identify patterns, trends, and correlations between metal proper-
ties and their interactions with biomolecules [15-18]. In recent
years, researchers have focused on using physics-based models
to understand the mechanisms underlying the formation of NP
protein corona, a complex layer of biomolecules that surrounds
NPs upon their exposure to biological fluids [19,20]. It is
widely recognized that composition and configuration of the
protein corona play a crucial role in determining the biochem-
ical reactivity, sensitivity of NPs, as well as their cellular uptake
and systemic transfer [21]. However, in order to develop predic-
tive models, a deeper understanding of the interactions at the
bionano interface and their relationship to material and protein
properties is necessary. Gathering more information on these
intricate interactions will facilitate the development of accurate

predictive models, thereby advancing our ability to assess the
behavior and potential implications of NPs in biological
systems. The bionano interface can be broken down into three
interconnected components: (i) the surface of the NP, which is
influenced by its physicochemical composition, (ii) the inter-
face between the solid NP and the surrounding liquid environ-
ment, where notable changes occur upon interaction, and
(iii) the contact zone between the solid–liquid interface and bio-
logical substrates (Figure 2) [22].

In this work, we study bionano interactions involving metallic
aluminum and common dairy biomolecules, namely lactose and
the six most abundant milk proteins [23]. The main objective of
our analysis is to computationally quantify the relative binding
of these proteins on zero-valent aluminum surfaces based on
their energy of adsorption and orientation. We employ a three-
level multiscale method (as shown in Figure 3) to calculate the
energies of adsorption and the content of the corona for these
proteins on the selected surfaces. In the section “Results and
Discussion”, we provide a detailed explanation of the theoreti-
cal model developed to study the interaction between protein
and lactose with metals, as well as the rationale behind the para-
meterization scheme used. Subsequently, we discuss the simula-
tion results and analyze the individual adsorption affinities pre-
dicted for molecules representing the biological aspect of the
interface, including amino acids (AAs), milk proteins, and



Beilstein J. Nanotechnol. 2024, 15, 215–229.

218

Figure 3: A dataflow scheme of the multiscale modelling approach implemented in this study, including an all-atom model of surface and AAs, a CG
UnitedAtom model for the entire protein-surface interaction, and a CG competitive adsorption model. The figure provides an overview of input and
output data at each scale.

carbohydrates. Additionally, we examine the preferred orienta-
tions of these molecules upon adsorption and investigate the
kinetics of competitive adsorption among the proteins and
lactose, aiming to understand the process of protein deposition
on metallic surfaces. Finally, the key insights gained from this
study are summarized, highlighting the implications and poten-
tial applications of the findings.

Results and Discussion
Here, we aim to predict the content of a biomolecular corona on
a metallic aluminum surface. At the largest scale, our methodol-
ogy employs a coarse-grained (CG) kinetic Monte Carlo (KMC)
method [16] to simulate competitive adsorption of biomole-
cules onto the aluminum surface. To achieve this, we evaluate
individual binding energies at various orientations (represented
by heatmaps) for each selected protein immobilized on differ-
ent fcc planes of the aluminum surface. These heatmaps for
individual proteins are acquired through UnitedAtom (UA)
simulations [24,25]. While the UA method has been parameter-
ized for a range of rigid surfaces, including metals (Ag, Au,
Cu, and Fe), oxides (TiO2, SiO2, and Fe2O3), carbonaceous NPs
(graphene, carbon nanotubes, and carbon black), semiconduc-
tors (CdSe) [26], and polymers [27], it lacks the set of short-
range potentials required for calculating milk protein-alumi-
num adsorption energies. Here, we compute potentials of mean
force (PMF) for Al surfaces derived from explicit all-atom mo-
lecular dynamics simulations utilizing a previously established
scheme [2,24,28]. These PMFs provide the input required to de-

termine the adsorption energies between milk proteins and alu-
minum surfaces by using multiscale UA CG model, spanning
from the atomistic level of description to the complete
mesoscale model of the corona. Figure 3 shows the parameteri-
zation and simulation workflow, outlining different stages and
components involved in the study.

All-atoms short-range interaction modelling
results
All-atom metadynamics simulations were conducted using
GROMACS-2018.6 and PLUMED (PLUMED2-2.5.1.conda.5)
software packages [29-31]. CHARMM-GUI/Nanomaterial
Modeler was employed to construct the topology and force
fields of three fcc surfaces of Al: (100), (110), and (111) [32].
The General Amber Force Field (GAFF) was utilized to model
side-chains analogues (SCA) within the system [33,34]. The
AMBER force field is a widely recognized and extensively vali-
dated force field that provides accurate descriptions of molecu-
lar systems [35]. We evaluated the short-range PMFs between
22 SCAs and an Al slab in a solvent environment comprising
water and salt ions. The system’s pH value was maintained at a
neutral level, and the NaCl salt concentration was set to
150 mM, mimicking the overall ionic strength of milk and
equivalent to one salt molecule per 10 nm3. The system under-
went equilibration for 1.0 ns under constant pressure conditions
at 1.0 bar and a temperature of 300 K, following the NPT en-
semble, employing Berendsen weak coupling method [36].
Subsequently, a pre-equilibration phase was conducted for
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Figure 4: Adsorption free energy profiles of SCAs on three aluminum fcc slabs as a function of the surface separation distance (SSD). These profiles
were calculated using all-atom AWT-MetaD. The vertical lines indicate the positions of water and ion layers. (a) Al(100), (b) Al(110), and (c) Al(111).

10 nanoseconds within the NVT ensemble. For the short-range
interactions, the cut-off distance was defined as 1.0 nm. In the
adaptive well-tempered metadynamics (AWT-MetaD) simula-
tions, the adsorption energy was calculated at a temperature of
300 K, a pressure of 1.0 bar, and a neutral pH within the NVT
ensemble. Additionally, we measured the interaction energy as
a function of surface separation distance (SSD) as a collective
variable, enabling a comprehensive analysis of the AA–NP
interactions. For a detailed explanation of the method used in
this study, please refer to previous reports [2,24,28] where
the method has been described in depth. Figure 4 and dataset
[37] show the obtained free energy of adsorption in units of
kBT.

The water density profiles obtained from MD simulations for
the slab–water system in the context of Al surfaces revealed
characteristics that were previously observed for other simu-
lated metallic surfaces [2,28]. The profiles exhibited two
distinct regions with elevated water density located approxi-
mately 0.15–0.18 nm and 0.42–0.48 nm away from the alumi-
num surface. These regions corresponded to the first and second
water layers adjacent to the metal surface, respectively (as
depicted in Supporting Information File 1, Figure S1). Further
examination of the ion density profiles indicated the presence of
sodium ions within a range of 0.55–0.60 nm and chloride ions
within a range of 0.42–0.46 nm from the Al surface. Notably,
the positions of the chloride ions align closely with the second
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Figure 5: Minimum energy of adsorption (kBT) for each SCA on three Al fcc slabs obtained through all-atom simulations: (a) Al(100), (b) Al(110), and
(c) Al(111). Notably, Al(111) exhibits a stronger binding affinity than Al(100) and Al(110).

water layer, while sodium ions are located past this layer, as
marked by the blue and purple vertical dashed lines in Figure 4.
This alignment suggests that the chloride ions integrate into the
network of water molecules comprising the second adlayer. Ad-
ditionally, the analysis of the PMFs revealed a significant
minimum at a distance of 0.21–0.25 nm. Figure 5 shows the
minimum energy values obtained for each AA on different
facets of the aluminum surface (100, 110, and 111) in a bar
chart.

A comparison of the adsorption energies on aluminum and iron
surfaces reveals distinct preferences for different AAs. On alu-

minum surfaces, ARG, PRO, TRP, TYR AAs show the
strongest attraction (−63.32kBT to −41.46kBT), followed by
HIE, GLN, PHE, GAN (−43.86kBT to −20.85kBT). VAL, THR,
SER, CYS, ALA exhibit the weakest attraction (−19.51kBT to
−1.76kBT). On iron surfaces, charged and aromatic PRO,
TYR, ARG, HIS AAs are strongly adsorbed (−91.29kBT to
−43.34kBT), while hydrophobic VAL, LEU, ALA AAs show a
weaker adhesion (−21.70kBT to 2.86kBT) [2]. We also show the
PMF for glucose with aluminum surfaces, used as the basis for
a model of lactose, a sugar highly present in milk, as discussed
later, computed using the PMFPredictor software in Figure 6
[38].
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Figure 6: The interaction potential of glucose with the three Al sur-
faces predicted using the PMFPredictor Toolkit. The solid lines give the
ensemble average of ten versions of the model while the shaded
regions indicate the 95% confidence intervals.

Protein–NP interactions
To further understand the adsorption energy and orientation of
each individual protein, a primary coarse-graining step was per-
formed. In this part, we use the UA model to predict the pro-
tein–NP binding energies. This model takes into account
various factors, such as the material’s chemical composition,
size, shape, surface roughness, charge, functionalization, and
hydrophobicity, when constructing CG models for the bionano
interface. The UA model simplifies the protein–NP interactions
by representing proteins as rigid structures composed of 20 AA
types, each represented by a single bead. This interaction is de-
scribed through a short-range surface non-bonded potential
( ) (including van der Waals (vdW) repulsion and solvent
effects), a long-range core vdW potential ( ), and an elec-
trostatic potential (Uel). Through interaction potentials for spe-
cific AAs with the NP, the overall interaction potential between
the NP and the complete protein (Up−NP) is expressed in a pair-
wise additive manner:

(1)

The potential Up−NP depends on the distance di between the
centers of mass of the NP and each AA in the protein. This dis-
tance is determined by the protein’s orientation with respect to

the NP’s surface, which is defined by two rotational angles
(ϕ, θ) relative to the protein’s initial orientation. This initial ori-
entation is set by performing a principle axis transformation
such that the axis associated with the smallest moment of inertia
is aligned to the z axis and the second smallest to the y axis, that
is, the z axis is now typically associated with the greatest extent
of the protein. Since this does not uniquely specify the orienta-
tion, further rotations of 180° are then applied if necessary such
that the electric dipole moment is positive along these two axes.
This produces a convenient reference state by which other
orientations are defined. The specific orientation (ϕ, θ) is gener-
ated by applying a rotation of −ϕ around the z axis followed by
a rotation of 180° − θ around the y axis. The short-range sur-
face non-bonded potentials are extracted from AWT-MetaD
simulations, which were described in the section “All-atoms
short-range interaction modelling results”. The Hamaker tech-
nique is used to approximate the long-range term that results
from the vdW forces working through the aqueous medium be-
tween the NP core and the i-th AA. The electrostatic interaction
between the NP and AA is represented by the screened
Coulomb potential. More comprehensive information about the
theoretical aspects of the UA model can be found in our
previous publications [2,25,28,39,40]. The output of the UA
simulations contains a collection of rotational configurations
and their corresponding E(θk,ϕl) values. By employing Boltz-
mann averaging and weighting factors based on the potential
energy as a function of distance for each angle, we calculate the
average adsorption energy of these configurations. Using this
approach, we evaluate the adsorption energies of the entire pro-
teins on aluminum surfaces. To predict the three-dimensional
(3D) structures of proteins, we utilize the I-TASSER (Iterative
Threading ASSEmbly Refinement) 5.1 software [41], which
uses the protein’s AA sequences as an input.

For this study, we have chosen six representative cow milk pro-
teins and lactose, which constitute most of the non-fat milk
solids. Table 1 displays properties of the chosen compounds. It
includes their UniProt IDs, molecular weights, charges, and the
number of AAs in each protein. The charge data was deter-
mined through the PROPKA method [42,43] at a pH of 7.0. We
model the lactose molecule as a pair of glucose beads; it does
not possess a UniProt ID or a count of AA residues. We esti-
mated the concentration of each protein and lactose based on
their weight fraction in milk and considering the fact that cow
milk has 30–39 g/L of protein and 45–55 g/L of lactose in total.
The molar mass of each protein was taken from AlphaFold
database [44]. Following this, all proteins underwent a 50 ns
equilibration in water using NVT and NPT ensembles.

The UA computations were conducted using nine different Al
NPs with varying radii, namely 2, 5, 10, 20, 30, 40, 50, 80, and
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Table 1: Characteristics of the selected milk proteins and lactose.

Abbreviation UniProt ID Compound name MWa, Da Charge, e Resb Cc [10−4], mol/L Rg
d [Å]

AS1C P02662 αs1-casein 24528.00 −8.5 214 4 20.05
AS2C P02663 αs2-casein 26018.69 4.5 222 1 40.81
BC P02666 β-casein 25107.33 −4.5 224 4 22.53
ALAC P00711 α-lactalbumin 16246.61 −5 142 0.9 15.01
BLAC P02754 β-lactoglobulin 19883.25 −6 178 2 15.50

BSA P02769 bovine serum
albumin 69293.41 −4.5 607 0.1 27.69

LAC — lactose 342.3 0 — 1300 4.28
aMolecular weight, bNumber of residues, cConcentrations [mol/L] of the molecules in milk that were used in KMC calculations, dRadius of gyration of
the biomolecules in Ångstrom.

100 nm, to investigate the influence of size and curvature on the
adsorption energies. The results and detailed information on the
calculation can be found in Supporting Information File 1,
Figure S2 and Figure S3, which illustrate the variations in
adsorption energies as a function of NP size. Within the range
of 2–20 nm the binding energies of ALAC, BLAC, BC, and
BSA show an initial increase on all surfaces, followed by a
stabilization at larger NP sizes. In contrast, AS1C and AS2C ex-
hibit a continuous rise in binding energy across the entire size
spectrum, ranging from −48.0kBT at 2 nm to −281.09kBT at
100 nm for AS1C and −15.26kBT at 2 nm to −275.60kBT at
100 nm for AS2C, with AS2C exhibiting the most dramatic
changes in binding energy as a function of size. This strong size
dependence in binding energy for AS2C can be attributed to its
rod-like 3D structure and the rigidity assumption in our model.
As the size of the NP increases, AS2C can make more exten-
sive contact with the surface. This increased contact area leads
to enhanced binding affinity, resulting in the observed stronger
binding across the size range. This is not the case for other pro-
teins on the list as they are more compact and, therefore, reach
the maximum number of contacts at relatively small NP sizes.
Regarding the binding affinity rankings, for the smallest NPs
(2 nm), the order from weakest to strongest is observed as
AS2C, BSA, ALAC, BLAC, AS1C, and BC on Al(100), with
similar rankings observed on Al(110) and Al(111) surfaces.
However, for the largest (flattest) NPs (100 nm), the binding
affinity ranking changes to ALAC, BLAC, BSA, BC, AS2C,
and AS1C on Al(100), BC, ALAC, BLAC, BSA, AS2C, and
AS1C on Al(110), and BLAC, ALAC, BC, BSA, AS2C, and
AS1C on Al(111) (see Supporting Information File 1, Figure
S2). In reality, protein structures are not rigid, allowing them to
adapt to the surfaces upon immobilisation. This can potentially
affect their binding behavior. This can be especially significant
for caseins, as they belong to the group of flexible milk pro-
teins with no tertiary structure. Globular milk proteins
(lactoglobulin and lactalbumin) are expected to be less prone to
this shortcoming of the UA model.

Figure 7 shows the output of the UA model for the selected
milk proteins on aluminum NPs with a surface size of 80 nm
with zeta potential −5 mV at pH 7.0. The heatmaps display the
adsorption energies for all values of θ and ϕ. Blue areas with
lower energies indicate more favorable orientations of the pro-
teins. Each heatmap is accompanied by a 3D representation of
the protein on the NP surface, with the AAs closest to the NP’s
surface marked. The AAs that are most likely to make contact
with the metal surfaces, according to analysis, are LYS, TYR,
PHE, GLU, ARG, and ASP.

The rankings of protein adsorption on each aluminum surface
are shown in Table 2, highlighting the variations in adsorption
energies (Eads/kBT) and the particular protein–surface interac-
tions (θ and ϕ in degrees). Moreover, the minimum distance
(rmin in nm) indicates the closest approach of the protein to the
aluminum surface during the adsorption process.

The ranking of adsorption energies highlights the distinct
adsorption behaviors of various proteins on different metal fcc
surfaces. We can see that AS1C exhibits the highest adsorption
energy on Al(100) and Al(111) surfaces, while on Al(110),
AS1C, and AS2C show similar adsorption energies. In contrast,
on metallic iron, AS1C consistently demonstrates the highest
adsorption energy on Fe(100), Fe(110), and Fe(111) surfaces.
This result reflects the size and shape of the AS1C protein,
which allows it to make the largest number of contacts with the
metal as compared to the other proteins. Regarding the most
weakly bound proteins, on aluminum surfaces, ALAC consis-
tently exhibits the lowest adsorption energy across all three sur-
faces, while BLAC shows slightly higher adsorption energies.
In contrast, on iron surfaces, ALAC and BLAC demonstrate
comparable adsorption energies, with ALAC exhibiting slightly
lower energies on Fe(110) and Fe(111) surfaces [2]. We note
that generally the binding of proteins to aluminum is weaker
than to iron, which may be caused by the smaller lattice con-
stant of fcc iron and higher density of surface atoms.
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Figure 7: Adsorption energy heatmaps obtained from the UnitedAtom model and corresponding 3D representations of the interactions of (a) AS1C,
(b) AS2C, (c) BC, (d) BLAC, (e) ALAC, and (f) BSA with Al(110) in the preferred orientations. The figure highlights the closest AAs to the surface of
the material.

Supporting Information File 2, Table S2 reports the preferred
orientations of all 820 milk proteins based on the lowest energy
from the UnitedAtom output. In our investigation of these pro-
teins, we focused on identifying the most strongly adsorbing
proteins when exposed to Fe and Al. These proteins, including
P19660, A6QP30, G3X745, F1MMI6, E1BBY7, A6QLY7, and
Q9N2I2, demonstrated remarkable similarity in their binding
behavior towards Fe(100) and Al(100) surfaces, E1BGJ4,
A5D7M6, F1MMI6, A6QP30, G3X745, and F1N1C7 on
Fe(110) and Al(110) surfaces, and F1MMI6 and E1B748 and
A6QP30 on Fe(111) and Al(111) surfaces.

In the subsequent step, we predicted the composition of the
milk protein layer at the aluminum surfaces. For this analysis,
we consider the Al surface as a spherical NP with the protein
layer uniformly adsorbed on its entire surface, forming the pro-
tein corona.

Competitive adsorption and biomolecular
corona
Kinetic Monte Carlo (KMC) simulations as implemented in the
CoronaKMC tool [26] were employed to investigate competi-
tive adsorption and to determine the composition of the protein
corona. This method models adsorbates as hard spheres, which
adsorb and desorb to the surface of the NPs, with different
orientations of each protein treated as different potential adsor-
bates to allow for a more physically realistic model of corona
formation for anisotropic proteins. In brief, a standard kinetic
Monte Carlo routine is used to advance the simulation from one
event, collision of an incoming adsorbate with the NP or de-
sorption of an adsorbed species, to the next, with events occur-
ring with a probability proportional to their rate. In the initial
form of the model, adsorption is assumed to occur with unit
probability if the incoming species does not overlap with any
currently adsorbed species and fails to take place otherwise. We
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Table 2: Comparison of milk proteins’ binding affinities and orienta-
tions on Al(100), Al(110), and Al(111) with NP radius of 80 nm, derived
from the UnitedAtom model and ordered by the binding strength on
each surface.

Individual protein adsorption description on Al(100)

Protein, Eads/kBT ϕ,° θ,° rmin, nm

AS1C −145.65 175 100 0.19
BC −108.13 305 40 0.13
AS2C −96.12 315 95 0.05
BSA −91.11 45 60 0.11
BLAC −67.35 65 90 0.19
ALAC −49.12 125 35 0.20

Individual protein adsorption description on Al(110)

Protein, Eads/kBT ϕ,° θ,° rmin, nm

AS1C −278.37 175 100 0.32
AS2C −224.01 345 90 0.10
BSA −173.77 40 60 0.23
BLAC −157.70 50 95 0.28
ALAC −155.17 70 90 0.29
BC −132.52 0 70 0.20

Individual protein adsorption description on Al(111)

Protein, Eads/kBT ϕ,° θ,° rmin, nm

AS1C −242.93 175 100 0.15
AS2C −181.65 330 90 0.11
BSA −137.46 45 60 0.13
BC −131.93 140 110 0.15
ALAC −125.76 75 90 0.17
BLAC −113.39 45 75 0.20

parameterize this model using adsorption and desorption rate
constants extracted from UnitedAtom results as described previ-
ously [16,45]. In brief, each potential adsorbate (e.g., a small
molecule or a particular orientation of a protein) is projected
onto the surface of the NP and a convex hull procedure used to
estimate the area of the NP occupied by that adsorbate, Ai. The
adsorbate is then assigned an effective radius Ri such that a
sphere projected onto the NP would produce the same radius
[16]. The per-site adsorption rates are calculated using kinetic
theory for the rate of collisions between two spheres in solution,
normalized by the number of binding sites for that protein,

(2)

where RNP is the radius of the NP, NA is Avogadro’s number,
RA is the effective adsorbate radius, D is the pair diffusion coef-
ficient given by

(3)

taking the viscosity η = 8.9 × 10−4 Pa·s. We employ SI units in
the above calculation, noting that ka must then be multiplied by
1000 to convert from units m3·mol−1 to L·mol−1. Desorption
rates are found by requiring that 
where Eads is the value obtained for that orientation using
UnitedAtom [45]. A concentration is then assigned to the adsor-
bate based on the bulk concentration of that adsorbate, weighted
by the relative abundance of that orientation of the adsorbate if
necessary. This means that for protein i with a bulk concentra-
tion of Ci and a set of orientations θk, an orientation θj is
assigned a concentration

(4)

to ensure that orientations are correctly weighted and the total
concentration summed over orientations is correctly repro-
duced. Scripts to automate this parameterization based on UA
output and adsorbate structure files are available as part of the
UnitedAtom repository [26].

We further analyze the results for adsorption of milk compo-
nents obtained from KMC simulations, specifically focusing
on the mean absolute and relative abundance of proteins
(10−3 nm2) adsorbed on Al surfaces per unit area (nm2). Table 3
shows the abundances of proteins and lactose on Al surfaces.

The simulations were performed using NPs with a radius of
80 nm, and the results are collected in Table 3. It presents the
number concentration and mass abundance of proteins adsorbed
on three different Al surfaces, namely Al(100), Al(110), and
Al(111). Each protein’s adsorption behavior is quantified in
terms of its number concentration (expressed in units of
10−3 nm−2) and mass abundance (represented as a percentage of
the total adsorbed mass). These calculations were performed
utilizing the most recent KMC method modifications, including
an alternative mode in which the acceptance–rejection criteria
for incoming adsorbates are altered to allow replacement of pre-
existing adsorbates. We should note that Al(111) has the lowest
energy of all three surfaces, according to the Materials Project
data, so we expect the adsorption profile in real systems to be
similar to that predicted for Al(111).



Beilstein J. Nanotechnol. 2024, 15, 215–229.

225

Table 3: Mean amounts of proteins adsorbed on Al surfaces per unit area: number concentration (per nm2) and mass abundance obtained from KMC
simulations with NPs of radius 80 nm. These calculations have been done using the KMC method with displacements.

Al(100) Al(100) Al(110) Al(110) Al(111) Al(111)

Protein Nads [10−3, nm−2] Mab, % Nads [10−3, nm−2] Mab, % Nads [10−3, nm−2] Mab, %

AS1C 12.26 57.16 16.70 67.82 27.21 83.19
BC 4.45 21.24 3.38 14.07 1.91 5.84
BLAC 2.91 10.99 2.97 9.79 1.00 2.43
LAC 96.59 6.28 89.13 5.05 84.50 3.62
ALAC 1.14 3.51 1.13 3.05 1.84 3.60
AS2C 0.11 0.55 0.04 0.16 3.00 1.09
BSA 0.02 0.25 0.00 0.05 0.02 0.21

Figure 8: Mass abundance of proteins on Al and Fe surfaces (100, 110, and 111) using the original KMC approach without molecular displacements
and a NP radius of 80 nm.

We also compared the protein composition in the corona on alu-
minum and iron [2], obtained in our previous work using the
original KMC approach without molecular displacements. This
comparison is shown in Figure 8. AS1C exhibited the highest
abundance on both iron and aluminum among the studied pro-
teins, indicating a strong affinity for both metals with both
KMC methods as well as its high number concentration in solu-
tion. The following AS1C, BC, BLAC, and ALAC also showed
fairly equal abundances on the surfaces of iron and aluminum.
In contrast, BSA displayed the lowest abundance on both metals
because of its larger size and the relatively low molar fraction in
milk as compared with other proteins. Figure 8 shows the mass
abundance of each protein on both aluminum (Al(100), Al(110),
and Al(111)) and iron (Fe(100), Fe(110), and Fe(111)) surfaces.

We can also observe that AS1C, BLAC, and ALAC display sig-
nificantly enhanced presence on Fe surfaces in contrast to Al.
Conversely, AS2C shows greater adsorption on Al surfaces as
compared to Fe. Overall, we expect a somewhat different
corona formed on these metallic surfaces.

Real-life organic media do not consist only of proteins, but they
also include many other molecules, for example, sugars and
other organic compounds that may bind to NPs along with pro-
teins. It can reasonably be assumed that these molecules may
alter both the kinetics and equilibrium state of the corona and,
moreover, may play a role in biological outcomes. Thus, it is of
interest to include these small molecules in the corona simula-
tion to not only gain further insight into this particular case of
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aluminum in milk, but also to establish a methodology by which
more general molecules can be included in these simulations.
We choose lactose as a prototypical example of a small mole-
cule capable of binding to NPs, since it is present at a high con-
centration in milk. We model the lactose molecule as a pair of
glucose beads separated by a distance determined by the equi-
librium structure of lactose. Although this is not completely
rigorous, it demonstrates how the UnitedAtom software can be
adapted to model larger molecules other than proteins using the
same fragment-based approach. To avoid the need to run a
time-consuming parameterization protocol based on metady-
namics simulations, we produce PMFs for the glucose bead
using a machine-learning technique (PMFPredictor) trained on
previous metadynamics results [38]. For the lactose molecule,
each constituent glucose bead is assigned a charge of 0, and the
Hamaker term is neglected because of the small size of these
beads. Following this parameterization, the coarse-grained
lactose molecule is processed identically to proteins using the
same automated pipeline, that is, UnitedAtom is run to produce
a table of orientation-specific binding energies. These are
mapped to rate constants for adsorption and desorption. We
stress that this procedure is sufficiently generic that essentially
arbitrary organic molecules can be included in the simulation by
performing a fragment-based decomposition, generating PMFs
via traditional or machine-learning approaches, and construct-
ing a coarse-grained representation for input to UA. To simplify
this procedure for more complex molecules, we have de-
veloped a Python script (MolToFragments.py) employing
RDKit [46] to automate splitting larger molecules into suitable
fragments and producing coarse-grained input files suitable for
UnitedAtom and included it in this repository [26].

The addition of lactose (or other small molecules) to the corona
simulation poses a challenge for the form of the CoronaKMC
algorithm previously employed because of the high concentra-
tion and very small binding area of this small molecule relative
to proteins [16,45]. As a consequence of these factors, the orig-
inal form of the algorithm results in rapid coverage of the NPs
with a very large quantity of lactose. This greatly increases the
required computational time, which scales as (N2) for N
adsorbed particles. Moreover, in this original form of the model,
a single adsorbed lactose molecule inhibits the adsorption of a
large protein, no matter how strongly the protein may adsorb.
To counteract these issues, the following features were added to
the new version of the CoronaKMC software. First, we imple-
mented a method to accelerate the simulation by adjusting rate
constants for quasi-equilibriated processes (e.g., the adsorption
of lactose) according to the methodology of Dybeck and
co-workers [47]. Second, we added an optional mode in which
the acceptance–rejection criteria for an incoming adsorbate are
modified such that an incoming adsorbate is no longer immedi-

ately rejected if it overlaps with a pre-existing adsorbate.
Instead, the incoming adsorbate is accepted with a probability p
given by,

(5)

where ΔE is the difference in energy between the two states,

(6)

where j is the set of all adsorbed particles that would overlap
with this particle, taking ΔE = Eads if no overlaps are found. If
the adsorbate is accepted, then all the overlapping particles are
removed from the NP. We note that this breaks the principle of
detailed balance in that it allows for the replacement of a set of
adsorbates by a single molecule, but does not allow for the
converse in which a set of incoming molecules can displace an
adsorbate. We justify this neglect on the basis that the required
event of multiple simultaneous collisions on a single target
would occur so rarely that it would essentially not be sampled
in the course of a simulation. The probabilistic acceptance to
regions of the NP without explicit adsorbates present effec-
tively multiplies the adsorption rate by a factor of p(Eads). Thus,
to maintain the same equilibrium constant, we must multiply the
desorption rate by this same factor, noting that this correction is
only significant for very weakly adsorbing particles with
Eads  −3kBT. This methodology does not treat adsorption of
water to the NP explicitly. Instead, it is assumed that all binding
energies are defined relative to the adsorption of water, which is
assigned an affinity Eads = 0kBT, and that the concentration of
water is sufficiently high such that any region of the NP with-
out an explicit adsorbate can be assumed to be covered in water.

The results of simulations obtained with the updated Coron-
aKMC (i.e., including the molecule displacement) are shown in
Table 3, and they suggest a notable variation in the abundances
of proteins and lactose among different Al crystallographic
orientations. Notably, on all surfaces studied, AS1C and BC
consistently exhibited the highest protein abundances, while
BLAC, LAC, and ALAC demonstrated moderate adsorption
levels. In contrast, AS2C and BSA consistently displayed the
lowest adsorption among the proteins considered in our simula-
tions. Furthermore, when considering different Al facets, it is
evident that the (110) surface consistently exhibited the weakest
average adsorption across all proteins. When the displacement
is allowed, AS1C gains much more space in the corona by
replacing other proteins, mostly BLAC, ALAC, and AS2C.
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Figure 9: Mass abundance of proteins on Al and Fe surfaces (100, 110, and 111) using the KMC model with molecule displacement and a NP radius
of 80 nm.

Figure 9 presents a comparison between the protein abun-
dances in the corona on Al and Fe obtained using the enhanced
version of the KMC algorithm with molecular displacements.
As discussed earlier, this improved algorithm addresses compu-
tational efficiency concerns and more accurately represents
long-term scenarios during protein corona formation. As shown
in the Figure, these algorithmic improvements have a profound
impact on the mass concentration of milk proteins on metallic
surfaces, particularly on iron. In the original algorithm
(Figure 8), proteins showed comparable mass abundances
on both metals. However, the enhanced algorithm reveals a
distinct change in the adsorption behavior of the AS1C
protein on Fe and Al surfaces, characterized by a substantial
increase in mass concentration compared to other proteins.
The data in Table 3 show that in terms of mass abundance
lactose ranks fourth among the corona components (see Sup-
porting Information File 1, Figure S3). As compared to the
algorithm without displacement [2], the protein abundance
ranking on iron (NP radius 80 nm) surfaces changes to AS1C ≫
BC ≥ BLAC ≥ ALAC > AS2C ≈ BSA. A comparable affinity
ranking is also now observed for aluminum surfaces (80 nm)
studied in current work: AS1C ≫ BC ≥ BLAC ≥ ALAC >
AS2C ≈ BSA.

Conclusion
In this work, we applied a multiscale computational model to
study the adsorption of milk solids on the metallic surfaces of
aluminum, widely used in food processing/packaging. The milk
model contained the six most common milk proteins and
lactose. To account for the size differences of selected milk
constituents, we used an improved competitive adsorption algo-

rithm that can potentially achieve a realistic description of
biocorona formation processes with diverse adsorbates (e.g., for
predicting an eco-corona).

Our computational model predicts strong binding of milk pro-
teins to pure aluminum surfaces, which is in agreement with our
previous observations for metallic iron surfaces [2]. For alumi-
num, we also found that AS1C and AS2C exhibited the
strongest binding to the metal, followed by BSA, BC, BLAC,
and ALAC, which displayed weaker adsorption. We also found
similar protein abundances in the corona for the two metals
demonstrated by KMC simulation results. AS1C dominates the
adsorption as the most abundant protein on aluminum surfaces,
with BSA being the least abundant. We found a small differ-
ence in the predicted corona content between the two metals:
BC and BLAC prefer Al(100) and Al(110) to iron, while AS1C
prefers Fe(100) and Fe(110) over aluminum.

Although the adsorption energy regulates the interaction
strength between proteins and surfaces, the mass concentration
of proteins in the solution has a major effect on the amount of
protein adsorbed onto the surface. Expanding the milk model by
adding lactose into the mix did not alter the ranking of protein
abundance in the corona. Despite the high concentration in the
milk, lactose does not exceed the mass abundance of specific
proteins such as AS1C due to its small size. In our model, it
essentially forms a thin monolayer on the surface.

Overall, our freely accessible multiscale computational model
[26] allows us to make predictions of the binding strength,
preferred orientations, and relative abundance of the specified
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molecules on the specified material surfaces or NPs and, thus,
gives an insight into the mechanisms of bionano interaction. We
can compare different materials in terms of the protein binding
affinity and corona content and optimize the processes in food
and chemical industry. The presented methodology can be
easily extended to other molecules, materials, and contexts in-
volving the bionano interface such as environmental safety,
health, medical devices, or toxicology.
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Abstract
A comprehensive knowledge of the physical and chemical properties of nanomaterials (NMs) is necessary to design them effec-
tively for regulated use. Although NMs are utilized in therapeutics, their cytotoxicity has attracted great attention. Nanoscale quan-
titative structure–property relationship (nano-QSPR) models can help in understanding the relationship between NMs and the bio-
logical environment and provide new ways for modeling the structural properties and bio-toxic effects of NMs. The goal of the
study is to construct fully validated property-based models to extract relevant features for estimating and influencing the zeta poten-
tial and obtaining the toxicity profile regarding cell damage in the treatment of cancer cells. To achieve this, QSPR modeling was
first performed with 18 metal oxide (MeOx) NMs to measure their materials properties using periodic table-based descriptors. The
features obtained were later applied for zeta potential calculation (imputation for sparse data) for MeOx NMs that lack such infor-
mation. To further clarify the influence of the zeta potential on cell damage, a QSPR model was developed with 132 MeOx NMs to
understand the possible mechanisms of cell damage. The results showed that zeta potential, along with seven other descriptors, had
the potential to influence oxidative damage through free radical accumulation, which could lead to changes in the survival rate of
cancerous cells. The developed QSPR and quantitative structure–activity relationship models also give hints regarding safer design
and toxicity assessment of MeOx NMs.
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Introduction
Engineered nanoparticles have become an integral part of our
daily lives in consumable products and commercial goods.
Their versatile tunable properties have made nanomaterials a
center of innovation in different areas [1]. However, the innova-

tion of nanomaterials (NMs) is hindered because of potential
adverse effects. It is believed that small particles can enter the
body through inhalation, ingestion, and skin penetration and
have the potency to interact with macromolecules for a long
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period. Many studies have demonstrated that metal oxide nano-
particles (MeOx NPs) are toxic and tend to have adverse effects
on living organisms and the environment [2-6]. The toxicity of
NPs depends on various structural (intrinsic) [7] and extrinsic
properties. Depending on the dispersing environment, nanopar-
ticles can easily agglomerate into particles with larger diameter.
Upon intake by organisms, depending on the pH value, these
agglomerations disintegrate again becoming a source for toxins
in the body [8]. The formation of agglomerated NPs depends
upon the surface charge of the NPs, which is believed to stabi-
lize and prevent agglomeration of NPs. As no experimental
techniques are available to measure the surface charge directly,
its value is measured through the zeta potential (ζ) in a given
medium [9]. Zeta potential is the electrostatic potential at the
electrical double layer surrounding the NPs in solution. It is
closely related to suspension stability and morphology. In
metals, the zeta potential can be altered by altering pH, concen-
tration, and conductivity of the components of NPs [10]. Zeta
potential can provide information regarding the fate, behavior,
and toxicity of NPs in the environment as well as in biological
systems. Since the cell membrane is negatively charged, the
interaction between NPs and cell membrane or organelles can
be highly influenced by the zeta potential. There is an increased
interest in integrating data on metal oxides in the field of nano-
toxicology that would be able to predict toxicity based on
measured properties. Indeed, there are several studies related to
the zeta potential and its behavior in solutions and biological
systems [11]. Comparable zeta potential measurements across
various studies may allow one to find correlations regarding the
behavior of different types of NMs. These correlations can then
enable the prediction of the behavior of novel NMs based on
their properties. As the zeta potential is a system-dependent
extrinsic property, it depends on both particle and medium. The
behavior of NPs can also change depending on the formation of
a protein corona. The formation of a protein corona on the sur-
face of NPs, which influences the interaction with cell mem-
branes or proteins, is also associated with zeta potential and sur-
face charge. Very limited studies have reported the influence of
zeta potential, surface charge, hydrophobicity, and biocompati-
bility on NP toxicity. These properties of NPs determine their
toxicity and interaction with the cell membrane damaging
human health and the environment [12]. The toxic effect of NPs
can be used as a medical treatment for diseases at the cellular
level, that is, targeting and destroying cancerous cells. To date,
few studies have reported on the mechanism of apoptosis of
cancerous cells after metal oxide treatment, which still remains
unclear. Traditional approaches are very costly, time-consum-
ing, involve a lot of resources and lead to ethical implications;
also, they are inadequate in addressing the safety concerns
regarding new NPs in this rapidly growing field. Therefore,
computational-based approaches are effective methods in risk

assessment. Among them, quantitative structure–property rela-
tionship (QSPR) models seem to be the most promising method
[13]. However, the physicochemical and structural diversity of
metal oxide nanoparticles (MeOx NPs) poses significant chal-
lenges in determining their toxic effect on living cells [14,15].
Works related to nanoscale toxicity modeling have been
published [16-20] to predict the toxicity profile of MeOx NPs
on various cell lines and species. The most important criterion
to improve nanoscale toxicity models is the selection of the
appropriate structural descriptors of NPs. Periodic table-based
descriptors have been a promising tool in predicting toxicity
profiles and risk assessment of MeOx NPs with high predic-
tivity and interpretability [21-25]. This type of descriptors can
indicate relevant features and mend the mechanism interpreta-
tion. Some properties (size, zeta potential, molecular weight,
mass percentage of metal elements, and cation charge) are in-
vestigated to have a better understanding of the structure of NPs
and its influence on toxicity.

Methods and Materials
Dataset
The study is based on two datasets, that is, dataset I (zeta poten-
tial) and dataset II (cell membrane damage). Dataset I consists
of 18 metal oxide nanoparticles (MeOx NPs) with stoichiome-
tries of MO, MO2, MO3, M2O3, and M3O4. This data was ob-
tained from Cao et al. [26], where the zeta potential of MeOx
NPs was measured in a cell culture of 20% fetal bovine com-
plete medium. Dataset II was taken from Toropova et al. [27],
where cell damage measurement was performed based on the
uptake of propidium iodide (PI). The dataset is related to four
doses (50, 100, 150, and 200 μg/mL) and exposure times
ranging from 1 to 7 h, which results in 132 MeOx NPs data
points. The detailed dataset is provided in Supporting Informa-
tion File 2, Section S1.

Descriptor calculation
Selecting the appropriate descriptors is crucial for property and
toxicity modeling. Quantitative values of chemical features
(descriptors) play a significant role in determining the target
endpoint. Therefore, in this study, we have calculated periodic
table-based descriptors (PT descriptors) for calculating the rele-
vant features contributing to the respective property and toxici-
ty endpoint. Physicochemical features encoding the informa-
tion of MeOx NPs into PT descriptors were used to build
prediction models for zeta potential and cytotoxicity (cell
damage). The basic information of MeOx NPs was directly
taken from the periodic table and some were calculated with the
Elemental Descriptor Calculator software available from
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/
other-dtc-lab-tools?authuser=0), termed first-generation peri-
odic table descriptors. Also, second-generation PT descriptors
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were calculated using relevant formulas [28]. These descriptors
were calculated without any expert intervention and are inde-
pendent of size variations.

Splitting of the data sets
Splitting of the datasets into training sets and test sets is essen-
tial for developing statistically robust nano-QSPR models. Each
of the datasets, that is, the zeta potential dataset and cell damage
dataset, was divided into training and test sets with a ratio of 7:3
using the dataset division software in the DTC lab software
suite (http://teqip.jdvu.ac.in/QSAR_Tools/). Accordingly, thir-
teen compounds were in the training set and five compounds in
the test set for the zeta potential dataset; for the cell damage
dataset, 111 compounds were present in the training set, and the
remaining 21 compounds were in the test set. The training set
compounds were used for feature selection and model develop-
ment; the test set was utilized for assessing the predictivity of
the developed model.

Model development
Zeta potential QSPR model
To develop the property-based QSPR model, the training set
was utilized for model development. The training set of 13
compounds was processed through feature selection via step-
wise regression and genetic algorithm (GA) [29]. After feature
selection, the training set was utilized for model development
through stepwise regression using the MINITAB software
(Minitab Inc., USA, https://www.minitab.com). A multiple
linear regression (MLR) model was obtained with three descrip-
tors keeping the F values to enter and remove 4 and 3.9, respec-
tively. Finally, a PLS (partial least squares) model was de-
veloped with the selected features from the MLR model. The
developed PLS model consisted of 1 LV (latent variable), which
was also developed in the MINITAB software.

Cell damage QSPR model
The previously developed QSPR model (dataset I) was utilized
to calculate the zeta potential of the MeOx NPs in the cell
damage dataset (dataset II), which lacks the zeta potential infor-
mation (imputation of sparse data). The zeta potential was used
as a descriptor in the model development along with the PT
descriptors. Although the solvents used for testing metal oxides
in both datasets differ, the work involves correlating the zeta
potential data (experimental or computed) with the cell damage
model as a descriptor. Cao et al. [26] also used zeta potential as
one of the determinants for the modeled endpoint. The zeta
potential of all data points was determined in the same solvent,
and this does not contribute to the variations in zeta potential
values due to solvents. This work is similar to imputation in
quantitative structure–activity relationship (QSAR) modeling,
where a missing value is replaced by a predicted value from

another model [30]. The training set with 111 MeOx NPs after
feature selection through GA was further used for model devel-
opment. The model development was performed with stepwise
regression using the MINITAB software followed by the best
subset selection method. Further, to enhance the quality of
predictions for the test set, we have performed a chemical read-
across approach for the developed MLR model with eight
descriptors.

Model validation
The validation procedure is the prerequisite for the application
of nano-QSPR models. Rigorous validation of the developed
models was performed following principles of the Organization
for Economic Cooperation and Development [31]. Validation
of the model includes both internal and external validation.
Internal validation indicates the robustness and fit of the de-
veloped model applying the training set, whereas the test set in-
dicates the predictivity of the developed model for new NMs.
Common internal validation methods include the leave-one-out
cross-validation ( ) algorithm and the Y-randomization
test [32,33]. The model fit ability is expressed by the determina-
tion coefficient (R2) and mean absolute error (MAE). For
judging the external predictivity for the test set, we chose the

 and  metrics. According to Golbraikh and Tropsha
[34], R2 should be greater than 0.6 and  should be greater
than 0.5 to meet the standard requirements of external valida-
tion. A true external set was also used to evaluate the predicting
power of the model. This was done using the prediction relia-
bility indicator (PRI) tool available from the DTC lab software
tools (http://teqip.jdvu.ac.in/QSAR_Tools/). To further validate
model 2 for the similarity-based prediction, we have performed
chemical read-across analysis.

Prediction reliability indicator (PRI) tool
Ensuring the reliability of predictions for a new set of data is a
vital task. By making robust predictions based on molecular
features, we can estimate the external set accurately. In this
study, we used the Prediction Reliability Indicator tool [35]
(http://teqip.jdvu.ac.in/QSAR_Tools/) to predict the response of
a true external set comprising 49 MeOx NPs. The tool catego-
rizes the prediction quality as good, moderate, or bad, based on
certain scoring rules. To assess the predictive power of the de-
veloped QSPR models, we used the QSPR model (model 1 with
zeta potential endpoint) to predict the response of the external
set. Figure 1 shows the overall workflow of the present work,
highlighting our confident approach to the study.

Read-across analysis
The read-across technique is a reliable and scientifically proven
method to predict the endpoint of a new compound, also known
as the target compound. This technique involves utilizing data
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Figure 1: Workflow for developing QSPR (model 1) and QSAR (model 2) models.

from similar substances that have a regular pattern resulting
in structural similarity and similar physicochemical, toxicoki-
netic, toxicodynamic, and ecotoxicological properties [36].
Therefore, after selecting the appropriate descriptors from the
PLS model (model 2), we have applied the Quantitative Read-
Across v4.0 tool available from our laboratory website (https://
sites.google.com/jadavpuruniversity.in/dtc-lab-software/home).
This tool uses a similarity-based approach based on Euclidean
distance, Gaussian kernel function, and Laplacian kernel
function. The method requires optimization of the hyperparame-
ters (sigma and gamma values, distance, and similarity thresh-
olds). To ensure the best results, we used dataset 2, which we
divided into a 70% training set and a 30% test set. We further
divided the training set into a sub-training and sub-test set to
fine-tune the hyperparameters by changing the default setting.
Finally, we used the best hyperparameters to predict the
external set and achieved the best possible results through a
rigorous process.

Applicability domain
A nano-QSPR model should have a clear range of applicability
domains [37]. Robustness and predictivity regarding new com-

pounds are based on the similar physicochemical properties of
the compounds in the training set, depending on which, the
model chemical space is developed. In the present study, the
commonly used Williams plot [38] method was employed to
determine whether the compound is within the chemical domain
of the model or outside. The vertical axis represents cross-vali-
dated standardized residuals whereas the horizontal axis repre-
sents leverage values (h). This index measures the similarity be-
tween the new chemicals and the ones in the training set. The
compound prediction is said to be reliable if h is less than the
critical value (h*). Here, h* is the warning leverage in the
Williams plot or applicability domain; compounds lying above
this critical value are considered as outliers. The critical
leverage h* is calculated as h* = 3p/n, where p stands for the
number of modeled variables plus one and n stands for the data
size of the training set used in model development. Compounds
with a cross-validation standardized residual greater than three
standard deviations can be considered as Y-outliers.

Results and Discussion
To explore the physiochemical properties influencing the zeta
potential of the MeOx NPs, property-based modeling was

https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
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Figure 2: Bubble plot for dataset 1 (model 1) and dataset 2 (model 2).

Figure 3: Williams plot for cell damage endpoint (model 2).

performed considering the zeta potential as the Y-response
(model 1). Model 1 was developed with basic periodic table-
based descriptors. The different validation metrics showed the
models to be robust and of good predictivity. Furthermore, tox-
icity-based modeling (model 2) was conducted to illustrate the
impact of zeta potential on BEAS-2B cell damage. The
modeling aimed to create robust and predictive property- and
toxicity-based models capable of predicting novel MeOx NPs
with enhanced features. Figure 2 shows the bubble plots for
both dataset 1 and dataset 2. The green and red colors indicate
the positive and negative coefficients of the respective descrip-

tors. The size of the bubble represents the importance of the
descriptors; smaller bubbles indicate less contribution to the
respective endpoints than larger bubbles. The Y-randomization
plot and loading plot are also reported in Supporting Informa-
tion File 1 and Supporting Information File 2, Figure S1 and
Figure S2. The Williams plot in Figure 3 shows that three com-
pounds were outliers in the cell damage dataset. According to
the PRI tool estimation on a true external set, out of 49 MeOx
NPs, we confidently predicted 39 with good accuracy using this
simple tool. This means that we were able to make predictions
for untested metal oxides with great confidence.
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Figure 4: Zeta potential formation and influence phenomenon in respect to the modeled descriptors.

QSPR model for zeta potential
The zeta potential is the key parameter from the regulatory
point and can directly affect the NPs’ behavior in solution and
their interaction with biological organisms (Figure 4). 18 MeOx
NPs were modeled against the zeta potential endpoint to obtain
the partial least squares (PLS) model with one latent variable
(LV).

Model 1 (PLS)

(1)

Model 1 considers three descriptors to evaluate the influence of
the zeta potential based on basic attributes. Here, Ntrain and Ntest
stand for the number of training and test set compounds, respec-
tively. R2 is the determination coefficient;  is the leave-
one-out cross validation determination coefficient. Again, 
and  were calculated for external data predictions. The
model parameters suggest the good predictive ability of the de-
veloped model as it passes various statistical criteria [34]. The
descriptors depicted in the model also interpret the influence of
the zeta potential as discussed below.

The descriptor “χox” pertains to the oxidation number of the
metal, which represents the hypothetical charges within an

atom. The zeta potential decreases as the oxidation number
increases, as indicated by the negative coefficient of the
descriptor. A lower (negative) oxidation number indicates a
higher electronegativity of the metal, which determines the elec-
tron distribution in a molecule. The metal’s electronegativity
also influences the catalytic property of the cationic form and
the surface charge formed around the metal oxide surface. The
highly electronegative surface of MeOx NPs [39] affects their
behavior and stability, thus determining the net charge of ions
in a given medium. Certain MeOx NPs are unstable and tend to
agglomerate. NPs attract negative or positive ions from the me-
dium to build a diffusion double layer. The electronegativity of
the NPs also depends on the pH value of the medium [40]. In
colloidal solutions, negatively charged metal oxides decrease
the zeta potential, which reflects stability based on the aggrega-
tion phenomenon. This is well observed in MeOx NPs, where
an increase in the oxidation number (χox) decreases the zeta
potential. In WO3 NPs, the χox value is 6 and the zeta potential
value is −23 mV; for NiO NPs, the χox value is 2, and the zeta
potential value is 34.4 mV.

The “valence electron potential” (−eV) determines the elements’
reactivity and is based on the charge of the valence electrons
and the ionic radius:

Here, k is a proportionality factor expressing the energy of the
valence electrons in electronvolts. n is the valence, and r is the
ionic radius.



Beilstein J. Nanotechnol. 2024, 15, 297–309.

303

This descriptor negatively contributes to the zeta potential
suggesting that with the increase of the valence electron poten-
tial of the metal, there will be a decrease in zeta potential value.
This has been observed in Mn2O3 NPs, which have a valence
electron potential value of 220eV and a zeta potential of
−15.9 mV. Co3O3 NPs show the opposite result; the decrease in
the valence electron potential value (38eV) shows an increase in
zeta potential value (22.6 mV). MeOx NPs with large ionic
radius tend to have low valence electron potential, as it is
inversely proportional to the ionic radius of the NPs. NPs with
lower valence potential allow for an easier formation of the
electrostatic double layer (EDL). If the solution with NPs shifts
to lower ionic strength, then the zeta potential increases as the
EDL expands to balance the electrostatic force, thus allowing
for the dispersion of NPs.

The descriptor “tot_metal_alpha” defines the core environment
of the metal. It also defines the molecular bulk of the metal
oxide. This descriptor has vital characteristics that are heavily
influenced by the number of metals present in the metal oxide.
Furthermore, the electronegativity of the metal is a crucial
factor in determining the surface charge and stability of the NPs
in the solution. The positive regression coefficient suggests that
an increase in the surface charge of the metal helps the NPs
to remain dispersed in the media and thus avoids flocculation.
This phenomenon is observable in Yb2O3 NPs with a high
tot_metal_alpha value (13.6) and the highest zeta potential
(46 mV); in contrast, SnO2 NPs with a descriptor value of 2.88
have a zeta potential value of −20.5 mV.

QSPR model for cell damage
Model 2 (PLS)

(2)

Model 2 utilizes eight descriptors to evaluate crucial attributes
that can impact cell damage. Equation 2 shows the number of
compounds used in the training and test sets represented by
Ntrain and Ntest, respectively. Additionally, R2 and , the
determination coefficient and leave-one-out (LOO) cross-vali-

dation coefficient, were employed. Furthermore, external data
prediction calculations were made using  and . The
model parameters demonstrate exceptional predictive ability,
meeting various statistical criteria [34]. The descriptors used in
the model were well interpreted and are comprehensively dis-
cussed in a later section. Note that the zeta potential has
appeared as a significant descriptor in defining the cell damage.
On removal of zeta potential as a descriptor, the model quality
decreases. Predictions from one model as a descriptor for
another model are made to fill the data gap or to determine the
missing values. This approach is similar to the imputation meth-
odology, which creates a model embedded within another
model. Instead of using dummy variables for quantitative
prediction, a useful imputation method can predict various types
of inputs. It is worth noting that many existing works utilize
imputation techniques [41]. In QSAR studies, it is not unusual
to use a model-derived prediction as a descriptor for the devel-
opment of other models or for prediction when the endpoint has
been tested under different experimental or varying conditions
(as in the case of interspecies modeling). This approach is reli-
able and aims to establish a correlation between different condi-
tions to fill the data gap.

Chemical read-across analysis
The developed QSPR (PLS) model for dataset 2 provided eight
descriptors that were utilized for read-across predictions. Three
similarity-based prediction methods, namely Euclidean dis-
tance (ED)-based, Gaussian kernel (GK) similarity-based, and
Laplacian kernel (LK) were employed. Upon optimizing the
dataset, it was concluded that the read-across based on the
Euclidean distance (RA-ED) function outperformed the others,
as shown in Table 1. The Read-Across v4.0 software [42] was
utilized for this work. After performing RA, the resultant 
increased from 0.65 to 0.766.

Interpretation of the descriptors
The periodic table descriptor ∑χ/nO stands for the total metal
electronegativity in a specific metal oxide relative to the num-
ber of oxygen atoms. This descriptor takes into account the
crucial role of oxygen atoms in causing cell damage. With
regard to the cell damage endpoint, this descriptor has a nega-
tive effect, indicating that an increase in the number of oxygen
atoms compared to the electronegativity sum results in a lower
ratio of the descriptor. Thus, a high concentration of oxygen
atoms in the metal oxide can expedite the oxidative damage
process, leading to the production of more reactive oxygen
species (ROS) and causing more cell damage. CoO NPs show
that a high ∑χ/nO value (1.88) leads to less cell damage
(−4.38), whereas a low value (∑χ/nO = 0.77) leads to more cell
damage (−2.50) as observed for TiO2 NPs. The production of
ROS can enhance the catalytic activity of Fenton/Fenton-like
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Table 1: Results for read across prediction using different similarity-based approaches.

Feature combinations Hypothesis Hyper parameters Statistical parameters

σ γ Distance
threshold

Similarity
threshold

MAE RMSEP

Model 2
(132 MeOx NPs)
8 descriptors
(7 LVs)

RA-ED 1.75 1.75 1 0 0.766 0.765 0.177 0.252
RA-GK 0.764 0.763 0.178 0.254
RA-LK 0.724 0.724 0.195 0.274

reactions, but can also result in cellular damage [16]. ROS can
break down the basic components of the cell, including DNA,
proteins, and lipids. ROS can cause double-strand breaks in
DNA by converting guanine to 8-oxoguanine. This conversion
can lead to mispairing with adenine, resulting in transversion
mutations. Proteins can also be damaged when their amino acid
side chains are oxidized by ROS. Exposure of lipids to ROS can
result in lipid peroxidation, which can cause cell damage and
generate reactive by-products that further damage the cell.

The second-generation periodic table-based descriptor
“sq_sum_epsilon/N” (∑ε/N)2 stands for the sum of electronega-
tivity of the atoms of the metal oxide, which is calculated based
on the electronegativity count (∑ε) of the oxides, scaled by the
number of atoms:

Here, εmetal and εoxy are the electronegativity count of metal
and oxygen atoms, respectively, and Nmetal and Noxy are, re-
spectively, the number of metal and oxygen atoms. The posi-
tive coefficient of the descriptor in Equation 2 indicates that an
increase in electronegativity favors the rise in cell damage as in
CuO nanoparticles, where a high (∑ε/N)2 value (9.93) causes
more cell damage (−2.87), whereas Sb2O3 nanoparticles with
low electronegativity ((∑ε/N)2 = 0.018) are less toxic (−4.625).
Because of the high electronegativity, the atoms pull electrons
from their neighboring atoms or molecules, leading to the de-
velopment of an electrostatic bond with proteins in biological
systems. The high electronegativity also influences the forma-
tion of metal cations. The increase of catalytic properties of
metal cations enhances the toxicity through the generation of
ROS, causing damage to cell membranes [16]. The high electro-
negativity helps in removing electrons from molecules, produc-
ing free radicals. Free radicals are unstable and highly reactive.
These short-lived radicals are unable to leave the sub-cellular
location where they are generated without being reduced,
leading to oxidative damage [43]. The presence of high-electro-
negativity metals in the cellular membrane can lead to the
leakage of cellular content [22].

The “D1metal” descriptor signifies the total number of metal
atoms in the MeOx NP composition. An increase in the number
of metals can have a detrimental effect on cells by impacting
ROS generation. The positive coefficient of the D1metal
descriptor indicates that an increase in the metal fraction in
MeOx NPs causes more cell damage (−2.63) as observed in
Fe3O4 NPs (D1metal = 3). In contrast, CoO NPs with a low
metal fraction (D1metal = 1) nanoparticles cause less cell
damage (−4.375). Metal ions can generate reactive hydroxyl
radicals, resulting in oxidative damage to proteins. Moreover,
they can bind non-specifically to amino acid residues and
replace existing metal ions at active sites of enzymes, leading to
abnormal protein folding. Protein aggregation diseases are a
type of neurodegenerative diseases that occur when proteins
lose their structure and are deposited in the brain. These
diseases are the most common type of neurodegenerative
diseases. Many of these structures are highly toxic to cells [44].
The folding of proteins also causes damage to the immune
system, because certain structures do not induce the production
of antibodies [45].

The descriptor “Metal alpha” (αmetal) defines the core environ-
ment of the metal. This descriptor represents the ratio of the
number of core electrons to the number of valence electrons.
The Metal alpha descriptor describes the electron density of the
metal. This descriptor is calculated using Equation 3:

(3)

Here, λ is (Zmetal − Zvmetal)/Zvmetal and μ is 1/(PNmetal), where
Zmetal is the atomic number, Zvmetal stands for the valence elec-
trons of the metal, and PNmetal stands for the periodic number in
the periodic table. The negative coefficient of the descriptor
signifies the low electron affinity of the metal oxide to accept
electrons. This means that the metal has a propensity of having
a cationic charge, which leads to the catalytic power of metal
cations. For example, in WO3, the metal alpha value is 7.2 and
cell damage is −4.57. In contrast, Al2O3 with a metal alpha
value of 1.66 causes higher damage to cells (−2.8). Metal
cations are more harmful than normal nanoparticles. This is
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because their electropositivity and inherent toxicity increase
significantly with atomic weight. In addition, the formation of
metal–ligand bonds has a direct impact on the metal’s toxicity.
Furthermore, it is a well-established fact that each metal has an
affinity constant for various ligands, which means that most
metal cations can form stable complexes with a wide variety of
ligands, further increasing their potential toxicity.

In the field of physical chemistry, the zeta potential is a crucial
parameter that measures the surface charge of particles relative
to their size. In colloidal systems, the zeta potential is widely
used as an indicator to reflect the stability. It is important to
note that NPs with higher positive charges can be more harmful
than those with higher negative charges. Moreover, positively
charged NPs interact more significantly with cells, leading to
greater cell damage. Another crucial factor to consider is that
NPs with a higher zeta potential, regardless of their charge, are
more easily absorbed by cells due to the electrostatic interac-
tion between dispersed particles and the effective electric
charge on the surface of the NPs [40]. This feature is particular-
ly relevant to their biological activity, especially their ability to
bind to and be absorbed by cell membranes. For instance,
Cr2O3 NPs have a high zeta potential (2130 mV) and a high cell
damage propensity, whereas Y2O3 NPs with a low zeta poten-
tial (−23 mV) cause less damage to cells (−4.5). The increase in
zeta potential enhances the accumulation of nanoparticles on the
surface of cells. The intensity of accumulation determines the
toxicity of the nanoparticles. The concept of zeta potential plays
a vital role in adhesion to the hydro–water interface and solid
surfaces, providing an idea about the viability and permeability
of the cell membrane under stress. As most of the cell surface
carries a negative charge, metals with higher zeta potential can
easily enter the cell and increase the production of ROS. Also,
they can have a mechanical effect on the membrane, leading to
depolarization of the membrane and cell damage.

The “Electron Active M” descriptor is a representation of the
number of electrons that an active metal possesses. Active
metals are known for their quick and robust reactions owing to
the electron arrangement in their structure. These metals contain
free electrons in their outermost shell that can readily create a
cation by interacting with other atoms and initiating a chemical
reaction. The delocalized electrons can easily interact with
macroproteins, leading to the acceleration of damage to the bio-
logical membrane. A positive coefficient of Electron Active M
indicates more oxidative stress and more damage to the cell due
to an increase in free radicals. WO3 has a high descriptor value
of 74 resulting in high cell damage (−2.8), while Cr2O3 NP has
a low descriptor value of 24 leading to low cellular damage
(−4). Transition metals are capable of forming coordinate com-
plexes with the imidazolyl group of histidine. These metal ions

are redox-active and can play a crucial role in the production of
ROS within the cell. The reduced forms of these redox-active
metal ions are involved in the Fenton reaction, which generates
hydroxyl radicals from hydrogen peroxide. Similarly, the
Haber–Weiss reaction involves the oxidized forms of redox-
active metal ions and superoxide anions, which generate the
reduced form of the metal ion. This reduced form can then be
coupled to Fenton chemistry to produce hydroxyl radicals. ROS
further accelerate the damage of the cell.

“Valence” (V) is a factor that contributes to cell damage. It indi-
cates the number of electrons in the outermost shell of an atom
that are available for chemical bonding and is similar to other
descriptors that provide information about free electrons. The
insights obtained from the developed model 2 strongly suggest
that an increase in valence (7) leads to a decrease in cell damage
(−3), as observed in MnO3 NPs. This is supported by the nega-
tive regression coefficient of the descriptor. Conversely, a low
valence (2) leads to greater cell damage (−2), as seen in ZnO
NPs. Atoms with fewer electrons in their outer shell tend to lose
them and become metal cations, which can damage cells [16].
Cations aid in the transportation of metal ions across the cell
surface by interacting with its negatively charged surface.
Unfortunately, this interaction can lead to DNA damage
through processes such as delocalization, redox chemistry, and
the generation of ROS.

Our research aimed to examine how the time of exposure to
metal oxide affects cell damage, regardless of other physio-
chemical properties of MeOx NPs. Our findings indicate that
exposure time plays a crucial role in cell damage. Prolonged
exposure times increase the damaging potential. For instance,
exposing cells to WO3 NP for 7 h resulted in a cell damage
score of −2.75. In contrast, exposure to Yb2O3 for only 1 h
resulted in a score of −3.5. These results demonstrate the signif-
icance of considering exposure time when evaluating the poten-
tial risks of metal oxide exposure. When living organisms are
exposed to NPs for an extended period of time, inflammatory
conditions can occur that lead to physical, muscular, and neuro-
logical degeneration, or increased intensity of oxidative stress.
This happens because longer exposure times enhance the toxici-
ty mechanism of NPs. In contrast, short-term exposure does not
affect significantly the cells. NPs can induce oxidative stress by
impairing antioxidant defenses in humans when they are chroni-
cally exposed to NPs.

Importance of the zeta potential as a
descriptor
The developed QSPR model without zeta potential descriptor
shows R2 = 0.47 and  = 0.34, which is well below the
desired acceptance criteria. The obtained results indicate that
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Figure 5: Interpretation of descriptors with respect to cell damage (endpoint) in cancer cells.

the fitting and robustness of the developed model without the
presence of the zeta potential descriptor is unsatisfactory.
Therefore, to achieve the fit and predictive power of the model,
we included the zeta potential descriptor along with the other
seven descriptors. In the presence of zeta potential, the statis-
tical quality and internal validation metrics increased (R2 = 0.62
and  = 0.54) showing the stability and predictive ability
of the model.

Utilization of the metal oxide cell damage
knowledge for cancer treatment
NPs have shown immense potential in treating various diseases
owing to their small size and high surface-to-volume ratio,
which makes them effective drug delivery systems. Metal NPs
can lead to greater signal amplification, greater sensitivity, and
higher detection. However, NPs with properties that generate
ROS can increase cell damage. In cancer cells, rapid prolifera-
tion leads to an imbalance of oxygen, abnormal structure, and
blood supply, making the tumor microenvironment (TME)
prone to hypoxic conditions [46]. Insufficient oxygen reduces
ROS generation, which decreases the efficacy of oxygen-de-
pendent therapies, such as photodynamic therapy (PDT),
chemodynamic therapy (CDT), and radiation therapy. The
information derived from the positive contribution of the
D1metal descriptor (model 2) draws attention to the fact that
metal oxides are good candidates for generating oxidative stress
in cells. The ∑χ/nO descriptor suggested a higher oxygen

requirement for damaging the cells. It indicates that a higher
fraction of oxygen in the metal oxide nanoparticles can increase
the sensitivity to PDT. Furthermore, transition metals can cata-
lyze Fenton/Fenton-like reactions [47], generating highly oxida-
tive species that can kill tumor cells. The electronegativity of
the metal oxides helps the NPs in crossing the cell membrane.
The formation of metal cations can also affect the pH value of
the cell and increase the catalytic properties of metal oxides,
thereby increasing ROS generation. Tumor cells have a mecha-
nism for dealing with hypoxia, acidosis, and high glutathione
(GSH) levels, which promote drug resistance, especially for
ROS-dependent drugs (Figure 5). However, metal oxides can
change the TME conditions by supplying oxygen and suppress-
ing hypoxia-inducible factor 1 and CD39/CD73 in T cells,
which reduces the immunosuppression effect of tumors.

Comparison with previously published
literature
This study successfully develops a QSPR model with a cell
damage endpoint that uses the zeta potential value as a
descriptor. The descriptor was calculated using another model
that used the zeta potential as the endpoint (Y-response) for its
QSPR model development. The QSPR models were developed
with simple periodic table-based descriptors that do not depend
on size or any other experimental conditions. These descriptors
are easy to calculate, less expensive, and can be calculated by
anyone without the need for expert personnel.



Beilstein J. Nanotechnol. 2024, 15, 297–309.

307

Table 2: Comparison of the statistical parameters with a previous study.

Sl. no. Q2 R2
train strain R2

test MAEtest Stest

current study 0.538 0.621 0.361 0.768 0.767 0.181 0.377
previous study (best split) [27] 0.486 0.512 0.387 — 0.822 — 0.318

The study provides in-depth knowledge about the properties and
causes of toxicity of nanoparticles using simple regression-
based models. It is important to note that a direct comparison
with a previous study by Toropova [27] is not possible because
of the different data division methods (five random splits), the
use of different types of descriptors (optimal nano-descriptors),
and the dissimilar modeling methods (Monte Carlo method).
However, it is clear that the statistical metric values for the de-
veloped model in the present study are similar to those of the
previous study (the best-split results only shown) as presented
in Table 2. Furthermore, we have proposed an effective mecha-
nism to treat cancerous cells with the cell-damaging properties
of MeOx NPs.

Conclusion
The impact of nanoparticles on cell membranes has been thor-
oughly examined through nanotoxicological research and in
vitro modeling [48,49]. While the toxicity endpoint is a well-
explored topic, it is crucial to investigate non-fatal endpoints
such as cell damage. The zeta potential is a widely used param-
eter to characterize the properties of nanoparticles. However,
cell membrane damage is influenced by various factors, includ-
ing exposure time and dose. Thus, this study aimed to establish
a relationship between the properties of nanoparticles and their
toxicity, with a focus on cell membrane damage.

The study was divided into two parts. The first part involved
modeling nanoparticles against the zeta potential to determine
the features that can alter their properties. The second part
focused on the elements that can influence toxicity and damage
to the cell membrane. Both the QSPR model for the zeta poten-
tial and another model against cell damage were developed
using periodic table-based descriptors. The QSPR model (zeta
potential) was able to predict the zeta potential for MeOx NPs
without experimental values. The developed models showed
good predictivity and robustness, confirming their effectiveness.

The features obtained from the models suggest that surface
charge and electronegativity play a role in altering the zeta
potential. Additionally, an increase in oxygen count, electroneg-
ativity, formation of cationic charge, and an increase in zeta
potential can influence cell membrane damage. Based on these

findings, the authors propose that the damaging power of metal
oxide nanoparticles can be harnessed in treating cancerous cells.
This study not only identifies the features required to enhance
the properties of nanoparticles but also provides knowledge for
treating cancerous cells through cell damage techniques. The
study can pave the way for researchers to use nanoparticles in
clinical practice with confidence.
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Abstract
Neurodegenerative diseases are characterized by slowly progressing neuronal cell death. Conventional drug treatment strategies
often fail because of poor solubility, low bioavailability, and the inability of the drugs to effectively cross the blood–brain barrier.
Therefore, the development of new neurodegenerative disease drugs (NDDs) requires immediate attention. Nanoparticle (NP)
systems are of increasing interest for transporting NDDs to the central nervous system. However, discovering effective nanoparti-
cle neuronal disease drug delivery systems (N2D3Ss) is challenging because of the vast number of combinations of NP and NDD
compounds, as well as the various assays involved. Artificial intelligence/machine learning (AI/ML) algorithms have the potential
to accelerate this process by predicting the most promising NDD and NP candidates for assaying. Nevertheless, the relatively
limited amount of reported data on N2D3S activity compared to assayed NDDs makes AI/ML analysis challenging. In this work,
the IFPTML technique, which combines information fusion (IF), perturbation theory (PT), and machine learning (ML), was em-
ployed to address this challenge. Initially, we conducted the fusion into a unified dataset comprising 4403 NDD assays from
ChEMBL and 260 NP cytotoxicity assays from journal articles. Through a resampling process, three new working datasets were
generated, each containing 500,000 cases. We utilized linear discriminant analysis (LDA) along with artificial neural network
(ANN) algorithms, such as multilayer perceptron (MLP) and deep learning networks (DLN), to construct linear and non-linear
IFPTML models. The IFPTML-LDA models exhibited sensitivity (Sn) and specificity (Sp) values in the range of 70% to 73%
(>375,000 training cases) and 70% to 80% (>125,000 validation cases), respectively. In contrast, the IFPTML-MLP and IFPTML-
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DLN achieved Sn and Sp values in the range of 85% to 86% for both training and validation series. Additionally, IFPTML-ANN
models showed an area under the receiver operating curve (AUROC) of approximately 0.93 to 0.95. These results indicate that the
IFPTML models could serve as valuable tools in the design of drug delivery systems for neurosciences.
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Introduction
Over time, there has been a significant shift in global dietary
habits and lifestyle standards. Poor dietary choices, irregular
eating patterns, extended working hours, and sedentary behav-
iors have contributed to a trend towards an unhealthy lifestyle
[1]. This shift has resulted in a rise in chronic degenerative
diseases among the elderly population. These diseases encom-
pass a diverse range of conditions characterized by the gradual
deterioration of bodily structures and functions [2,3]. Although
the exact causes leading to these diseases remain unidentified,
there is evidence that oxidative damage plays a crucial role in
the progressive neuronal cell death, particularly through the
generation of reactive oxygen and nitrogen species [4,5]. In this
regard, Alzheimer’s and Parkinson’s diseases are the most
severe and untreatable conditions. Conventional drug treatment
methods, such as acetylcholinesterase inhibitor drugs, often en-
counter obstacles due to their inadequate solubility, limited
bioavailability, and inability to effectively penetrate the
blood–brain barrier (BBB) [6]. Therefore, there is an urgent
need to focus on the advancement of novel neurodegenerative
disease drugs (NDDs) [7,8]. The major obstacle encountered by
NDDs is the selectivity of the BBB, which limits the number of
therapeutic substances able to reach the brain in order to induce
a positive effect. Recently, many efforts have been made to
develop systems that facilitate the passage of NDDs through the
BBB.

Interestingly, nanoparticle (NP) systems are gaining increasing
interest among the possible nanomedicine strategies for NDD
transport to the central nervous system (CNS) [9,10]. For
simplicity, we are going to call them nanoparticle neuronal
diseases drug delivery systems (N2D3Ss). N2D3Ss have the
ability to protect NDDs from chemical and enzymatic degrada-
tion, direct the active compound towards the target site with a
substantial reduction of toxicity for the adjacent tissues, and
help the NDDs to pass physiological barriers, increasing
bioavailability without resorting to high dosages [5,11]. There-
fore, researchers are studying and developing new treatment ap-
proaches that use N2D3Ss for diagnosis and treatment [12-15].

Also, over the last few years, artificial intelligence/machine
learning (AI/ML) models have been applied successfully to
solve problems in different disciplines, especially in the inter-
face of chemistry and ND research [16-19]. In this regard, we
consider AI/ML to be helpful in the development of N2D3Ss to
select the most efficient combination of NP and drug, taking

into account properties regarding chemical absorption, distribu-
tion, metabolism, excretion, and toxicity (ADMET), and the bi-
ological activity regarding NDs [20]. Nevertheless, there is rela-
tively limited experimental data on NPs reported in the scien-
tific literature in comparison to drugs, which increases the diffi-
culty of designing systems based on AI/ML techniques.

An additional essential downside of developing N2D3Ss with
AI/ML techniques is the great complexity of the data to be
explored. As a result, N2D3S development by the additive ap-
proach requires an AI/ML technique to achieve multioutput and
multilabel classification [21-24]. In addition, the AI/ML tech-
nique includes a pre-processing step to perform information
fusion (IF) of the preclinical NDD assay and NP cytotoxicity
datasets. Nevertheless, most of the AI/ML methods reported to
date only consider the structural/molecular descriptors of the
NDDs or NPs as input. Therefore, these methods exclude com-
pletely non-structural parameters, specifically experimental
conditions of the assays, in order to list NDD or NP labels.
Consequently, the resulting model cannot predict multioutput
properties and/or labels such as different organisms or cell lines
[25-37]. Sizochenko et al. reported a new methodology for NP
safety estimation in different organisms [38]. Predicting NP
safety instead of biological activity has been the objective of
other studies as well [37,39].

As a new strategy to tackle this problem, González-Díaz et al.
have developed IFPTML, a multioutput, and input-coded multi-
label ML method, which stands for information fusion (IF) +
perturbation theory (PT) + machine learning (ML) algorithm
[40]. In recent investigations, the IFPTML model has shown to
be a powerful tool in molecular sciences and NDD research for
the analysis of big datasets that include both structural and non-
structural parameters. Application examples are drug screening,
protein targeting, the prediction of coated-NP drug release
systems [41-49], multitarget networks of neuroprotective com-
pounds for a theoretical study of new asymmetric 1,2-rasagiline
carbamates [50], a TOPS-MODE model of multiplexing neuro-
protective effects of drugs, an experimental/theoretical study of
new 1,3-rasagiline derivatives potentially useful in neurodegen-
erative diseases [51], as well as QSAR and complex networks
in pharmaceutical design, microbiology, parasitology, toxi-
cology, cancer, and neurosciences [52]. Furthermore, this new
model also has been used for very similar systems to this
research work such as NP systems, taking into account NP
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Figure 1: Detailed information processing workflow of the IFPTML models. Steps 2.1 and 2.2: data collection (ChEMBL dataset of NDDs and NP
cytotoxicity dataset); step 2.3: data pre-processing and information fusion (NP and NDD assays); step 2.4: definition of objective and reference
functions; step 2.5: calculation of the perturbation theory operator (PTO).

structure and coating agents, synthesis conditions of NPs and
loaded drugs, cancer co-therapy drugs, or assay conditions [53-
57]. Here we developed IFPTML models for the proposal of
N2D3Ss containing NDD and NP components.

Results and Discussion
In order to build the IFPTML models we carried out the steps
shown in Figure 1, which shows the general workflow of all
computational procedures in this study. For a better under-
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Figure 2: Connection of the current IFPTML model to other PTML models developed by our research group.

standing of all steps, we enumerated them with 2.1, 2.2., and so
on.

Figure 2 shows the connections regarding methodology and
used databases to our previous publications. For each PTML
model development, data download/compilation, data curation,
and so on were carried out separately by researchers. First, the
database of antineurodegenerative drugs (ADs) was down-
loaded from ChEMBL by Alonso and coworkers. These
researchers employed this database to create advanced predic-
tive models known as multitarget or multiplexing QSAR. These
models are designed to forecast both the potential neurotoxicity
and neuroprotective effects of drugs across various experimen-

tal setups, including multiple assays, drug targets, and model
organisms [41]. Later, Romero Durán et al. enriched the AD
database and constructed multitarget networks of neuroprotec-
tive compounds to study new asymmetric 1,2-rasagiline carba-
mates. These authors developed a TOPS-MODE model to
analyze the multiple neuroprotective effects of drugs and to
conduct experimental/theoretical studies on new 1,3-rasagiline
derivatives potentially useful in neurodegenerative diseases
[50]. Additionally, Romero Durán et al. expanded the AD data-
base to develop artificial neural network (ANN) algorithms.
These models were designed to forecast how ADs interact with
targets within the CNS interactome [58]. Speck-Planche et al.
compiled manually a database of NPs from the literature. They
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constructed a QSAR model to investigate multiple antibacterial
profiles of NPs under diverse experimental conditions. Further-
more, Ortega-Tenezaca et al. enriched the NP dataset and de-
veloped a PTML model for the discovery of antibacterial NPs
[59]. Diéguez et al. expanded the NP database and developed a
PTML model in order to design antibacterial drug and NP
systems [10].

In this study, we utilized the IFPTML model to investigate
N2D3Ss, encompassing assays of ADs and preclinical assays
for NPs. To achieve this, we conducted the IF of AD and NP
databases, curated the data, combined the objective and refer-
ence functions, and calculated the PTO.

NDDs ChEMBL dataset
First, we collected the data of preclinical assays for NDDs from
the ChEMBL dataset (see step 2.1. in Figure 1) [60-62]. This
dataset contained 4403 preclinical assays for 2566 NDDs
(unique drugs), that is, approximately 1.71 assays for each drug.
The information downloaded from ChEMBL included discrete
variables cdj used to specify the conditions/labels of each assay.
These variables are cd0, the biological activity parameter, cd1,
the target protein involved in NDs, cd2, the cell line for NDD
assays, and cd3, the model organism. Each one of these assays
included one out of n(cd0) = 46 possible biological activity pa-
rameters (e.g., EC50 or Ki (nM)). They also involved some of
the n(cd1) = 21 target proteins, n(cd2) = 7 cell lines (SH-SY5Y,
CHO-K1, HEK293, PC-12, CHO, HEK-293T, and HuT78), and
n(cd3) = 7 model organisms (Homo sapiens, Rattus norvegicus,
Mus musculus, Cavia porcellus, Canis lupus familiaris, Maca-
cafas cicularis, and Caenorhabditis elegans). The information
downloaded from ChEMBL also included another set of
discrete variables used to codify the nature/quality of data.
These variables are cd4, the type of target, cd5, the type of assay,
cd6, the data curation, cd7, the confidence score, and cd8, the
target mapping. Specifically, the target types are n(cd4) = 6
(single protein, organism, tissue, non-molecular target, and
ADMET), and the assay types are n(cd5) = 3 (binding, func-
tional, and ADMET). In addition, data curation has n(cd6) = 3
different values (auto-curation, expert, and intermediate), the
confidence scores are n(cd7) = 4 (9: direct single protein target
assigned, 1: target assigned is non-molecular, 0: default value,
that is, target assignment has yet to be curated, and 8: homolo-
gous single protein target assigned) and the target mapping is
n(cd8) = 3 (protein, non-molecular target, and homologous pro-
tein). Furthermore, this database included the molecular
descriptor Ddk = [Dd1, Dd2, Dd3] in order to define the chemi-
cal structure of the NDD compound. Specifically, we used two
types of molecular descriptor for the i-th compound, namely
Dd1 = logarithm of the n-octanol/water partition coefficient
(LOGPi) and Dd2 = topological polar surface area (PSAi). The

detailed information of this dataset is given in Supporting Infor-
mation File 1 (datasheet “ChEMBL”).

NP cytotoxicity dataset
Simultaneously, we downloaded the data of preclinical assays
for the cytotoxicity of NPs from different sources (see step 2.2.
in Figure 1). We selected 62 papers from the scientific litera-
ture databases Pubmed and SciFinder [63-65]. This dataset
included 260 preclinical assays for 31 unique NPs. Therefore,
the number of assays for each NP is about 8.39. Moreover, the
data covered a huge range of properties of NPs such as mor-
phology, physicochemical properties, coating agents, length,
and time of assay. These properties were defined as discrete
variables cnj applied to identify the conditions/labels of each
assay. Then, we enumerated all particular conditions of each
assay as a general vector cnj = [cn1, cn2, cn3,…, cnmax]. These
variables are cn0, the biological activity parameter, cn1, the cell
line, cn2, the NP shape, cn3, the measurement conditions, and
cn4, the coating agent. Each of these assays involved at last one
out of n(cn0) = 5 possible biological activity parameters (CC50,
EC50, IC50, LC50, and TC50). They also include n(cn1) = 53 cell
lines (e.g., A549 (H), RAW 264.7, and Neuro-2A (M)) and
n(cn2) = 10 NP shapes (spherical, irregular, slice-shaped,
needles, rods, elliptical, pseudo-spherical, polyhedral, pyra-
midal, and strips). In addition, they contain n(cn3) = 8 NP mea-
surement conditions (dry, H2O, DMEM, RPMI, 1% Trion
X-100/H2O, H2O/TMAOH, egg/H2O, and H2O/HMT) and
n(cn4) = 16 coating agents (UC, PEG-Si(OMe)3, PVA, sodium
citrate, 11-mercaptoundecanoic acid, PVP, propylamonium
fragment, undecylazide fragment, CTAB, N,N,N-trimethyl-3(1-
propene) ammonium fragment, potato starch, N-acetylcysteine,
CMC-90, 2,3-dimercaptopropanesulfonate, 3-mercaptopropane-
sulfonate, and thioglycolic acid). The full information of this
dataset is shown in Supporting Information File 1 (datasheet
“NP”).

DNDS pair resampling
IF processing of biological parameters
First, we described and acquired the objective value in order to
design the IFPTML model for N2D3S. We defined the target
function by applying the vectors of descriptors for all cases Dk
to use as the input variable in the ML model. The target func-
tion is commonly achieved by a mathematical conversion of the
original theoretical or observed feature of the scheme under
analysis [66-68]. In this IFPTML model, it includes two groups
of observed values, specifically vij(cd0) and vnj(cn0). In addition,
it contains two types of input vectors, Ddk and Dnk, for the
preclinical NDD and NP assays, respectively. Moreover, in this
dataset was a large number of different biological parameters
cd0 and cn0. For example, there are properties such as half the
maximum inhibitory concentration (IC50 (nM)), half the
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maximum effective concentration (EC50 (nM)), or the lethal
concentration of a substance for an organism (LC50 (nM)).
Another difficulty is that the majority of vij(cd0) and vnj(cn0)
values collected are numbers with decimals. Furthermore, in
order to acquire the optimum N2D3S, we prioritize some prop-
erties and deprioritize others. In this context, we introduced a
“desirability” parameter to tackle this problem

The desirability value was established as d(cd0) = 1 or d(cn0) =
1 when the value of vij(cd0) or vnj(cn0) needs to be maximized,
otherwise d(cd0) = −1 or d(cn0) = −1. The different NDD and
NP properties/characteristics possess a large number of designa-
tions or labels cd0 and cn0, respectively, and increase the unre-
ability of the data, making it more laborious to build a regres-
sion model. For example, in context of a specific case, biologi-
cal activity parameters cd0 with d(cd0) = 1 are Bmax (fmol/mg),
the total number of receptors expressed in the same units, activ-
ity (%), and Cp (nM). Whereas parameters with d(cd0) = −1 are,
for example, EC50 (nM), IC50 (nM), and Imax (%). To address
this problem, we used a cutoff value to divide AD and NP
assays into favorable and non-favorable assays. It is worth men-
tioning that using a cutoff is a common practice in drug
discovery processes. As a result, acquiring the final target func-
tion, the pre-processing of all observed vij(cd0) and vnj(cn0)
values is crucial in order to remove or reduce imprecisions.
Eventually, IF processing of the parameters vij(cd0) and vnj(cn0)
enabled us to obtain a target function of the N2D3Ss.

We also used a cutoff to rescale the parameters of vij(cd0)
and vnj(cn0) to obtain the Boolean (dummy) functions
f(vij(cd0))obs and f(vnj(cn0))obs. These values were obtained as
f(vij(cd0))obs = 1 if vij(cd0) > cutoff and d(cd0) = 1, or vij(cd0) <
cutoff and desirability d(cd0) = −1; otherwise f(vij(cd0)) = 0.
Similarly, f(vnj(cn0))obs = 1 if vnj(cn0) > cutoff and d(cn0) = 1, or
vnj(cn0) < cutoff and d(cn0) = −1; else f(vij(cd0), vnj(cn0)) = 0.
The values f(vij(cd0))obs = 1 and f(vnj(cn0))obs = 1 mean to have
a positive desired effect of both NDDs and NPs. As a result, the
target function was described as f(vij(cd0), vnj(cn0))obs =
f(vij(cd0))obs·f(vnj(cn0))obs. Therefore, the outcome of the IF
scaling f(vij(cd0), vnj(cn0))obs is determined by the i-th NDD
compound and the n-th NP measurement conditions. The
remaining cases, f(vij(cd0), vnj(cn0))obs = 0, indicate that at least
one of the abovementioned conditions fail.

Definition of objective and reference
functions
IF phase for combining the references
After we obtained the target function, the next step is to
describe the input variables of the IFPTML model. Input vari-
able for this model is the reference function f(vij(cd0),
vnj(cn0))ref. The function f(vij(cd0), vnj(cn0))ref plays an impor-

tant role because this function characterizes the expected proba-
bility f(vij(cd0), vnj(cn0))ref = p(f(vij(cd0), vnj(cn0))ref = 1) for
achieving the required level of activity for a specific property
acquired from well-known systems. IFPTML uses values from
well-known systems or subset systems as reference. Afterwards,
this model includes the effect of different deviations (perturba-
tions) of the query function from the reference function. Ac-
cordingly, f(vij(cd0), vnj(cn0))ref can be considered a function
related to observed (not predicted) outcomes. In the above
section, we mentioned the step of IF scaling to transform the
original vij(cd0) and vnj(cn0) values into f(vij(cd0))obs and
f(vnj(cn0))obs functions. When we acquire f(vij(cd0))obs and
f(vnj(cn0))obs for all cases in our dataset, the next step is to quan-
tify each of the positive outcomes n(f(vij(cd0))obs = 1) and
n(f(vnj(cn0))obs = 1). Subsequently, in order to obtain the refer-
ence or expected functions (Figure 3), we divide the previous
values by the entire number of cases for the NDD and NP
systems separately. We describe these functions as f(vij(cd0))ref
= p(f(vij(cd0))obs = 1) = n(f(vij(cd0))obs = 1)/n(cd0)j and
f(vnj(cn0))ref = p(f(vnj(cn0))obs = 1) = n(f(vnj(cn0))obs = 1)/n(cn0)j.
In this context, we can calculate the reference function directly
to recognize the probability products for both subsystems
f(vij(cd0), vnj(cn0))ref = p(f(vij(cd0), vnj(cn0))obs = 1) =
p(f(vij(cd0))obs = 1)·p(f(vnj(cn0))obs = 1). It is worth mentioning
that the usage of the reference function at this point is
another representation of the IF (combination) of NDD and NP
datasets.

PTO calculation
IFPTML N2D3S data analysis
As we mentioned in the previous section, we acquired the
results of many cytotoxicity preclinical assays of different NPs
[69,70]. Complementarily, we obtained the data of preclinical
assays for NDDs from the ChEMBL database [60,71,72]. It
included the calculation of the vectors Dnk and Ddk of structural
descriptors for all NPs and NDDs. In addition, we constructed
the vectors cnj and cdj in order to list each label and assay condi-
tion for all preclinical assays of NPs and NDDs. Subsequently,
we obtained the values ΔDdk(cdj) and ΔDnk(cnj) of the respec-
tive moving average deviation PTOs.

The NDD vector lists each element Ddk = [Dd1, Dd2]. Precisely,
these elements are the NDD structural descriptors, which have
enabled the development of various strategies to characterize
and classify the structure of potential bioactive molecules [73].
These structural descriptors are Dd1 = logarithm of the
n-octanol/water partition coefficient (LOGPi) and Dd2 = topo-
logical polar surface area (PSAi). In contrast, the cytotoxicity
NP vector lists the elements as Dnk = [Dn1, Dn2, Dn3, Dn4, Dn5,
Dn6, Dn7, Dn8, Dn9, Dn10, Dn11, Dn12, Dn13, Dn14, Dn15, Dn16,
Dn17, Dn18, Dn19, Dn20]. Specifically, they are Dn1 = NMUn
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Figure 3: Reference function calculation workflow.

(number of monomer units), Dn2 = Lnp (NP length), Dn3 = Vnu
(NP volume), Dn4 = Enu (NP electronegativity), Dn5 = Pnu (NP
polarizability), Dn6 = Uccoat (unsaturation count), Dn7 = Uicoat
(unsaturation index), Dn8 = Hycoat (hydrophilic factor), Dn9 =
AMR coat (Ghose–Crippen molar refractivity), Dn10 =
TPSA(NO)coat (topological polar surface area using N,O polar
contributions), Dn11 = TPSA(Tot)coat (topological polar sur-
face area using N,O,S,P polar contributions), Dn12 = ALOGP-
coat (Ghose–Crippen octanol/water partition coefficient),
Dn13 = ALOGP2coat (squared Ghose–Crippen octanol/water
partition coefficient (logP^2)), Dn14 = SAtotcoat (total surface
area from P_VSA-like descriptors), Dn15 = SAacccoat (surface
area of acceptor atoms from P_VSA-like descriptors), Dn16 =
SAdoncoat (surface area of donor atoms from P_VSA-like
descriptors), Dn17 = Vxcoat (McGowan volume), Dn18 =
VvdwMGcoat (van der Waals volume from McGowan volume),
Dn19 = VvdwZAZcoat (van der Waals volume from the
Zhao–Abraham–Zissimos equation), and Dn20 = PDIcoat
(packing density index).

PT data preprocessing
Apart from the vectors Ddk and Dnk, the IFPTML study takes
into account all vectors cdj and cnj as parts of the non-numerical
experimental conditions and labels for both NDD and NP
preclinical assays. We calculated the PTOs of the NDD and NP
preclinical assays including this additional information. We
used Equation 1 and Equation 2 in order to obtain the moving
average (MA) PTOs of NDDs and NPs. The PT model begins

with the expected value of a well-known activity and adds the
effect of different perturbations/variations to the system. Conse-
quently, the model includes two different input variables,
namely the reference or expected-value function f(vij)ref and the
PT operators ΔDk(cj). Specifically, they are applied for account-
ing structural and assay information on NDDs and NPs. In addi-
tion, the PTOs ΔD(Ddk) and ΔD(Dnk) label structural and/or
physicochemical characteristics of NDDs and NPs on the vari-
ables ΔD(Ddk) and ΔD(Dnk), respectively. Furthermore, the
PTOs ΔD(Ddk) and ΔD(Dnk) classify biological assay data of
NDDs and NPs with the variables ⟨D(Ddk)cdj⟩ and ⟨D(Dnk)cnj⟩,
respectively. ⟨D(Ddk)⟩ and ⟨D(Dnk)⟩ are the representations of
the average operator for counting all cases with the equivalent
subset of methodology conditions cdj and cnj, respectively. Ac-
cordingly, they ought to provide exact values for a particular
assay with minimum one altered element in methodology condi-
tions of the vectors cdj or cnj. In this regard, they can specify
which assay we are referring to [53-57]. Another kind of PTOs
involved in this model is the NDD–NP coating agent moving
average balance (MAB) PTO ΔΔD(Dca1 ,  Dca2 ,  Ddk)
(Equation 3). The MAB PTO takes into consideration the like-
nesses between the information on NDDs and the NP coating
agent. Furthermore, PTOs centered straightly on MA and/or
linear and non-linear conversions of MA have been applied for
NDD and NP development in previous research work
[49,55,56]. The MAS is another way of expressing the combi-
nation of IF and PT cumulative procedures of NDD and NP
datasets.
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(2)
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IF phase and proposal of training and validation
series subsets
To develop the ML models, each of the sample cases are
assigned to either the training (subset t) or validation (subset v)
series. The process of assignment ought to be random, illustra-
tive, and stratified [74]. Because of the nature of this combina-
tory system, our sampling also has to take into account the IF
scaling procedure. Initially, we obtained the NDD activity
dataset from the open database ChEMBL, which has been
compiled from primary published literature. The preclinical NP
cytotoxicity assays were acquired from journal articles. After-
wards, we prepared each case as the following labels cd0, cd1,
cd2, cd3, cd4, cd5, cd6, cd7, cd8, cn0, cn1, cn2, cn3, and cn4. These
cases were organized by ranking the labels alphabetically from
A to Z (as we mentioned before, they are non-numeric vari-
ables in nature). The preference order of the labels on the proce-
dure of ranking was cd0 → cn0 → cd1 → cn1 → cd2 → cn2→ cd3
→ cn3. In other words, we organized the cases first by cd0, then
by cn0, and so forth. This preference order considers the IF step
by interchanging labels from AD and NP datasets. Afterwards,
we assigned three quarters of the cases to subset t and the
remaining quarter to subset v. This random assignment im-
proves the likelihood that nearly all categories of individual
labels are denoted by subsets t and v (stratified or proportional
random sampling). In addition, this boosts the possibility that
practically all cases for each label are in a distribution of 3/4 in
subset t and 1/4 subset v, known as representative sampling. It
is worth mentioning that the 75% and 25% proportion between
training and validation is the most used one in big data analysis
[74].

IFPTML-LDA model
The IFPTML N2D3S model utilizes as input variables the PTOs
specified in the previous section to codify information of the
putative N2D3Ss with their corresponding subsystems NDD
and NPs. Combining objective function f(vij, vnj)obs and refer-
ence function f(vij, vnj)ref and adding the IF PTOs ΔΔD(Dc1,
Dc2, Ddk), we obtained the output function f(vij, vnj)calc. This
function carries out dataset crosscut classification of NDD and

NP information. The generic equation for the IFPTML linear
model is the following (Equation 4):

(4)

Generalities for IFPTML model training and
validation series
In many big data systems, the linear discriminant analysis
(LDA) model is the most commonly used tool to seek the pre-
liminary model because of the simplicity of this technique. In
this regard, within this model we applied a forward stepwise
(FSW) [75] process that can select automatically the most
essential input variables for N2D3Ss. We obtained all results by
using the software STATISTICA 6.0 [74]. Afterwards, we
applied the expert-guided selection (EGS) heuristic [76] in
order to retrain the LDA method using the most crucial parame-
ters selected by the FSW process along with other missing
aspects. All IFPTML models were obtained by calculating dif-
ferent statistical parameters, specifically sensitivity (Sn), speci-
ficity (Sp), accuracy (Ac), chi-square (χ2), and the p-level
[77,78].

IFPTML-LDA vs cross linear model
In the Introduction section, we indicated the use of ML ap-
proaches as a promising strategy in order to tackle practical
problems of nanotechnology, such as reducing the number of
experiments [79-84]. In this paper the IFPTML method was
used to combine preclinical assays of NDDs and NPs. Speck-
Planche et al. described multiple IFPTML approaches regarding
toxicity and drug delivery of NPs with a large number of
species under a wide variety of experimental conditions. How-
ever, this study did not take into account the NDDs [54,69,85].
In contrast, Nocedo-Mena et al. reviewed an IFPTML method
to explore the activity of NDDs against numerous species and
under different assay conditions; but this research they did not
consider NPs as part of the system [86]. Accordingly, these
models could not take into consideration both components
(NDD and NPs) of the N2D3Ss. In our group, Dieguéz-Santana
et al. for the first time applied successfully the IFPTML tech-
nique to study the combination of multiple antibacterial drugs
and preclinical assays on the cytotoxicity of NPs [10]. In this
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paper, we used this new approach to develop complex N2D3Ss
containing NDDs and NPs, taking into account, among other
things, NDD assays, NP types including coating agents, and NP
morphologies. To complete the IF scaling process, we calcu-
lated the objective function f(vij, vnj)obs = f(vij)obs·f(vnj)obs. The
main purpose of this function is to increase the effect of
certainty and maintain the homogeneity of scales. Once the
PTOs were obtained, we applied ML methods so as to fit
f(vij, vnj)obs and to achieve the IFPTML models. As indicated in
the previous section, we classified the preclinical NDD assays,
cdj, onto two different partitions (subsets) of variables cI and cII.
The partition cI defines the biological characteristics; it
contains, among other things, cd0 = biological activity parame-
ters of NDDs (e.g., IC50, Ki, potency, and time) and cd1 = type
of proteins involved in the NDs. The partition cII defines the
data quality; it contains, among other things, cd4 = type of target
and cd5 = type of assay. For the preclinical NP cytotoxicity
assays, cnj forms only one partition cIII, which describes its
nature and involves cn0 = biological activity parameters of the
NPs (e.g., CC50, IC50, LC50, and EC50), cn1 = cell lines, cn2 =
NP morphology, and cn3 = NP synthesis conditions. In addition,
we acquired two types of IFPTML-LDA model for designing
the N2D3Ss. On the one hand, we obtained the IFPTML-LDA
by calculating the PTOs ΔDk(cj) as the difference between the
average value ⟨Dk(cj)⟩ and the partition cn within of their own
set. As result, the best IFPTML-LDA model found is as follows
(Equation 5):

(5)

On the other hand, we tested the possibility to improve the
results of statistical parameters for the IFPTML-LDA algo-
rithm. To this end, we calculated the PTOs ΔDk(cj) by per-
forming all possible combinations among the average values
⟨Dk(cj)⟩ of both vectors Dnk and Ddk with each partition. As a
result, we obtained three different combinations of crossing
PTOs for each sample, one for NDDs (ΔDdk(cIII)) and two for
NPs (ΔDnk(cI) and ΔDnk(cII)). For simplicity, they are named
“IFPTML-LDA with cross” (see more details in Figure 1). The

best IFPTML-LDA found with the cross model is the following
(Equation 6):

(6)

The output function f(vdij, vnij)calc provides a real numeric value
that will probably be applied to counting N2D3Ss. This func-
tion was acquired by calculating the objective function
f(vij(cd0), vnj(cn0))obs with the ML method making use of the
PTOs. The characteristic of the IFPTML models was defined by
the statistical parameters sensibility (Sn), specificity (Sp), accu-
racy (Ac), chi-square test (χ2), and p-level [74]. The results
summary collected in Table 1 contains the statistical parame-
ters for the best models found (Equation 2) for each sample
(standard IFPTML-LDA and IFPTML-LDA with cross) are
collected in Table 1. The statistical parameters obtained for both
methods were in the accuracy range described for the classifica-
tion model of ML algorithms [77,78]. The standard IFPTML-
LDA contains all indispensable variables for defining the NDD
structures and the most significant parameters for NPs, such as
morphology, size, and assay conditions, among other things. In
the IFPTML-LDA with cross system, we included not only all
essential variables but also two crossing PTOs. These new
PTOs were chosen by the FSW method, which can select the
most influential variable in the system under study.

The IFPTML-LDA model in this paper had Sn and Sp values of
70%–73% in both training and validation series. The IFPTML-
LDA with cross model showed significantly higher Sn and Sp
values of 70%–80% in both series. By only adding two PTOs to
the standard model, the IFPTML-LDA Sp value was improved
by almost 7% in the training/validation series. However, the Sp
and Sn values of the “with cross” model are slightly unbal-
anced in comparison with the standard model; yet, the Sp and
Sn values remain approximately constant within the same
training and validation series.
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Table 1: IFPTML-LDA N2D3S model results summary.

Data Stat. Param. Without cross
Subset predicted

Param. With cross
Subset predicted

Sample Set Subset Param. (%) 0 1 (%) 0 1

1 t 0 Sp 73 255190 94292 72.2 252534 97042
1 Sn 71 7398 18120 74.4 6517 18907

v 0 Sp 73.3 85369 31125 72.3 84183 32315
1 Sn 70.3 2522 5984 73.9 2218 6284

2 t 0 Sp 70 244548 105076 79.5 277907 71717
1 Sn 62.1 9528 15848 70.1 7584 17792

v 0 Sp 70 81640 35009 79.7 92929 23720
1 Sn 63.1 3081 5270 70.7 2451 5900

3 t 0 Sp 70.6 246551 102809 79.6 277921 71439
1 Sn 62.3 11616 15974 70.1 7668 17972

v 0 Sp 70.7 82370 34174 79.6 92726 23818
1 Sn 62.7 3828 5300 70.4 2500 5956

Avg. t 0 Sp 71.2 248763 100726 77.1 269454 80066
1 Sn 65.1 9514 16647 71.5 7256 18224

v 0 Sp 71.3 83126 33436 77.2 89946 26618
1 Sn 65.4 3144 5518 71.7 2390 6047

Linear vs non-linear IFPTML models
In order to obtain the artificial neural network (ANN) model,
we used the same PTO variables as in the LDA model. As an al-
ternative to the non-linear models, we created the ANN by
using the same software STATISTICA. The ANN can also be
used as a new strategy to confirm and validate the linear
hypothesis. Both are comparable because the linear neural
network (LNN) techniques are analogous to LDA models and
they are linear equations. Accordingly, the IFPTML-LNN
model is a useful tool to assess the degree of strength of the
linear relationship between PTOs and the N2D3S objective
function. The IFPTML-LNN models in this work showed lower
Sn and Sp values of 64%–65% in the training and validation
series, compared with the IFPTML-LDA models, see details in
Table 2.

Analogous to the IFPTML-LDA model, the values of the statis-
tical parameters Sp and Sn are considerably balanced and stay
steady when comparing training and validation series. Also, we
obtained two types of non-linear models, the multilayer percep-
tron (MLP) and the depth learning network (DLN). The MLP is
made up by seven PTOs as input layer, a hidden layer with
eleven neurons, and an output layer. The most notable differ-
ence is that the DLN involves two hidden layers, each one with
ten neurons. Both MLP and DLN showed high Sp and Sn

values of 85%–86% in the training and validation series. If we
compare the linear IFPTML-ANN model with non-linear
models based on the results of statistical parameters, we can
confirm that N2D3S is a non-linear system. Another result ob-
tained in the development of the ANN is the area under receiver
operating characteristic (AUROC) (Figure 4) [74]. The AUROC
curve values are 0.93–0.94 for both MLP and DLN models in
the training and validation series. The AUROC values of the
non-linear models are remarkably different from the random
(RND) curve with AUROC = 0.5 [74].

Robustness analysis of IFPTML models
The design of the N2D3Ss involve the combination of a large
amount of data on preclinical assays of NDDs and NPs.
Because of the nature of this big data system, we divided the
information fusion dataset into three samples. In the previous
section, we discussed the best model obtained for IFPTML-
LDA, IFPTML-LDA with cross and IFPTML-ANN. In this
section, a robustness analysis for the three samples is given (see
Table 3). In general, the number of cases (n) used in training
and validation series for all models presented the lowest stan-
dard deviation (SDV), which indicated that most of the data in a
sample tend to be clustered near its mean [87]. In contrast, the
high value of SDV for the DLN model indicates that the data
was distributed over a wide range of values. In addition, all
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Table 2: The best result of IFPTML-ANN N2D3Ss models found.

Sample IFPTML-ANN Modelsa Subset Stat. Val.
(%)

f(vij(cd0), vnj(cn0))
Pred.

Observed AUROC
1 0

01 LDA 7:7-1:1

FSTW + EGS

t Sp 0 73.0 94272 255178 —
Sn 1 71.0 18057 7367

v Sp 0 73.3 31125 85319 —
Sn 1 70.3 5980 2522

MLP 7:7-11-1:1

BP96b

t Sp 0 86.1 300836 48740 0.943
Sn 1 85.8 3610 2181

v Sp 0 86.1 100278 16220 0.934
Sn 1 86.2 1173 7329

DLN 7:7-10-10-1:1

BP100,CG20b

t Sp 0 85.8 299942 49634 0.945
Sn 1 85.8 3621 21803

v Sp 0 85.9 100103 16395 0.933
Sn 1 86.3 1168 7334

LNN 7:7-1:1

PI

t Sp 0 65.0 227184 122392 0.744
Sn 1 64.7 8971 16453

v Sp 0 65.1 75788 40710 0.733
Sn 1 64.1 3055 5447

models presented similar SDV values in the same training and
validation series. Interestingly, the LDA model showed signifi-
cantly lower values of SDV for Sp (>1), compared with the

SDV for Sn (>4) in the training and validation series. However,
the SDV values for the LDA cross model were contrary to those
of LDA, with lower SDV values for Sn and higher values for
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Figure 4: AUROC exploration of IFPTML-MLP and IFPTML-LNN models.

Sp. It is worth mentioning that both MLP 1 and LNN models
yielded statistical parameters close to its mean, in other words
these models are robust. Furthermore, using the IFPTML-ANN
model, we also obtained AUROC values as results. After doing
the robustness analysis, we can confirm that all AUROC values
for all ANN models are robust. In addition, the AUROC graphic
(Figure 4) gives evidence to this because of the similarity of the
curve shapes.

The results reveal the strength of the linear hypothesis. Never-
theless, the statistical parameters of the obtained linear model
are not satisfactorily at all. As a result, in the IFPTML-LDA
with cross model, we enlarged the number of input variables
from seven to nine. Thus, we did not obtain substantial change.
Therefore, we tested more complex non-linear models so as to
improve the Sp and Sn values. The IFPTML-MLP 7:7-11-1:1
model, containing seven input variables in the input layer and
eleven neurons in the hidden layer, yielded the best statistical
parameters of Sn and Sp values (Table 3). The IFPTML-DLN
model, which involves two hidden layers, yielded similar result
as IFPTML-MLP 7:7-11-1:1.

Taking into account all the aforementioned results, we can
consider both IFPTML-MLP and IFPTML-DLN as the best
models with remarkably higher values of Sp and Sn of
85%–86% and AUROC values of 0.93–0.94. However, the
DLN model is more complex and yields only a non-significant
improvement of statistical parameters in comparison with the
MLP model. Thus, we can confirm that N2D3Ss require the

MLP model. This selection is supported by the principle of
parsimony, prioritizing the simplest explanations among all
possible ones [88]. In Table 4, an input variable sensitivity anal-
ysis concerning NDDs, NPs, and the corresponding subsystems
are shown for the IFPTML-ANN model. The IFPMTL-LNN
model involves almost all significant parameters according to
the EGS criteria. The majority of parameters provide a substan-
tial influence on the sensitivity ≥ 1 [74]. In many cases, the
value of sensitivity analysis is slightly higher with a sensitivity
of 1.00–1.08. Nevertheless, the EGS perspective fails in the
selection of ΔDPSA(cI) and ΔDt(cIII) variables. In this regard,
the IFPTML-ANN model suggests that those variables do not
affect any model. In contrast, the IFPTML-LNN yielded the
lowest value of sensitivity of 1.00–1.13, which would underline
the need for a complex model in N2D3Ss. The DLN model
involves the essential variables in accordance with the EGS
criteria; however, they have remarkably higher sensitivity
values of 0.96–2.03. The MLP yielded the highest values of
sensitivity between 1.13 and 2.57.

IFPTML-LDA for N2D3S simulation
In this section, we employed the IFPTML-LDA technique to
calculate the probability values for some selected cases of
N2D3Ss. The linear model was chosen for its simplicity and the
slight improvement of the non-linear model. The value of prob-
ability p(N2D3Sin)cdj.cnj was obtained for N2D3Ss, created by
the combination of the i-th ADi and the n-th NPn, which are
likely to have a desired level of biological activity under both
assay conditions cdj and cnj. This simulation experiment
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Table 3: Result summary of N2D3Ss alongside average of three samples and standard deviations.

AVG

Model t v AUROC
(t/v)

Sp Sn n Sp Sn n

LDA 71.2 65.1 375000 71.3 65.4 125000 —
LDA cross 77.1 71.5 375000 77.2 71.7 125000 —
MPL 1 85.1 85.0 375000 85.1 85.1 125000 0.937/0.925
DNL 79.2 79.0 375000 79.2 79.3 125000 0.893/0.879
LNN 65.0 64.9 375000 65.1 64.9 125000 0.748/0.737

SDV

Model t v AUROC
(t/v)

Sp Sn n Sp Sn n

LDA 1.587 5.082 0 1.739 4.277 0 —
LDA cross 4.244 2.483 0 4.244 1.940 0 —
MLP 1 1.266 1.217 0 1.940 1.102 0 0.010/0.010
DLN 8.489 8.568 0 8.584 8.727 0 0.069/0.071
LNN 0.100 0.153 0 0.153 0 0 0.005/0.003

Table 4: IFPTML-ANN model input variable sensitivity analysis for different subsystems with their corresponding variables.

Sub-systems Variables
LNN MLP DLN

t v t v t v t v t v

NDDS&NP f(cd0,cn0)ref 1.02 1.02 1.32 1.33 1.46 1.45 1.25 1.24 1.38 1.40
NDDs ΔDPSA(cI) 0 0 0 0 0 0 0 0 0 0

NP

ΔDt(cIII) 0 0 0 0 0 0 0 0 0 0
ΔDLnp(cIII) 1.00 1.00 1.14 1.13 1.08 1.08 1.08 1.08 1.60 1.59
ΔDVnpu(cIII) 1.00 1.00 2.22 2.22 0.92 0.92 1.06 1.05 1.24 1.25
ΔDVxcoat(cIII) 1.00 1.00 1.96 1.98 1.45 1.47 1.45 1.48 1.99 2.03
ΔDVvdwMGcoat(cIII) 1.13 1.13 2.57 2.54 1.44 1.43 1.24 1.24 1.91 1.90

involved in total NN2D3S = 88 systems vs a total of NNDDs =
123 drugs. Many of these drugs are NDDs with known anti-
neurodegenerative activity, generally for Alzheimer and
Parkinson diseases. Some of these NDDs are approved by the
Food and Drug Administration, while others have been shown
to be active in several assays. In addition, the simulation also
contained cytotoxicity assays against multiple cell lines, the
type of NPs, their coating, and the time of each assay. In this
context, we calculated a total of Ntot = NNDDs·NNP = 22·218 =
4796 values of probability, which were able to predict success-
fully putative N2D3Ss.

Figure 5 depicts the results in a three-color scale according
to the value of probability: the green section indicates high
probability (0.61–0.98), yellow low-to-middle probability
(0.17–0.60), and red very low probability (<0.17). Assays that

have not been reported before, are represented in the original
dataset to a very low extent, or whose combination of NDDs
and NPs are meaningless were illustrated in white color to avoid
an overestimation of results. The results of the IFPTML-LDA
model pointed out some N2D3Ss as promising combinations
for future additional assays. The resulting N2D3Ss shown in
Figure 5 involve twenty different NDDs. The first ten are
1 = clozapine, 2 = galantamine, 3 = levodopa, 4 = apomorphine,
5 = fiduxosin, 6 = beagacestat, 7 = memoquin, 8 = mesodihy-
droguairetic acid, 9 = tarenflubil, and 10 = huperzine A. The
other ten NDDs are 11 = guanidinonaltrindole, 12 = semagace-
stat, 13 = huprine X, 14= carproctamide, 15= tacrine, 16 =
tramiprosate, 17 = preladenant, 18 = piracetam, 19 = istrade-
fylline, and 20 = rivastigmine. These systems include the
following coating agents: PEG = polyethylene glycol, PVP =
polyvinylpyrrolidone, PPF = propylammonium fragment, and
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Figure 5: IFPTML-LDA N2D3Ss experiment simulation.

UAF = undecylazide fragment. The symbol UC = uncoated
represents non-coated N2D3Ss. Interestingly, a high value of
prediction involves PEG-Si(OMe)3 as NP coating with
p(N2D3Sin)cdj.cnj = 0.80–0.99 for the majority of NDDs.
Another important factor that may affect the value of probabili-
ty is the type of NP. It appears that metal oxide compounds
such as SiO2 and TiO2 along with PEG-Si(OMe)3NP coating
for almost all NDDs are likely to be promising for further

assays. Double metal oxide compounds such as CoFe2O4
and ZnFe2O4 obtained intermediate probability values
p(N2D3Sin)cdj.cnj = 0.17–0.70 against TK6 (H) and WISH (H).
In general, the least advantageous combinations are metal
NPs with all NDDs, which give low values of probability
(p(N2D3Sin)cdj.cnj = 0.02–0.35). It is worth mentioning that all
predictions carried out by this method should be used with
caution and require experimental corroboration. The potential
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Figure 6: Probability surface scatter plot representing the deviation of NP length considering the partition cIII,, which describes the NP nature and
includes cn0 = NP biological activity parameters (e.g., CC50, IC50, LC50, and EC50), cn1 = cell lines, cn2 = NP morphology, and cn3 = NP synthesis
conditions. (ΔL(cIII)nj) along with the deviation of NDD hydrophobicity (ΔPSA(cI)dj) taking into account the partition cI, which includes the biological
characteristics, for example cd0 = NDD biological activity parameters (e.g., IC50, Ki, potency, and time) and cd1 = the type of protein involved in NDs.

utility of the IFPTML method is to speed up experimental
studies and to provide inexpensive preliminary results for a
large database of N2D3Ss. This approach offers an efficient and
powerful tool to direct experimental research as an alternative to
tedious trial-and-error tests.

In addition, the determination of the probability value distribu-
tion in a generic sense for the unique pairs of NP cytotoxicity
assays and NDDs was carried out. For this, we depict the sur-
face scatterplot of probability values against histograms of NP
length along with NDD hydrophobicity (Figure 6). Generally, a
third of the probability values remains in the dark green zone,
which represents promising N2D3Ss for further assay. It is
worth mentioning that most of the cases (white dots) are hydro-
phobic drugs (on the left of the graph). This feature is one of the
most important physicochemical properties for drugs in order to
cross the BBB [89]. High lipophilicity can contribute to exces-
sive distribution volumes, increased metabolic liability, and
lower unbound drug concentration in the plasma and/or brain; it
may also negatively affect pharmaceutical properties, in particu-
lar solubility [90]. Most NDDs of this database are in the PSAdi
range of 60–120 Å2. Stephen et al. suggested that CNS drugs
should have a PSA value below 90 Å2 for a decent BBB perme-

ability, among other physicochemical characteristics such as
number of hydrogen bond donors, molecular size, and shape,
with smaller contributions from hydrogen bond acceptors [89].
Although this type of graphic is clearly a simplification of the
whole database, it offers simple guidelines for researchers
concerned with designing NDD compounds or libraries with
improved probability of BBB penetration. The size of the vast
majority of NPs for NDD delivery in this database is in the
range of 70–115 nm. Recently, Chithrani et al. [91] have
demonstrated that size, coating, and surface charge of nanopar-
ticles have a crucial impact on the intracellular uptake process.
Similarly, Shilo et al. have investigated the influence of NP size
on the probability to cross the BBB by using the endothelial
brain cell method. The results indicated that the intracellular
uptake of NPs strongly depends on the NP size. This character-
istic has a direct impact on biomedical applications. When NPs
serve as carriers for drug delivery through encapsulation, a
larger NP size (70 nm) is needed. However, when NPs serve as
carriers by binding drug molecules to their surface, a larger free
surface area is required; therefore, the optimal size would be
20 nm [92]. This principle suggests that a high number of the
NPs in our database are proper drug delivery carriers by drug
encapsulation.
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Table 5: IFPTML analysis of experimentally tested N2D3S compounds.

Druga NP cd0 = activity ΔDPSA(cI) Obs.b Pred.c pd L (nm)e

Metal/n.a.

2234684 Ag Time (h) 0.57 1 1 0.88 12.50
2376472 Ag Time (h) 4.30 1 1 0.88 12.50
2234683 Ag Time (h) 0.57 1 1 0.88 12.50

Metal oxide/n.a.

3769671 TiO2 Cp (nm) 0 1 1 0.94 56
Levodopa TiO2 Time (h) −3.5 1 1 0.93 56
Sch-58261 TiO2 Time (h) −1 1 1 0.93 56
2180030 TiO2 EC20 (nm) 0 1 1 0.93 56
Levodopa TiO2 Time (h) −3.5 1 1 0.93 56
Sch-58261 TiO2 Time (h) −1 1 1 0.93 56
2234689 TiO2 Time (h) 0.3 1 1 0.93 56
Morin TiO2 Time (h) 0 1 1 0.93 56

Metal/elliptical

Datiscetin Ag Time (h) 0.3 1 1 0.81 36.8
2234993 Ag Time (h) 0.4 1 1 0.81 36.8
1240582 Ag Time (h) −1.7 1 1 0.81 36.8
1241456 Ag Time (h) −2.1 1 1 0.81 36.8

Metal oxide/elliptical

2180030 Yb2O3 EC20 (nm) 0 1 1 0.90 62.1
Levodopa Yb2O3 Time (h) −3.5 1 1 0.90 62.1
3769671 CeO2 Cp (nm) 0 1 1 0.90 44.8

Metal oxide/needle

3747225 La2O3 Time (h) 2.8 1 1 0.89 65.8
3769671 La2O3 Cp (nm) 0 1 1 0.88 65.8

Meta/rod

3218426 Au Activity (%) −2.0 1 1 0.93 37.8
Congo red Au Inhibition (%) 3.6 1 1 0.93 37.8
3218189 Au Activity (%) −2.0 1 1 0.93 37.8
3580774 Au Activity (nm) 0 1 1 0.93 37.8

Metal oxide/pyramidal

PGAf TiO2 Time (h) −18 1 1 0.91 6.5
Apomorphine TiO2 Time (h) −17 1 1 0.91 50
1801682 TiO2 Time (h) −20 1 1 0.91 50

Thus, the design of new N2D3Ss based on multiple preclinical
assays of NP cytotoxicity and NDDs has been carried out suc-
cessfully. This database involves a high structural and biologi-
cal diversity, which may help to distinguish active from non-

active N2D3Ss. Experimentally, the IFPTML-LDA method pre-
dicted with high probability p(N2D3Sin)cdj.cnj > 0.81 all exam-
ples reported in Table 5. The results support our initial premise
that the IFPTML additive approach is able to carry out an
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Table 5: IFPTML analysis of experimentally tested N2D3S compounds. (continued)

Metal oxide/irregular

3350757 TiO2 Time (h) −5.3 1 1 0.93 21
3747225 TiO2 Time (h) 2.8 1 1 0.93 21
1243007 TiO2 Time (h) −0.7 1 1 0.92 21
3769671 TiO2 Cp (nm) 0 1 1 0.92 21
Levodopa TiO2 Time (h) −3.5 1 1 0.92 21

Metal Oxide/pseudo-spherical

2376474 CeO2 Time (h) 3.9 1 1 0.89 8
3747225 CeO2 Time (h) 2.8 1 1 0.89 8
3769671 CeO2 Cp (nm) 0 1 1 0.89 8
Levodopa CeO2 Time (h) −3.5 1 1 0.89 8
Sch-58261 CeO2 Time (h) −1.0 1 1 0.89 8

Metal/spherical

2151181 Au ED50 (mg/kg) −0.4 1 1 0.94 42.9
1222303 Au ED50 (mg/kg) −0.4 1 1 0.94 42.9
2181911 Au Activity (%) 1.6 1 1 0.90 42.9
3397881 Au Inhibition (%) −1.1 1 1 0.90 42.9
3785241 Au Inhibition (%) −1.5 1 1 0.90 42.9
3947919 Au Activity (%) 1.0 1 1 0.90 42.9
3817925 Au Inhibition (%) −0.7 1 1 0.90 42.9
3612821 Au Inhibition (%) 0.3 1 1 0.90 42.9
2159510 Au Activity (%) −0.8 1 1 0.90 42.9
2415095 Au Inhibition (%) 0.5 1 1 0.90 42.9
436483 Au Inhibition (%) 1.5 1 1 0.90 42.9
2159511 Au Activity (%) −1.2 1 1 0.90 42.9
2349470 Au Activity (%) −1.8 1 1 0.90 42.9
3127906 Au Activity (%) 0.6 1 1 0.90 42.9
Propidium Au Inhibition (%) 0.4 1 1 0.90 42.9

Metal oxide/spherical

3218188 SiO2 Activity (%) 91 1 1 0.97 12.5
3087679 SiO2 Inhibition (%) 69 1 1 0.97 60
3233831 SiO2 Inhibition (%) 58 1 1 0.97 44
510384 SiO2 Ki (nm) −30 1 1 0.97 47.5
81999 SiO2 Ki (nm) −40 1 1 0.97 36.8
3218425 SiO2 Activity (%) 91 1 1 0.97 70
55401 SiO2 Ki (nm) −31 1 1 0.97 37
3233829 SiO2 Inhibition (%) 58 1 1 0.97 36.8
3087678 SiO2 Inhibition (%) 69 1 1 0.97 3.4
3769671 SiO2 Cp (nm) 0 1 1 0.99 5.5
2234689 SiO2 Time (h) 37 1 1 0.99 36.8
2234690 SiO2 Time (h) 37 1 1 0.99 16.4

aChEMBL ID or drug name; the name of the drug is depicted if it is available, otherwise the ChEMLID code of the drug is indicated, which can be
easily consulted by accessing the CheMBL website. bClass. Obs: f(vij, vnj)obs. cClass. Pred: f(vij, vnj)pred. dp: probability calculated as
p(N2D3Sin/cdj, cnj)pred = 1/(1 + exp[−f(vij, vnj)calc]. eL (nm): NP length. fPGA: phloroglucin aldehyde.
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appropriate recognition of N2D3Ss involving additive and
synergic cases.

Conclusion
N2D3Ss are a promising and plausible tool to help conven-
tional NDDs cross the BBB. AI/ML algorithms can be instru-
mental in expediting the process of designing N2D3Ss. Howev-
er, scientific literature lacks a sufficient number of real N2D3S
experimental cases that characterize complex applications. In
this context, the IFPTML model, encompassing both NDDs and
NP models, could offer a practical solution. This approach has
successfully addressed the challenges posed by the vast number
of combinations of NP and NDD compounds and the wide
range of conditions to be tested in N2D3S discovery. The
results of the IFPTML-LDA and IFPTML-ANN techniques
showed satisfactory performance, achieving Sp values of
73.0%–86.1% and Sn values of 70.0%–86.2% in the training
and validation series, comprising 375,000 and 125,000 cases,
respectively. Moreover, both models are easily accessible and
provide logical solutions for predicting putative N2D3Ss. The
most successful outcome was observed using non-linear
models, specifically, the IFPTML-MLP model, which displayed
Sn and Sp values of 85.8–86.2% and an AUROC value of 0.94
in the training and validation series. Furthermore, the analysis
of three N2D3Ss samples yielded low SDV values, confirming
the robustness of both IFPTML-LDA and IFPTML-ANN. In
summary, the IFPTML models offer an initial solution for a
rapid and less arduous pre-screening of putative N2D3Ss. This
approach is widely utilized to minimize resource costs and save
experimental time that would otherwise be spent on testing all
possible combinations.
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Abstract
Quantitative structure–activity relationship (QSAR) models are routinely used to predict the properties and biological activity of
chemicals to direct synthetic advances, perform massive screenings, and even to register new substances according to international
regulations. Currently, nanoscale QSAR (nano-QSAR) models, adapting this methodology to predict the intrinsic features of nano-
materials (NMs) and quantitatively assess their risks, are blooming. One of the challenges is the characterization of the NMs. This
cannot be done with a simple SMILES representation, as for organic molecules, because their chemical structure is complex, in-
cluding several layers and many inorganic materials, and their size and geometry are key features. In this review, we survey the lit-
erature for existing predictive models for NMs and discuss the variety of calculated and experimental features used to define and
describe NMs. In the light of this research, we propose a classification of the descriptors including those that directly describe a
component of the nanoform (core, surface, or structure) and also experimental features (related to the nanomaterial’s behavior,
preparation, or test conditions) that indirectly reflect its structure.
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Introduction
Computational techniques of statistical nature such as quantita-
tive structure–activity relationships (QSARs) can help to under-
stand the intrinsic features of nanomaterials (NMs) and quanti-
tatively assess their potential risks for human health and the
environment [1]. QSARs consist in the construction of mathe-

matical models relating the structure of a series of molecules to
a biological/physicochemical property or activity, mostly
through the use of statistical tools. Once a model has been
constructed, it can be used to predict the property or biological
effect of new structures quickly and at a very low cost in com-
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parison to experimental approaches. Furthermore, when they
are developed complying strictly with the rules established by
the Organization for Economic Co-operation and Development
(OECD) for their scientific validation, QSARs are accepted for
regulatory purposes, thus ensuring their applicability at the
regulatory level by international bodies such as the European
Chemicals Agency (ECHA) [2,3].

Unlike QSAR models for discrete organic molecules, QSARs
for NMs are still at an early stage, mainly because of the lack of
data available regarding their generation [4], but also because of
the intrinsic difficulty to characterize the structure of NMs
[5-7]. The first described nano-QSAR model is from 2009 [8],
but the number of relevant nano-QSAR models is growing sig-
nificantly because new nanoscale descriptors are found [6], and
more information on NMs is progressively generated, opening
new ways of improving nano-QSARs. This is an active field
and, recently, a comprehensive review about this topic and the
future perspectives was published [7]. Scientific, industrial, and
national institutions should harmonize their efforts for the de-
velopment and application of nano-QSARs at the regulatory
level [9].

From a regulatory point of view, ECHA recognizes the com-
plexity of NMs and the fact that the same chemicals could lead
to different nanostructured substances, which, despite sharing
the chemical composition, should be considered different mate-
rials in terms of their activity and properties. ECHA uses the
term “nanoform” to specify a particular substance in the NM
field for questions such as their registration and risk evaluation.
A nanoform is defined by having particles with a specific com-
position and with structural properties (such as size and shape)
in a defined range. In this way, it differs from more general
labels used for NMs (e.g., “Au nanoparticles”) to refer to a
family of materials combining different sizes and/or coating
materials that can have different properties. Hence, ECHA
defined a set of relevant physicochemical parameters to iden-
tify and register nanoforms, including six compulsory require-
ments, namely, composition, impurities, surface treatment func-
tionalization, size, shape, and surface area [10].

One of the challenges in nano-QSAR modelling, and in the
modelling of NMs in general, is the definition and the identifi-
cation of what a single NM is. Discrete organic molecules can
be fully identified and characterized by their chemical structure,
often represented by a SMILES code [11]. This approach is
insufficient for NMs, as a key component of their definition is
their size. NMs are defined as materials with at least one of the
dimensions (including internal features) on the nanoscale
(1–100 nm). Figure 1 shows some types of NMs according to
their dimensions [12].

Figure 1: NMs with different kinds of shape. The number of dimen-
sions next to the names refers to those that exceed the nanoscale.

Several studies show that the nanoscopic structure of the nano-
particles or their aggregates affects the behavior of NMs, and
more particularly their toxicity. The influence of the size and
the structure of nanoparticles or their aggregates on their toxici-
ty has been recently reviewed [13]. From now, we will use the
label “nanostructure” to refer to these properties, in comparison
with the term “structure” referring to the chemical composition.
The nanostructural differences among nanoparticles can be
defined by different means: (i) direct measurements of their
structure (e.g., their size), (ii) comparison of their physical
properties that depend on size/nanostructure, and (iii) considera-
tion of differences in their preparation.

Another particularity of NMs is their chemical composition, as
they could exhibit complex compositions (Figure 2) formed by
different parts such as (i) the core (the inner part of the NM and
most of its weight), (ii) the shell (the composition of the sur-
face that interacts with the solvent and biological molecules),
(iii) impurities or dopants (minor components deposited on the
surface or distributed among the material that affect the proper-
ties), and (iv) ligands or coating (organic molecules linked to
the external part of the particle that contribute to its formation,
solubility, or function).

Moreover, different experimental factors during the life of a
NM (i.e., the conditions during its preparation and handling)
will lead to different structural configurations and to different
properties. Thus, the reported experimental conditions are sig-
nificant, and they often need to be included in a predictive
model.

Finally, the quality of data is a key component in the develop-
ment of QSAR models. Consistency of the data is a key aspect
in the preparation of a database for a QSAR study as different
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Figure 3: Classification of nano-QSAR descriptors.

Figure 2: Schematic depiction of the parts of a complex nanoparticle.

changes in the conditions of the test could lead to a dispersion
of the results [4]. This should be considered carefully when
collecting data from different sources. It becomes a harder prob-
lem in nano-QSAR as not only differences that can arise on the
evaluation of the endpoint must be considered, but also those
regarding preparation of the NMs and the way they are identi-
fied. In addition, the inclusion of experimental values as
descriptors further reduces the availability of data on NMs that
have been tested for both the adequate characterization results
and the prediction endpoint.

Therefore, the development of QSAR models requires the codi-
fication of information on nanoforms beyond classical molecu-
lar descriptors. NMs have some particularities in comparison
with discrete substances, which are (i) the importance of the
size and shape, (ii) the complex composition, and (iii) the
consequences of the preparation of the NM on their features.
All these particularities need to be codified somehow as NM

descriptors (nanostructural features) that are the basis of the de-
velopment of nano-QSAR models (in a similar way that molec-
ular descriptors are fundamental for QSAR models). However,
the challenge goes further than describing numerically the struc-
ture. These aspects also have to be considered in the recording
and identification of the NMs. A recent approach to this issue
from Lynch et al. is the development of InChI codes for NMs,
which expand the InChI codes used to identify chemicals [14].

In the present work, we have collected and analyzed the
existing models in the literature and how different authors
address the codification of NMs. Moreover, in an attempt to
harmonize NM modelling, we propose a new classification of
NM descriptors.

Review
Available nano-QSAR models
We have surveyed the literature to compile the existing models
and to analyze the variety of calculated and experimental fea-
tures used to define and describe NMs. A total of 77 different
publications including NM-focused prediction models have
been found, and the information is collected in Table S1 (Sup-
porting Information File 1). This review is not restricted to self-
considered nano-QSAR models, but it includes also other
predictive models (such as Bayesian networks or mapping
strategies) that use calculated and/or experimental features that
could potentially be used as descriptors in a nano-QSAR model.
For the literature analysis below, all descriptors with a potential
use in nano-QSAR are discussed.

Descriptors for NMs
One of the conclusions of the analysis of available models is the
heterogeneity of the criteria used by different authors to charac-
terize the NMs [7]. Taking these models as starting point, and in
order to harmonize the characterization of the nanoforms, we
propose a classification of the descriptors as follows (Figure 3):
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Figure 4: Classes of NMs by chemical composition.

(i) Descriptors that directly describe the nanoform, that is, its
chemical composition or its physical structure. Descriptors
based on the chemical composition are similar to those used in
QSAR models of discrete molecules. Nevertheless, in nano-
QSAR, the descriptors should differentiate between those
describing the main component of the nanoform (the core, (a) in
Figure 3), those related to the external part (shell or surface)
and/or the substituents or ligands attached to it ((b) in Figure 3),
and those that directly reflect the nanostructure of the nanoform
(including factors such as size, aspect ratio, or surface area,
(c) in Figure 3). (ii) Descriptors that codify experimental infor-
mation on the NMs and do not directly describe the composi-
tion or structure of the NM, but can be used to model them
because they imply nanostructural features and composition.
We assign different groups to these experimental measure-
ments, depending on whether they describe properties that are
consequence of the structure of the nanoform (e.g., wavelength
or zeta potential, (d) in Figure 3) or whether they represent
experimental conditions that contribute to the formation of
nanoforms and are the cause of their structure (such as the
synthesis medium or the time span between preparation and
testing, (e) in Figure 3). (iii) Descriptors related to the experi-
mental conditions of the determination of the endpoint. It is
possible that some of those conditions also affect the structure
of the nanoform in experimental media; however, these descrip-
tors are not focused on the nanoform itself but on the measured
endpoint (such as the target or exposure time, (f) in Figure 3.

Descriptors that define the nanoform
Core composition (a): The first family of descriptors are those
that describe the core composition of the nanoform. This kind
of descriptors can be applied depending on the type of nanoma-

terials, which can be classified according to their chemical com-
position in inorganic, carbon-based, organic, and composite
NMs (Figure 4). In organic molecules, a wide range of descrip-
tors are obtained from the topology of the molecule, arising
from the rich variety of structural motifs that can be found and
the relevance of their distribution along the molecule. However,
the core of the NMs is typically composed by chemicals with a
simpler and repetitive chemical structure. Most inorganic mate-
rials are composed of single elements (e.g., Au or Ag) or binary
compounds (e.g., Fe2O3, CdSe, or SiO2). The most abundant
families among the carbon-based NMs are nanotubes and fuller-
enes; they are also considered inorganic and have a simple
chemical composition (mostly carbon). Hence, classical organic
molecular descriptors are not commonly found in the core com-
position, although they are potentially applicable to structures
involving organic polymeric substances (such as nanoplastics
and dendrimers) or lipids (such as liposomes).

Because of the simpler chemical structure of the components
typically found in NMs, the chemical descriptors tend to be also
simpler than those of organic molecules. Furthermore, it is
common to find nano-QSAR models focused on groups of
nanoforms that have different activity but are chemically homo-
geneous in their core, that is, which include NMs with the same
or similar core composition (e.g., only nanotubes and fullerenes,
or only metal oxides). One example is the use of the count of
metal and oxygen atoms as descriptors in metal oxide models
[15,16].

It is also common to find single-element descriptors based on
the physicochemical properties of pure elements. The use of
single-element descriptors is trivial in single-metal nanoforms,
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such as silver or gold nanoparticles [17]. In other cases, a
weighted-average can be used to transform the element-based
descriptors to the current composition of compounds [18,19].
Most of the descriptors are based on the empirical formula (i.e.,
the proportion of elements in the substance), such as the molec-
ular weight, which is calculated from a symbolic formula
[15,20,21], or descriptors calculated from element-based values
transformed to the empirical formula [20]. However, because of
the common presence of oxygen, several descriptors of metal
oxide models do not take into account the oxygen atoms and
depend only on the identity of the metal, such as metal mass
[15], electronegativity [16,20,22], or position in the periodic ta-
ble (group and period) [15,16].

Despite the fact that, generally, such element-based descriptors
are independent of the compound, in some cases they are
related to the particular composition of the material, such as ox-
idation state, formal charge [8,16,20,23], softness [22], ioniza-
tion potential [22], and weight percentage of the metal [23].
Furthermore, to include information regarding the particular
nanoform, the crystal structure can be included as a categorical
descriptor [24] or by using coordination numbers [24]. Alterna-
tively, Kotzabasaki et al. also codified the composition of iron
oxide nanoparticles with a single categorical descriptor that
encodes the crystal structure of the main component (in this
case as maghemite or magnetite) [25].

Alternatively, some descriptors are focused on the complexity
of inorganic materials and, in place of structural features, focus
on electronic features. In this regard, several descriptors were
obtained from quantum mechanics (QM) calculations of small
clusters or periodic models [26-30]. Although cluster-calcu-
lated QM descriptors are inherently size-dependent, they are
calculated using smaller, single-size model clusters, which are
not related to the size of the nanoparticles; thus, they should be
considered size-independent. Cluster-related values include
standard heat of formation, total energy, electronic energy,
core–core repulsion energy, area and volume of the cluster,
energies of HOMO and LUMO orbitals and the gap between
them, and lattice energies [22,26]. The energy levels of conduc-
tion and valence bands, which are found commonly among the
most important parameters, can be calculated from QM models
or derived from other simple reference parameters by empirical
formulas [31]. Additionally, QM calculations can be performed
in very simplified models that only describe a part of the mate-
rial, such as single metal atom, to calculate the enthalpy of for-
mation of the cation [26]. However, there is an alternative,
simplified way of incorporating the electronic structure in the
model, that is, by using the electron configuration of the ele-
ments (e.g., by using electron configuration fingerprints) [32].
In this way, the atomic orbitals can be easily represented and

used to estimate the molecular/crystal orbitals in the NM with-
out requiring an electronic calculation.

Also, experimental physical properties of the compound, ob-
tained from classical databases or literature sources, could be
used. However, because these measures correspond to the bulk
material and do not characterize the nanoform, we classify them
as composition-related descriptors and not as experimentally
measured physical descriptors of the investigated nanoform. Ex-
amples of this are the atomization energy of the bulk MOx
structure obtained from literature sources, used by Liu and
coworkers [15], and the formation energies used by Banerjee
and coworkers [33]. Nano-QSAR models based on the CORAL
software [34] use descriptors that are optimized from the dataset
by using an identifier text string called “quasi-SMILES”, an
extension of the SMILES incorporating in a single string the
composition of the core and additional information related to
the nanostructure or the conditions [35-37]. However, both data
are not always combined; the first model by Toropov et al.
restricts its textual descriptor to a simple SMILES representa-
tion of the molecular formula of the metal oxide [38], and there
are quasi-SMILES descriptors without any composition data
[39]. Nevertheless, the nanoform identification of certain mate-
rials, such as pristine carbon nanoforms, does not really
describe the composition (pure carbon) but the nanostructure
(shape and composition of nanotubes or fullerenes) [40].

Otherwise, the single-formula representation of the chemical
composition of a nanoparticle discussed until now can be
simplistic. NMs are often found to include different chemical
components because they are mixtures or complex chemical
structures, including impurities or even different crystal phases.
Hence, the primary chemical composition of the nanoparticle,
excluding ligands or external substituents, can be categorized
into two parts, the core and the shell compositions. This ap-
proach was employed in a study of quantum dots [30], which
does not use numerical descriptors for the composition, but
directly uses a Bayesian network with categorical descriptions
of both the core and the shell. These are determined by empir-
ical formulas of either a single inorganic salt or a mixture. Ad-
ditionally, a distinct category has been designated for quantum
dots lacking a specific shell composition, labeled as “non-
coated” [41].

Substituents and modifiers (b): The consideration of substitu-
ents or modifiers on the surface of a NM is essential to identify
and describe the nanoform as they may influence its properties.
The characterization of these substituents or modifiers becomes
even more relevant when the core composition among different
NMs is the same (e.g., silver), but the substituents differ (e.g.,
different organic ligands). The substituents can be organic
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chemicals as, for example, in the model developed from the
database by Weissleder et al. [42] for several same-core super-
paramagnetic nanoparticles functionalized with different
organic molecules. The authors used SMILES-based descrip-
tors, common in QSAR models of discrete molecules, to char-
acterize the substituents, and they constitute the only identifier
of each datapoint [43-46].

In datasets with substituents that are mainly transition metals
(deposited in the nanoparticle or present in the solution), prop-
erties such as the ionization potential, the electron affinity, the
absolute electronegativity and the absolute hardness, as well as
the adsorption energy of the metal have been used (using litera-
ture values or QM calculations) [47-50]. In those cases, the
descriptors were obtained for a single component, and the final
value of the mixture was calculated as a linear combination
weighted by the molar fraction. In other cases, the molar com-
position of the metallic substituent was also directly used as
descriptor [51]. The idea of considering a NM as a mixture and
developing QSAR models for the toxicity of nanoscale mix-
tures formed by a NM and discrete molecules or ions, which
could potentially work by attachment to the surface, has been
reviewed by Trinh and Kim [52].

Similarly, carbon-based nanoforms are constituted of a common
carbon core, but they can have different side groups attached to
the surface. In the case of C60 fullerene structures (with the
same exact fullerene composition), the datapoints were identi-
fied merely based on these side groups only. The correspond-
ing molecular descriptors comprised 3D QM-calculated descrip-
tors (which include the constant fullerene) and descriptors only
based on the structure of the functionalization group [53,54].
Coating descriptors are not only found in common-core models.
For example, Kleandrova et al. included descriptors based in the
bond adjacency matrix for the organic coating if present (a zero
was used for uncoated nanoforms) [18].

Bilal et al. did not use numerical descriptors to describe the
composition, but categorical descriptors that included empirical
formulas for the core and the shell, as well as different cate-
gories (one group and one specific name) for each of the ligands
and surface modifications in a Bayesian network [41]. Simi-
larly, categories for the ligands are used in a quasi-SMILES-
related model for single core–shell quantum dots [55]. Alterna-
tively, other authors combined all components in a single
fingerprint without differentiating the composition of core and
coating [32].

Size and nanoshape (c): The most direct and common ap-
proach to describe the nanostructure of a NM is to include
values that provide a physical description of the particle. Parti-

cle size is the most common feature in nano-QSAR models.
However, despite the established understanding that size plays a
crucial role in the activity and toxicity of NMs, its significance
in the performance of QSAR models seems debatable. For ex-
ample, the original nano-QSAR models of Puzyn et al. [26] and
Gazewicz et al. [30] used only core-related descriptors, and they
argued that the size does not significantly affect the property in-
vestigated for NMs in a predetermined size range (15–90 nm).
Thus, even though subsequent studies on similar datasets
considered the size of the nanoforms as a descriptor, because of
the limited size range in the training database, it is common for
size not to be among the most relevant descriptors in the models
[56,57]. At the other extreme, there are studies where the only
difference among the nanoforms used (without considering
endpoint-related descriptors such as dose or time) is the size
[58,59].

The size of nanoparticles is commonly measured by transmis-
sion electron microscopy (TEM). TEM images can provide
several descriptors that reflect the nanoform’s shape and size,
such as its area, volume, surface, diameter, volume/mass ratio,
volume/surface ratio, aspect ratio, porosity, sphericity, and
circularity [30]. However, the most common approach is to
provide a single size parameter and assume that the nanoparti-
cles are approximately spherical [23,35,56,60]. In some cases,
the length in a second direction is also reported or, more often, a
ratio between two dimensions is included to encode the shape of
the nanoparticle or to categorize it [60]. Alternative size param-
eters are volume and mass [61].

Dynamic light scattering (DLS) is another technique that can be
used to describe the hydrodynamic size or the aggregation of
the nanoforms in larger nanostructures, depending on the medi-
um and other conditions. In some cases, the size values re-
ported in the papers are not measured on purpose, but are the
nominal values found in the vendor's documentation. Some
authors have reported the TEM diameter as primary size, but
included also values for the hydrodynamic diameter measured
by DLS [23,62,63], even in some cases in different media such
as ultrapure water and a different medium (i.e. buffered [64] or
bacterial [56] media).

Additionally, categorical variables describing the kind of struc-
ture can be used to reflect the shape. For example, a shape com-
ponent in mixed carbon-based nanoparticles is encoded by this
type of categorical variables, such as fullerene vs carbon nano-
tubes or different carbon nanotubes [40,65]. Alternatively,
Trinh and collaborators directly encoded the size of multi-
walled nanotubes by both their diameter and length. They also
included the surface area as a structural descriptor, by using a
hierarchical clustering method to classify the values in ten cate-
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gories [66]. The categorization of the size and other physico-
chemical parameters was required in the quasi-SMILES
descriptors used in those cases [51] as they are converted to a
string, even when the effect is reduced by dividing the dataset in
two categories only with a single size threshold [60]. However,
in more modern approaches, quasi-SMILES allow for numeri-
cal values for the size and similar experimental values [36].

A different approach to describe the shape and size is provided
by the use of the calculated molecular weight for discrete car-
bon nanoparticles, as well as their calculated surface area
(overall and specific) and volume [67]. However, this requires
to have the full atomistic description of the nanoform, which is
not available for most experimental datasets. Some authors
propose additional topological descriptors that are specific for
carbon nanoshapes with known topology, such as carbon nano-
tubes, graphene, and fullerenes. For example, the sum of
degrees around the carbon atoms at the surface can be used for
all pristine carbon nanoforms [67].

Theoretical calculations of the surface area are more common
[68], but it can also be obtained experimentally from gas
adsorption data, using the Brunauer–Emmett–Teller (BET)
theory [33,51], or directly from the vendor [61]. The surface
area can be expressed as total surface area (by nanoparticle),
specific surface area (by weight), or both [24].

Finally, the existent size-dependent descriptors should be
included in this section. These descriptors are calculated, nu-
merical factors derived from the size of the molecule and other
physicochemical properties of its components. For example, a
series of size-dependent descriptors, such as the ratio of surface
molecules, which involves both the nanoform size and the
aggregation size, can be calculated using a liquid drop model
approximation [69,70]. This model defines the forces between
molecules assuming that they behave like particles in a liquid
drop. It uses the estimated Wigner–Seitz radius to calculate the
average distance between particles, used as descriptor by some
authors [71]. Similarly, the size-dependent electron configura-
tion fingerprints describe mainly electron population, but they
also consider the size of the NM and the distribution of the dif-
ferent components to yield an overall single fingerprint of the
NM [32].

A different approach is to include the information on the nano-
structure not directly as a descriptor, but as a different part of
the model framework that contributes to the prediction. For ex-
ample, the multi-task QSAR model of Ambure et al. [72]
mainly uses descriptors based on the core chemical structure,
but also a different kind of categorical parameters, labelled as
conditions, which modify the descriptors used in the prediction.

These are mainly endpoint-related values, but the nanoparticle
size is also included as a condition that modifies three of the
descriptors using a Box–Jenkins approach [73]. Halder et al.
also included the size as one of the perturbation parameters
[19]. Other authors included structural features in perturbation
QSAR toxicology models, both as one of the descriptors (the
size) and as a perturbation criterion (the shape) [18,74,75].
Interestingly, they also included among the perturbation criteria
the experimental conditions of the size measurement, which
was applied both to the size itself but also to the electronegativi-
ty [74,75].

Indirect descriptors of the nanoform properties
Experimental measurements (d): Because of the complex
structures of NMs, it is challenging to understand how the nano-
structure affects their chemical and biological activities. How-
ever, it is possible to use direct experimental measurements that
describe the behavior of the nanoparticle, for example, their
electric or chemical properties, in place of their structural fea-
tures. The rationale behind this usage is that the experiments
measure properties that are involved in the activity modelled or
that have a structural origin related to the activity mechanism.

A very common property included in several models
[23,44,60,68,76] is the zeta potential (a measurement of the
charge at the surface of the NMs). The zeta potential value used
as a descriptor can be measured in a test medium or in different
media, such as water at a specific pH or purity level [15,64,77].
A further step, proposed as an example of combining preex-
isting structure–activity predictive models in networks, is the
prediction of the zeta potential in the relevant medium using a
model that uses the measurement in pure water (first layer) and
another one that allows for estimating the value of the zeta
potential in the ionized medium (second layer) using the output
of the first layer [78]. Although the zeta potential is most often
included as a numerical value, it can be also used to group the
data into categories [60]. Related measures are the isoelectric
point, which corresponds to the pH at which a nanoparticle
suspension has zero zeta potential [15,17], the surface charge
[31,36,63], the conductivity [77], and the electrophoretic
mobility [77].

Magnetic properties are also found to be used as NM descrip-
tors, such as the relaxivities R1 and R2 obtained from magnetic
resonance studies [44]. Related to magnetism, Kotzabasaki et
al. used the magnetic field strength, but also a single categor-
ical descriptor describing the magnetic core composition of the
nanoparticles [25]. Additionally, focusing on the role of the NM
as contrast agent in magnetic resonance imaging, the authors
added the specific property of cellular internalization of iron,
measured as the amount of iron inside the cells [25].
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Zhang et al. [79] created a predictive model that uses regres-
sion trees to predict the toxicity of metal oxides using two pa-
rameters, namely, the experimentally measured concentration of
the metal (expressed as a percentage) and the conduction band
energy, which was calculated from different physicochemical
constants and also from experimental measurements of zeta
potential and diffuse reflectance UV–vis spectra). Alternative
formulations for valence and conduction band energies, based
only on pre-known physicochemical constants and values from
reference handbooks, have been reported as well [79,80].

Furthermore, the electric characteristics of the nanoparticle sur-
face can be reported by its interaction with other substances, as
for example using the maximum salt concentration in the medi-
um with no significant coagulation or the rate constant of its ox-
idation by hydrogen peroxide [68].

It should be noted that the use of experimental descriptors can
be exclusive, and there are models such as those of Liu et al.
[76] and Fourches et al. [44] that describe a series of NMs with
different compositions, including different iron oxides and
quantum dots, only on the basis of their size, magnetic values,
and zeta potential, without any direct consideration of the com-
position (i.e., no descriptor of the category “a” or “b” in our
classification). Kudrinskiy et al. also modelled silver nanoparti-
cles with different coatings without introducing directly the
capping agent in the model, but only by observing the differ-
ences in size, reactivity, and electric behavior of the nanoforms
with different capping agents [68].

A different approach to the use of experimental properties are
models that combine composition-based descriptors with exper-
imental information on the toxicity to different species, such as
the interspecies iQSTTR models developed by De et al. [81]
and the nano-QTTR development for aquatic toxicity by Jung
and coworkers [82].

Finally, we can consider a variation of this type of descriptors,
that is, the use of experimental results for specific signaling-
pathway responses in order to assess the overall toxicity and to
group different NMs together [83,84].

Experimental conditions (e): Finally, some descriptors do not
directly describe the nanoform; instead they consider how it
was prepared. In this context, the effects of the preparation
methodology could be assessed without describing the specific
structural features that arise from the preparation. In contrast to
the following group (f), we have reserved this to experimental
conditions of the processes performed prior to the test of the
predicted property. These conditions lead to a specific
nanoform, even if there is no characterization step to identify its

properties, that is used for the test and, potentially, for other in-
dependent tests. Hence, differences in equivalent tests should be
related to underlying differences in the nanostructure.

The wide range of attributes selected by Liu et al. [85] in their
predictive method of toxicity based on a combined index for
zebrafish (EZ metric) included the synthesis precursors. Simi-
larly, Gul et al. compiled a dataset of nanoforms in cell viability
tests to perform an association rule mining analysis in which the
synthesis method was included among the identifiers of the
nanoparticles [86].

In another example, in the read-across models developed by
Varsou et al. [77], the effect of aging the nanoparticle for two
years prior to toxicity testing has been considered. However,
instead of including this as a descriptor, they provided values
for some of the experimental descriptors measured before and
after aging. They also concluded that discriminating aged from
pristine nanoparticles improves the predictive value of the
model.

Descriptors independent on nanoforms
Experimental endpoint conditions (f): This section includes
descriptors that codify information about the experimental
conditions of the test that potentially affect the value of the
measured parameter of the endpoint. The exposure of the NMs
to different conditions could produce structural changes, which
could be responsible for changes in their activity. The NM par-
ticles are known to be significantly affected by the medium
regarding size, aggregation, ligands, and nanostructure. Never-
theless, although the parameters considered here could have
direct impact on the value, their relevance could not be directly
linked to structural differences in the nanoform, in contrast to
the conditions classified above in group (e).

Such descriptors are commonly found in multi-task QSAR
models, where different endpoints are modelled using the
same framework. For example, it is possible to have different
target cell lines (identified by one or more descriptors)
[24,31,36,60,66] or to combine different toxicity assay methods
[24,36,63,66] in the same model.

In some models, binary descriptors are used to indicate the
absence or presence of a certain condition such as centrifuga-
tion, stirring, sonication, dispersion, or presence of additives
[17,39,65,87]. Numerical descriptors used to encode the test
environments include the ionic strength [17], the amount of
organic matter [17], and the pH value. More specific variables
can be found for particular tests, such as the number of daphnia
individuals in an immobilization test [17]. Also, descriptors that
quantify the exposure to the nanoform, such as exposure time
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[17,31,37,60,66] and dose [31,37,63,66] are very common in
nano-QSAR models.

A different approach of multi-task QSAR models to incorpo-
rate the endpoint conditions is to use them as modifying factors
of the descriptors. For such a modification, using a Box–Jenkins
approach, Ambure et al. [72] classified the dataset based on two
endpoints and several experimental protocols, cell line targets,
exposure times, and doses. Other authors use perturbation
QSAR models to incorporate endpoint conditions such as the
specific toxicity measurement [18,74], the biological target
[18,19,74], the exposure time [18,74], and the incubation condi-
tions [19].

Although not directly used as a descriptor, it is worth to note
that Pathakoti et al. [61] included the light exposure as a vari-
able in their toxicity models of metal oxides versus E. coli, ob-
taining two series of toxicity data for the same set of NMs.
Analogously, Basant and collaborators considered toxicity
values measured under different light conditions in E. coli and
in HaCaT cells in a multi-target QSTR model [88].

Conclusion
In this review we have analyzed in depth the descriptors used in
the literature in QSAR and related in silico prediction models
for NMs. Our review highlights that the high degree of vari-
ability in the NM properties is a key challenge in nano-QSAR
models, because it makes it difficult to develop models that are
accurate and generalizable across different NM types. Thus,
most nano-QSAR models are based on data sets limited to very
similar nanoforms, which can lead to overfitting and poor
predictions out of the applicability domain. Regarding the kind
of descriptors used, there is a significant variety of descriptors
including low- and high-level calculations, qualitative classi-
fiers, and experimental features.

Furthermore, it is difficult to find common points such as the
requirement of a particular set of features for each kind of
nanoforms. For example, key features such as the composition
of a NM or its size are not included in all the models. It should
be noted that some nano-QSAR models have been developed
based exclusively on testing conditions (e.g., dose, preincuba-
tion, and sonication) of a single nanoform. In these cases, the
chemical structure and direct structural information are con-
stant and do not need to be included among the descriptors.

The descriptors found throughout 77 publications have been
classified based on the information that they codify (Figure 3).
This classification proposes to consider parameters that directly
describe the nanoform (core, surface, or geometry), those that
provide an indirect description (other properties and prepara-

tion conditions) and descriptors focused not on the nanoform
but on the endpoint measurement.

The variety of descriptors reflects how, in nano-QSAR models,
the identification of a NM as a particular data point is based on
a combination of chemical and physical structures, which could
require using experimental parameters. This differs from
common QSAR models with molecular substances, where only
the chemical structure is used to identify the substance (which
usually can be expressed using the SMILES representation).
From there, a series of calculated molecular descriptors are ob-
tained that correspond to a single data point determined by the
SMILES. However, this is not possible in most nano-QSAR
models, which often utilize experimental descriptors such as
size and shape to define a specific NM and to model its proper-
ties. In this case, those descriptors relate the data point to a par-
ticular nanoform with specific properties. This distinction high-
lights the unique role that experimental descriptors can play in
nano-QSAR models. Experimental values in nano-QSAR
models are often not derivable from the composition, but rather
from “identifying descriptors”, that is, fundamental experimen-
tal features that are necessary for the model and that identify a
nanoform. For example, the size of a nanoparticle is often used
as an “identifying descriptor” because it is a key parameter that
determines the properties of the material. However, most of the
electronic experimental values obtained from bulk materials
discussed above are “derived descriptors”, which are similar to
the calculated values, as they are potentially derivable from
other features or identifiers such as the SMILES.

Other experimental measures, such as zeta potential, may be
used as identifying features and can be considered derived from
nanostructural information (as the value will largely depend on
the composition). In any case, we consider as “identifying”
those features that are required as input data for a prediction and
are necessary to make accurate predictions, regardless of
whether they are physically bound or not.

According to our analysis, despite the existence of a broader
range of options and the need to incorporate structural informa-
tion, composition-based descriptors remain the norm in nano-
QSAR. In spite of the chemical complexity inherent to any ex-
tended system (such as a crystal or polymer), most descriptors
are simpler than those found for organic molecules, focusing on
simplified structural formulas or single elements. In most cases,
the composition of a NM is simplified to its major component,
ignoring impurities, mixtures, and ligands; when those are in-
corporated, their proportion is commonly ignored.

Particle size, commonly the measured or nominal value of the
diameter, is among the most common features in nano-QSAR
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models. However, as discussed above, its statistical signifi-
cance in the predictivity of models is not consistent. This ambi-
guity might stem from the fundamental shift in properties when
transitioning from bulk materials to nanoparticles, making it a
quantum leap in terms of behavior. While having a nanoscale
size is crucial for exhibiting distinct properties, a specific size
within a suitable range might have a less pronounced impact.
Consequently, and also because of the limited size variations
present in the databases used to train QSAR models, size is
often perceived as a parameter of lesser relevance.

In summary, our review discusses and classifies a wide variety
of descriptors used for NM predictive modelling. Our analysis
highlights the significant efforts made to combine the chemical
and structural complexity of the NMs with the objective to
obtain convenient descriptors. Our analysis provides a couple of
trends that could guide future steps in this field, that is, to calcu-
late descriptors using simplified chemical models and to use ex-
perimental properties or conditions as descriptors. Most calcu-
lated descriptors are restricted to one component of the core
and/or ligands (even assuming part of its chemical composition)
and do not include nanostructural information. In contrast, the
use of experimental information captures insights on the real
structure, but unveils another challenge of the nano-QSAR
models, the lack of consistence among the methods and parame-
ters used to characterize and evaluate NMs. In consequence, our
proposal classifies the descriptors (mainly calculated) accord-
ing to the part of the particle that they describe (i.e., the core or
the surface ligands) and also discerns among the descriptors
used to encode the nanostructural information (mainly experi-
mental) from other experimental data used to obtain an overall
description of the NMs, that is, from other properties or the ex-
perimental conditions.

Supporting Information
Supporting Information File 1
All models evaluated in the review, as well as the
classification of selected descriptors according to the
proposed categories.
[https://www.beilstein-journals.org/bjnano/content/
supplementary/2190-4286-15-71-S1.pdf]

Funding
This project has received funding from the European Union’s
Horizon 2020 research and innovation programme under the
Marie Skłodowska-Curie grant agreement No 896848
(NanoQSAR); and under the Horizon Europe Programme grant
agreement No. 101137990 (CheMatSustain); and from the

Generalitat Valenciana, Conselleria d'Innovació, Universitats,
ciència i Societat Digital. Direcció General de Ciència e
Investigació. Subvencions a grups d’ investigació emergents
CIGE/2022/59, Spain. Views and opinions expressed are how-
ever those of the author(s) only and do not necessarily reflect
those of the European Union or HaDEA. Neither the European
Union nor the granting authority can be held responsible for
them.

ORCID® iDs
Salvador Moncho - https://orcid.org/0000-0003-1631-5587
Eva Serrano-Candelas - https://orcid.org/0000-0002-8929-5364
Jesús Vicente de Julián-Ortiz - https://orcid.org/0000-0001-9403-8744
Rafael Gozalbes - https://orcid.org/0000-0003-2111-7964

Data Availability Statement
Data sharing is not applicable as no new data was generated or analyzed
in this study.

References
1. Burello, E.; Worth, A. P.

Wiley Interdiscip. Rev.: Nanomed. Nanobiotechnol. 2011, 3, 298–306.
doi:10.1002/wnan.137

2. OECD. (Q)SAR Assessment Framework: Guidance for the Regulatory
Assessment of (Quantitative) Structure Activity Relationship Models,
Predictions, and Results Based on Multiple Predictions Series on
Testing and Assessment No. 386.
https://one.oecd.org/document/ENV/CBC/MONO%282023%2932/en/p
df (accessed June 28, 2024).

3. European Chemicals Agency. Chapter R.6: QSARs and Grouping of
Chemicals. In Guidance on information requirements and chemical
safety assessment.
https://echa.europa.eu/documents/10162/17224/information_requireme
nts_r6_en.pdf/77f49f81-b76d-40ab-8513-4f3a533b6ac9 (accessed
June 28, 2024).

4. Oksel, C.; Ma, C. Y.; Liu, J. J.; Wilkins, T.; Wang, X. Z. Particuology
2015, 21, 1–19. doi:10.1016/j.partic.2014.12.001

5. Chen, G.; Vijver, M. G.; Xiao, Y.; Peijnenburg, W. J. G. M. Materials
2017, 10, 1013. doi:10.3390/ma10091013

6. Sizochenko, N.; Leszczynski, J. Review of Current and Emerging
Approaches for Quantitative Nanostructure-Activity Relationship
Modeling: The Case of Inorganic Nanoparticles. Materials Science and
Engineering: Concepts, Methodologies, Tools, and Applications; IGI
Global, 2017; pp 1704–1721. doi:10.4018/978-1-5225-1798-6.ch070

7. Wyrzykowska, E.; Mikolajczyk, A.; Lynch, I.; Jeliazkova, N.;
Kochev, N.; Sarimveis, H.; Doganis, P.; Karatzas, P.; Afantitis, A.;
Melagraki, G.; Serra, A.; Greco, D.; Subbotina, J.; Lobaskin, V.;
Bañares, M. A.; Valsami-Jones, E.; Jagiello, K.; Puzyn, T.
Nat. Nanotechnol. 2022, 17, 924–932.
doi:10.1038/s41565-022-01173-6

8. Hu, X.; Cook, S.; Wang, P.; Hwang, H.-m. Sci. Total Environ. 2009,
407, 3070–3072. doi:10.1016/j.scitotenv.2009.01.033

9. Puzyn, T.; Leszczynska, D.; Leszczynski, J. Small 2009, 5, 2494–2509.
doi:10.1002/smll.200900179

https://www.beilstein-journals.org/bjnano/content/supplementary/2190-4286-15-71-S1.pdf
https://www.beilstein-journals.org/bjnano/content/supplementary/2190-4286-15-71-S1.pdf
https://orcid.org/0000-0003-1631-5587
https://orcid.org/0000-0002-8929-5364
https://orcid.org/0000-0001-9403-8744
https://orcid.org/0000-0003-2111-7964
https://doi.org/10.1002%2Fwnan.137
https://one.oecd.org/document/ENV/CBC/MONO%282023%2932/en/pdf
https://one.oecd.org/document/ENV/CBC/MONO%282023%2932/en/pdf
https://echa.europa.eu/documents/10162/17224/information_requirements_r6_en.pdf/77f49f81-b76d-40ab-8513-4f3a533b6ac9
https://echa.europa.eu/documents/10162/17224/information_requirements_r6_en.pdf/77f49f81-b76d-40ab-8513-4f3a533b6ac9
https://doi.org/10.1016%2Fj.partic.2014.12.001
https://doi.org/10.3390%2Fma10091013
https://doi.org/10.4018%2F978-1-5225-1798-6.ch070
https://doi.org/10.1038%2Fs41565-022-01173-6
https://doi.org/10.1016%2Fj.scitotenv.2009.01.033
https://doi.org/10.1002%2Fsmll.200900179


Beilstein J. Nanotechnol. 2024, 15, 854–866.

864

10. European Chemicals Agency. Guidance on Information Requirements
and Chemical Safety Assessment Appendix R.6-1 for Nanoforms
Applicable to the Guidance on QSARs and Grouping of Chemicals.
https://echa.europa.eu/documents/10162/23036412/appendix_r6_nano
materials_en.pdf/71ad76f0-ab4c-fb04-acba-074cf045eaaa (accessed
June 28, 2024).

11. Weininger, D. J. Chem. Inf. Comput. Sci. 1988, 28, 31–36.
doi:10.1021/ci00057a005

12. Jeevanandam, J.; Barhoum, A.; Chan, Y. S.; Dufresne, A.;
Danquah, M. K. Beilstein J. Nanotechnol. 2018, 9, 1050–1074.
doi:10.3762/bjnano.9.98

13. Abbasi, R.; Shineh, G.; Mobaraki, M.; Doughty, S.; Tayebi, L.
J. Nanopart. Res. 2023, 25, 43. doi:10.1007/s11051-023-05690-w

14. Lynch, I.; Afantitis, A.; Exner, T.; Himly, M.; Lobaskin, V.; Doganis, P.;
Maier, D.; Sanabria, N.; Papadiamantis, A. G.; RybinskaFryca, A.;
Gromelski, M.; Puzyn, T.; Willighagen, E.; Johnston, B. D.;
Gulumian, M.; Matzke, M.; Green Etxabe, A.; Bossa, N.; Serra, A.;
Liampa, I.; Harper, S.; Tämm, K.; Jensen, A. C.; Kohonen, P.;
Slater, L.; Tsoumanis, A.; Greco, D.; Winkler, D. A.; Sarimveis, H.;
Melagraki, G. Nanomaterials 2020, 10, 2493.
doi:10.3390/nano10122493

15. Liu, R.; Rallo, R.; George, S.; Ji, Z.; Nair, S.; Nel, A. E.; Cohen, Y.
Small 2011, 7, 1118–1126. doi:10.1002/smll.201002366

16. Fjodorova, N.; Novic, M.; Gajewicz, A.; Rasulev, B. Nanotoxicology
2017, 11, 475–483. doi:10.1080/17435390.2017.1310949

17. Shin, H. K.; Seo, M.; Shin, S. E.; Kim, K.-Y.; Park, J.-W.; No, K. T.
Environ. Sci.: Nano 2018, 5, 765–775. doi:10.1039/c7en01127j

18. Kleandrova, V. V.; Luan, F.; González-Díaz, H.; Ruso, J. M.;
Speck-Planche, A.; Cordeiro, M. N. D. S. Environ. Sci. Technol. 2014,
48, 14686–14694. doi:10.1021/es503861x

19. Halder, A. K.; Melo, A.; Cordeiro, M. N. D. S. Chemosphere 2020, 244,
125489. doi:10.1016/j.chemosphere.2019.125489

20. Kar, S.; Gajewicz, A.; Puzyn, T.; Roy, K.; Leszczynski, J.
Ecotoxicol. Environ. Saf. 2014, 107, 162–169.
doi:10.1016/j.ecoenv.2014.05.026

21. Pan, Y.; Li, T.; Cheng, J.; Telesca, D.; Zink, J. I.; Jiang, J. RSC Adv.
2016, 6, 25766–25775. doi:10.1039/c6ra01298a

22. Mu, Y.; Wu, F.; Zhao, Q.; Ji, R.; Qie, Y.; Zhou, Y.; Hu, Y.; Pang, C.;
Hristozov, D.; Giesy, J. P.; Xing, B. Nanotoxicology 2016, 10,
1207–1214. doi:10.1080/17435390.2016.1202352

23. Cao, J.; Pan, Y.; Jiang, Y.; Qi, R.; Yuan, B.; Jia, Z.; Jiang, J.; Wang, Q.
Green Chem. 2020, 22, 3512–3521. doi:10.1039/d0gc00933d

24. Papadiamantis, A. G.; Jänes, J.; Voyiatzis, E.; Sikk, L.; Burk, J.;
Burk, P.; Tsoumanis, A.; Ha, M. K.; Yoon, T. H.; Valsami-Jones, E.;
Lynch, I.; Melagraki, G.; Tämm, K.; Afantitis, A. Nanomaterials 2020,
10, 2017. doi:10.3390/nano10102017

25. Kotzabasaki, M. I.; Sotiropoulos, I.; Sarimveis, H. RSC Adv. 2020, 10,
5385–5391. doi:10.1039/c9ra09475j

26. Puzyn, T.; Rasulev, B.; Gajewicz, A.; Hu, X.; Dasari, T. P.;
Michalkova, A.; Hwang, H. M.; Toropov, A.; Leszczynska, D.;
Leszczynski, J. Nat. Nanotechnol. 2011, 6, 175–178.
doi:10.1038/nnano.2011.10

27. Sifonte, E. P.; Castro-Smirnov, F. A.; Jimenez, A. A. S.; Diez, H. R. G.;
Martínez, F. G. J. Nanopart. Res. 2021, 23, 161.
doi:10.1007/s11051-021-05288-0

28. Venigalla, S.; Dhail, S.; Ranjan, P.; Jain, S.; Chakraborty, T.
New Front. Chem. 2014, 23, 123–130.

29. Zhou, Z.; Tang, X.; Dai, W.; Shi, J.; Chen, H. Can. J. Chem. 2017, 95,
863–866. doi:10.1139/cjc-2017-0172

30. Gajewicz, A.; Schaeublin, N.; Rasulev, B.; Hussain, S.;
Leszczynska, D.; Puzyn, T.; Leszczynski, J. Nanotoxicology 2015, 9,
313–325. doi:10.3109/17435390.2014.930195

31. Choi, J.-S.; Ha, M. K.; Trinh, T. X.; Yoon, T. H.; Byun, H.-G. Sci. Rep.
2018, 8, 6110. doi:10.1038/s41598-018-24483-z

32. Shin, H. K.; Kim, S.; Yoon, S. NanoImpact 2021, 21, 100298.
doi:10.1016/j.impact.2021.100298

33. Banerjee, A.; Kar, S.; Pore, S.; Roy, K. Nanotoxicology 2023, 17,
78–93. doi:10.1080/17435390.2023.2186280

34. CORAL. http://www.insilico.eu/coral/SOFTWARECORAL.html
(accessed July 21, 2022).

35. Toropova, A. P.; Toropov, A. A.; Manganelli, S.; Leone, C.;
Baderna, D.; Benfenati, E.; Fanelli, R. NanoImpact 2016, 1, 60–64.
doi:10.1016/j.impact.2016.04.003

36. Toropova, A. P.; Toropov, A. A.; Leszczynski, J.; Sizochenko, N.
Environ. Toxicol. Pharmacol. 2021, 86, 103665.
doi:10.1016/j.etap.2021.103665

37. Toropova, A. P.; Toropov, A. A.; Benfenati, E.
SAR QSAR Environ. Res. 2015, 26, 29–40.
doi:10.1080/1062936x.2014.984327

38. Toropov, A. A.; Toropova, A. P.; Benfenati, E.; Gini, G.; Puzyn, T.;
Leszczynska, D.; Leszczynski, J. Chemosphere 2012, 89, 1098–1102.
doi:10.1016/j.chemosphere.2012.05.077

39. Toropova, A. P.; Toropov, A. A.; Veselinović, A. M.; Veselinović, J. B.;
Benfenati, E.; Leszczynska, D.; Leszczynski, J.
Ecotoxicol. Environ. Saf. 2016, 124, 32–36.
doi:10.1016/j.ecoenv.2015.09.038

40. Toropova, A. P.; Toropov, A. A.; Rallo, R.; Leszczynska, D.;
Leszczynski, J. Int. J. Environ. Res. 2016, 10, 59–64.
doi:10.22059/ijer.2016.56888

41. Bilal, M.; Oh, E.; Liu, R.; Breger, J. C.; Medintz, I. L.; Cohen, Y. Small
2019, 15, 1900510. doi:10.1002/smll.201900510

42. Weissleder, R.; Kelly, K.; Sun, E. Y.; Shtatland, T.; Josephson, L.
Nat. Biotechnol. 2005, 23, 1418–1423. doi:10.1038/nbt1159

43. Epa, V. C.; Burden, F. R.; Tassa, C.; Weissleder, R.; Shaw, S.;
Winkler, D. A. Nano Lett. 2012, 12, 5808–5812. doi:10.1021/nl303144k

44. Fourches, D.; Pu, D.; Tassa, C.; Weissleder, R.; Shaw, S. Y.;
Mumper, R. J.; Tropsha, A. ACS Nano 2010, 4, 5703–5712.
doi:10.1021/nn1013484

45. Chau, Y. T.; Yap, C. W. RSC Adv. 2012, 2, 8489–8496.
doi:10.1039/c2ra21489j

46. Ojha, P. K.; Kar, S.; Roy, K.; Leszczynski, J. Nanotoxicology 2019, 13,
14–34. doi:10.1080/17435390.2018.1529836

47. Mikolajczyk, A.; Sizochenko, N.; Mulkiewicz, E.; Malankowska, A.;
Nischk, M.; Jurczak, P.; Hirano, S.; Nowaczyk, G.;
Zaleska-Medynska, A.; Leszczynski, J.; Gajewicz, A.; Puzyn, T.
Beilstein J. Nanotechnol. 2017, 8, 2171–2180.
doi:10.3762/bjnano.8.216

48. Mikolajczyk, A.; Gajewicz, A.; Mulkiewicz, E.; Rasulev, B.;
Marchelek, M.; Diak, M.; Hirano, S.; Zaleska-Medynska, A.; Puzyn, T.
Environ. Sci.: Nano 2018, 5, 1150–1160. doi:10.1039/c8en00085a

49. Yuan, B.; Wang, P.; Sang, L.; Gong, J.; Pan, Y.; Hu, Y.
Ecotoxicol. Environ. Saf. 2021, 208, 111634.
doi:10.1016/j.ecoenv.2020.111634

50. Mikolajczyk, A.; Sizochenko, N.; Mulkiewicz, E.; Malankowska, A.;
Rasulev, B.; Puzyn, T. Nanoscale 2019, 11, 11808–11818.
doi:10.1039/c9nr01162e

51. Qi, R.; Pan, Y.; Cao, J.; Yuan, B.; Wang, Y.; Jiang, J.
Environ. Sci.: Nano 2021, 8, 927–936. doi:10.1039/d0en01266a

https://echa.europa.eu/documents/10162/23036412/appendix_r6_nanomaterials_en.pdf/71ad76f0-ab4c-fb04-acba-074cf045eaaa
https://echa.europa.eu/documents/10162/23036412/appendix_r6_nanomaterials_en.pdf/71ad76f0-ab4c-fb04-acba-074cf045eaaa
https://doi.org/10.1021%2Fci00057a005
https://doi.org/10.3762%2Fbjnano.9.98
https://doi.org/10.1007%2Fs11051-023-05690-w
https://doi.org/10.3390%2Fnano10122493
https://doi.org/10.1002%2Fsmll.201002366
https://doi.org/10.1080%2F17435390.2017.1310949
https://doi.org/10.1039%2Fc7en01127j
https://doi.org/10.1021%2Fes503861x
https://doi.org/10.1016%2Fj.chemosphere.2019.125489
https://doi.org/10.1016%2Fj.ecoenv.2014.05.026
https://doi.org/10.1039%2Fc6ra01298a
https://doi.org/10.1080%2F17435390.2016.1202352
https://doi.org/10.1039%2Fd0gc00933d
https://doi.org/10.3390%2Fnano10102017
https://doi.org/10.1039%2Fc9ra09475j
https://doi.org/10.1038%2Fnnano.2011.10
https://doi.org/10.1007%2Fs11051-021-05288-0
https://doi.org/10.1139%2Fcjc-2017-0172
https://doi.org/10.3109%2F17435390.2014.930195
https://doi.org/10.1038%2Fs41598-018-24483-z
https://doi.org/10.1016%2Fj.impact.2021.100298
https://doi.org/10.1080%2F17435390.2023.2186280
http://www.insilico.eu/coral/SOFTWARECORAL.html
https://doi.org/10.1016%2Fj.impact.2016.04.003
https://doi.org/10.1016%2Fj.etap.2021.103665
https://doi.org/10.1080%2F1062936x.2014.984327
https://doi.org/10.1016%2Fj.chemosphere.2012.05.077
https://doi.org/10.1016%2Fj.ecoenv.2015.09.038
https://doi.org/10.22059%2Fijer.2016.56888
https://doi.org/10.1002%2Fsmll.201900510
https://doi.org/10.1038%2Fnbt1159
https://doi.org/10.1021%2Fnl303144k
https://doi.org/10.1021%2Fnn1013484
https://doi.org/10.1039%2Fc2ra21489j
https://doi.org/10.1080%2F17435390.2018.1529836
https://doi.org/10.3762%2Fbjnano.8.216
https://doi.org/10.1039%2Fc8en00085a
https://doi.org/10.1016%2Fj.ecoenv.2020.111634
https://doi.org/10.1039%2Fc9nr01162e
https://doi.org/10.1039%2Fd0en01266a


Beilstein J. Nanotechnol. 2024, 15, 854–866.

865

52. Trinh, T. X.; Kim, J. Nanomaterials 2021, 11, 124.
doi:10.3390/nano11010124

53. Ahmed, L.; Rasulev, B.; Turabekova, M.; Leszczynska, D.;
Leszczynski, J. Org. Biomol. Chem. 2013, 11, 5798–5808.
doi:10.1039/c3ob40878g

54. Jagiello, K.; Grzonkowska, M.; Swirog, M.; Ahmed, L.; Rasulev, B.;
Avramopoulos, A.; Papadopoulos, M. G.; Leszczynski, J.; Puzyn, T.
J. Nanopart. Res. 2016, 18, 256. doi:10.1007/s11051-016-3564-1

55. Kumar, A.; Kumar, P. J. Hazard. Mater. 2021, 402, 123777.
doi:10.1016/j.jhazmat.2020.123777

56. Kaweeteerawat, C.; Ivask, A.; Liu, R.; Zhang, H.; Chang, C. H.;
Low-Kam, C.; Fischer, H.; Ji, Z.; Pokhrel, S.; Cohen, Y.; Telesca, D.;
Zink, J.; Mädler, L.; Holden, P. A.; Nel, A.; Godwin, H.
Environ. Sci. Technol. 2015, 49, 1105–1112. doi:10.1021/es504259s

57. Huang, Y.; Li, X.; Xu, S.; Zheng, H.; Zhang, L.; Chen, J.; Hong, H.;
Kusko, R.; Li, R. Environ. Health Perspect. 2020, 128, 067010.
doi:10.1289/ehp6508

58. Manganelli, S.; Leone, C.; Toropov, A. A.; Toropova, A. P.;
Benfenati, E. Chemosphere 2016, 144, 995–1001.
doi:10.1016/j.chemosphere.2015.09.086

59. Manganelli, S.; Benfenati, E. Methods Mol. Biol. (N. Y., NY, U. S.)
2017, 1601, 275–290. doi:10.1007/978-1-4939-6960-9_22

60. Cassano, A.; Robinson, R. L. M.; Palczewska, A.; Puzyn, T.;
Gajewicz, A.; Tran, L.; Manganelli, S.; Cronin, M. T. D.
ATLA, Altern. Lab. Anim. 2016, 44, 533–556.
doi:10.1177/026119291604400603

61. Pathakoti, K.; Huang, M.-J.; Watts, J. D.; He, X.; Hwang, H.-M.
J. Photochem. Photobiol., B 2014, 130, 234–240.
doi:10.1016/j.jphotobiol.2013.11.023

62. Na, M.; Nam, S. H.; Moon, K.; Kim, J. Environ. Sci.: Nano 2023, 10,
325–337. doi:10.1039/d2en00672c

63. Choi, J.-S.; Trinh, T. X.; Yoon, T.-H.; Kim, J.; Byun, H.-G.
Chemosphere 2019, 217, 243–249.
doi:10.1016/j.chemosphere.2018.11.014

64. Sayes, C.; Ivanov, I. Risk Anal. 2010, 30, 1723–1734.
doi:10.1111/j.1539-6924.2010.01438.x

65. Toropov, A. A.; Toropova, A. P. Chemosphere 2015, 139, 18–22.
doi:10.1016/j.chemosphere.2015.05.042

66. Trinh, T. X.; Choi, J.-S.; Jeon, H.; Byun, H.-G.; Yoon, T.-H.; Kim, J.
Chem. Res. Toxicol. 2018, 31, 183–190.
doi:10.1021/acs.chemrestox.7b00303

67. Zhang, F.; Wang, Z.; Vijver, M. G.; Peijnenburg, W. J. G. M.
Ecotoxicol. Environ. Saf. 2021, 219, 112357.
doi:10.1016/j.ecoenv.2021.112357

68. Kudrinskiy, A.; Zherebin, P.; Gusev, A.; Shapoval, O.; Pyee, J.;
Lisichkin, G.; Krutyakov, Y. Nanomaterials 2020, 10, 1459.
doi:10.3390/nano10081459

69. Sizochenko, N.; Rasulev, B.; Gajewicz, A.; Kuz'min, V.; Puzyn, T.;
Leszczynski, J. Nanoscale 2014, 6, 13986–13993.
doi:10.1039/c4nr03487b

70. Kuz'min, V. E.; Ognichenko, L. N.; Sizochenko, N.; Chapkin, V. A.;
Stelmakh, S. I.; Shyrykalova, A. O.; Leszczynski, J.
Int. J. Quant. Struct.-Prop. Relat. 2019, 4, 28–40.
doi:10.4018/ijqspr.2019010103

71. Sizochenko, N.; Mikolajczyk, A.; Jagiello, K.; Puzyn, T.;
Leszczynski, J.; Rasulev, B. Nanoscale 2018, 10, 582–591.
doi:10.1039/c7nr05618d

72. Ambure, P.; Ballesteros, A.; Huertas, F.; Camilleri, P.; Barigye, S. J.;
Gozalbes, R. Int. J. Quant. Struct.-Prop. Relat. 2020, 5, 83–100.
doi:10.4018/ijqspr.20201001.oa2

73. Casañola-Martin, G. M.; Le-Thi-Thu, H.; Pérez-Giménez, F.;
Marrero-Ponce, Y.; Merino-Sanjuán, M.; Abad, C.; González-Díaz, H.
Mol. Diversity 2015, 19, 347–356. doi:10.1007/s11030-015-9571-9

74. Kleandrova, V. V.; Luan, F.; González-Díaz, H.; Ruso, J. M.; Melo, A.;
Speck-Planche, A.; Cordeiro, M. N. D. S. Environ. Int. 2014, 73,
288–294. doi:10.1016/j.envint.2014.08.009

75. Concu, R.; Kleandrova, V. V.; Speck-Planche, A.; Cordeiro, M. N. D. S.
Nanotoxicology 2017, 11, 891–906.
doi:10.1080/17435390.2017.1379567

76. Liu, R.; Rallo, R.; Weissleder, R.; Tassa, C.; Shaw, S.; Cohen, Y. Small
2013, 9, 1842–1852. doi:10.1002/smll.201201903

77. Varsou, D.-D.; Ellis, L.-J. A.; Afantitis, A.; Melagraki, G.; Lynch, I.
Chemosphere 2021, 285, 131452.
doi:10.1016/j.chemosphere.2021.131452

78. Rybińska-Fryca, A.; Mikolajczyk, A.; Puzyn, T. Nanoscale 2020, 12,
20669–20676. doi:10.1039/d0nr05220e

79. Zhang, H.; Ji, Z.; Xia, T.; Meng, H.; Low-Kam, C.; Liu, R.; Pokhrel, S.;
Lin, S.; Wang, X.; Liao, Y.-P.; Wang, M.; Li, L.; Rallo, R.;
Damoiseaux, R.; Telesca, D.; Mädler, L.; Cohen, Y.; Zink, J. I.;
Nel, A. E. ACS Nano 2012, 6, 4349–4368. doi:10.1021/nn3010087

80. Burello, E.; Worth, A. P. Nanotoxicology 2011, 5, 228–235.
doi:10.3109/17435390.2010.502980

81. De, P.; Kar, S.; Roy, K.; Leszczynski, J. Environ. Sci.: Nano 2018, 5,
2742–2760. doi:10.1039/c8en00809d

82. Jung, U.; Lee, B.; Kim, G.; Shin, H. K.; Kim, K.-T. Chemosphere 2021,
283, 131164. doi:10.1016/j.chemosphere.2021.131164

83. Rallo, R.; France, B.; Liu, R.; Nair, S.; George, S.; Damoiseaux, R.;
Giralt, F.; Nel, A.; Bradley, K.; Cohen, Y. Environ. Sci. Technol. 2011,
45, 1695–1702. doi:10.1021/es103606x

84. Liu, R.; France, B.; George, S.; Rallo, R.; Zhang, H.; Xia, T.; Nel, A. E.;
Bradley, K.; Cohen, Y. Analyst 2014, 139, 943–953.
doi:10.1039/c3an01409f

85. Liu, X.; Tang, K.; Harper, S.; Harper, B.; Steevens, J. A.; Xu, R.
Int. J. Nanomed. 2013, 8, 31–43. doi:10.2147/ijn.s40742

86. Gul, G.; Yildirim, R.; Ileri-Ercan, N. Environ. Sci.: Nano 2021, 8,
937–949. doi:10.1039/d0en01240h

87. Toropov, A. A.; Toropova, A. P. Chemosphere 2014, 104, 262–264.
doi:10.1016/j.chemosphere.2013.10.079

88. Basant, N.; Gupta, S. Nanotoxicology 2017, 11, 339–350.
doi:10.1080/17435390.2017.1302612

https://doi.org/10.3390%2Fnano11010124
https://doi.org/10.1039%2Fc3ob40878g
https://doi.org/10.1007%2Fs11051-016-3564-1
https://doi.org/10.1016%2Fj.jhazmat.2020.123777
https://doi.org/10.1021%2Fes504259s
https://doi.org/10.1289%2Fehp6508
https://doi.org/10.1016%2Fj.chemosphere.2015.09.086
https://doi.org/10.1007%2F978-1-4939-6960-9_22
https://doi.org/10.1177%2F026119291604400603
https://doi.org/10.1016%2Fj.jphotobiol.2013.11.023
https://doi.org/10.1039%2Fd2en00672c
https://doi.org/10.1016%2Fj.chemosphere.2018.11.014
https://doi.org/10.1111%2Fj.1539-6924.2010.01438.x
https://doi.org/10.1016%2Fj.chemosphere.2015.05.042
https://doi.org/10.1021%2Facs.chemrestox.7b00303
https://doi.org/10.1016%2Fj.ecoenv.2021.112357
https://doi.org/10.3390%2Fnano10081459
https://doi.org/10.1039%2Fc4nr03487b
https://doi.org/10.4018%2Fijqspr.2019010103
https://doi.org/10.1039%2Fc7nr05618d
https://doi.org/10.4018%2Fijqspr.20201001.oa2
https://doi.org/10.1007%2Fs11030-015-9571-9
https://doi.org/10.1016%2Fj.envint.2014.08.009
https://doi.org/10.1080%2F17435390.2017.1379567
https://doi.org/10.1002%2Fsmll.201201903
https://doi.org/10.1016%2Fj.chemosphere.2021.131452
https://doi.org/10.1039%2Fd0nr05220e
https://doi.org/10.1021%2Fnn3010087
https://doi.org/10.3109%2F17435390.2010.502980
https://doi.org/10.1039%2Fc8en00809d
https://doi.org/10.1016%2Fj.chemosphere.2021.131164
https://doi.org/10.1021%2Fes103606x
https://doi.org/10.1039%2Fc3an01409f
https://doi.org/10.2147%2Fijn.s40742
https://doi.org/10.1039%2Fd0en01240h
https://doi.org/10.1016%2Fj.chemosphere.2013.10.079
https://doi.org/10.1080%2F17435390.2017.1302612


Beilstein J. Nanotechnol. 2024, 15, 854–866.

866

License and Terms
This is an open access article licensed under the terms of
the Beilstein-Institut Open Access License Agreement
(https://www.beilstein-journals.org/bjnano/terms), which is
identical to the Creative Commons Attribution 4.0
International License
(https://creativecommons.org/licenses/by/4.0). The reuse of
material under this license requires that the author(s),
source and license are credited. Third-party material in this
article could be subject to other licenses (typically indicated
in the credit line), and in this case, users are required to
obtain permission from the license holder to reuse the
material.

The definitive version of this article is the electronic one
which can be found at:
https://doi.org/10.3762/bjnano.15.71

https://www.beilstein-journals.org/bjnano/terms
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.3762/bjnano.15.71


909

Identification of structural features of surface modifiers in
engineered nanostructured metal oxides regarding
cell uptake through ML-based classification
Indrasis Dasgupta, Totan Das, Biplab Das and Shovanlal Gayen*

Full Research Paper Open Access

Address:
Laboratory of Drug Design and Discovery, Department of
Pharmaceutical Technology, Jadavpur University, Kolkata 700032,
India

Email:
Shovanlal Gayen* - shovanlal.gayen@gmail.com

* Corresponding author

Keywords:
Bayesian classification; cellular uptake; machine learning;
nanoparticles (NPs)

Beilstein J. Nanotechnol. 2024, 15, 909–924.
https://doi.org/10.3762/bjnano.15.75

Received: 22 March 2024
Accepted: 01 July 2024
Published: 22 July 2024

This article is part of the thematic issue "Nanoinformatics: spanning
scales, systems and solutions".

Guest Editor: I. Lynch

© 2024 Dasgupta et al.; licensee Beilstein-Institut.
License and terms: see end of document.

Abstract
Nanoparticles (NPs) are considered as versatile tools in various fields including medicine, electronics, and environmental science.
Understanding the structural aspects of surface modifiers in nanoparticles that govern their cellular uptake is crucial for optimizing
their efficacy and minimizing potential cytotoxicity. The cellular uptake is influenced by multiple factors, namely, size, shape, and
surface charge of NPs, as well as their surface functionalization. In the current study, classification-based ML models (i.e.,
Bayesian classification, random forest, support vector classifier, and linear discriminant analysis) have been developed to identify
the features/fingerprints that significantly contribute to the cellular uptake of ENMOs in multiple cell types, including pancreatic
cancer cells (PaCa2), human endothelial cells (HUVEC), and human macrophage cells (U937). The best models have been identi-
fied for each cell type and analyzed to detect the structural fingerprints/features governing the cellular uptake of ENMOs. The study
will direct scientists in the design of ENMOs of higher cellular uptake efficiency for better therapeutic response.
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Introduction
In recent years, the rapid advancement of nanotechnology has
led to the widespread utilization of engineered nanostructured
metal oxides (ENMOs) in various industrial and biomedical ap-
plications [1]. Nanoparticles (NPs) are described by the Interna-
tional Organization for Standardization as structures character-
ized by one, two, or three dimensions within the range of 1 to

100 nm [2]. The diminutive size of nanoparticles contributes to
a significantly high surface area with respect to volume, result-
ing in enhanced reactivity, improved stability, and augmented
functionality. In the field of nanomaterials, ENMOs are a
notable subset. These nanoparticles consist of metal elements
bonded with oxygen in intricate structures [3,4]. They exhibit

https://www.beilstein-journals.org/bjnano/about/openAccess.htm
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Table 1: Comparison of statistical parameters of the present model with previous studies for the cellular uptake of ENMOs.

S. no. Cell line ntrain ntest Modela Statistical parametersb Ref

Regression-based QSAR

1 PaCa2 87 22 — R2
Te = 0.72; RMSETe = 0.18 [22]

2 PaCa2 90 19 MLR R2
Tr = 0.934; RMSETr = 0.121; R2

Te = 0.943; RMSETe = 0.214 [23]
3 HUVEC 87 21 BRANNLP &

MLREM
R2

Tr = 0.55; RMSETr = 0.38; R2
Te = 0.72; RMSETe = 0.30 [24]

PaCa2 R2
Tr = 0.64; RMSETr = 0.26; R2

Te = 0.62; RMSETe = 0.32
4 PaCa2 91 18 Monte Carlo

regression
R2

Tr = 0.76; RMSETr =0.19; R2
Te = 0.86; RMSETe = 0.14 [25]

5 PaCa2 87 22 MLR R2
Tr = 0.945; RMSETr = 0.13; R2

Te = 0.897; RMSETe = 0.18 [26]
6 PaCa2 89 20 PLS LV = 5; R2

Tr = 0:806; Q2
LOO = 0.758; RMSETr = 0.20;

Q2
F1 = R2

Te = 0.879; Q2
F2 = 0.868; RMSETe = 0.12

[27]

7 HUVEC 87 21 MLR
Bayesian
regularized
neural network

R2
Tr = 0.74; RMSETr = 0.34; R2

Te = 0.63; RMSETe = 0.36
(linear model)
R2

Tr = 0.70; RMSETr = 0.30; R2
Te = 0.66; RMSETe = 0.33

(nonlinear model)

[28]

PaCa2 R2
Tr = 0.76; RMSETr = 0.19; R2

Te = 0.79; RMSETe = 0.24
(linear model)
R2

Tr = 0.77; RMSETr = 0.15; R2
Te = 0.54; RMSETe = 0.28

(nonlinear model)
8 PaCa2 83 21 MLR R2

Tr = 0.974; RMSETr = 0.067; R2
Te = 0.944; RMSETe = 0.109 [29]

HUVEC R2
Tr = 0.973; RMSETr = 0.100; R2

Te = 0.966; RMSETe = 0.104
U937 R2

Tr = 0.977; RMSETr = 0.019; R2
Te = 0.938; RMSETe = 0.023

9 PaCa2 36
27
15

9
7
3

MLR R2
Tr = 0.792; Q2

LOO = 0.765; RMSETr = 1929.40
R2

Te = 0.954; Q2
ext = 0.908; RMSETe = 581.646 (Model 1)

R2
Tr = 0.857; Q2

LOO = 0.735; RMSETr = 1649.077
R2

Te = 0.961; Q2
ext = 0.923; RMSETe = 1083.365 (Model 2)

R2
Tr = 0.819; Q2

LOO = 0.739; RMSETr = 1683.908
R2

Te = 0.863; Q2
ext = 0.821; RMSETe = 1683.908 (Model 3)

[30]

exceptional physicochemical properties, which have led to their
widespread utilization across various industries [5,6]. These
nanomaterials are employed in, for example, electronics,
cosmetics, and medicine because of their enhanced reactivity,
large surface area, and tunable properties [7,8].

ENMOs can enter the human body [9] and engage with various
biomacromolecules, including sugars, lipids, proteins, and
nucleic acids. These biomolecules rapidly envelop the nanopar-
ticle surface, creating a dynamic “protein corona”, which
dictates the biological characteristics of the nanoparticles
[10,11]. The composition of this corona is variable and relies on
the concentrations and affinities of its different components to
the nanoparticle surface. Cellular uptake of NPs happens
through receptor-mediated active or passive transport across the
cell membrane [12]. Excessive absorption by normal cells
enables metal oxide nanoparticles to engage with various sub-
cellular organelles, initiating diverse signaling pathways to
generate a stress response within cells. This results in the pro-
duction of free radicals. Ultimately, this cascade leads to
damage to cellular organelles and the demise of the cell [13-15].
ENMOs have also been explored for potential diagnostic appli-

cations, particularly in targeting cancer cells [16,17]. To create
target-specific NPs, researchers synthesized magnetofluores-
cent NPs with an iron oxide nanocore decorated with organic
compounds and investigated their cellular uptake across various
human cell types [18]. However, determining the cellular
absorption of functionalized nanoparticles in different human
cell types is a laborious, expensive, and time-consuming task.
Computational analysis of experimentally obtained cellular
uptake data for ENMOs provides a systematic approach to gain
insights for modifying them for specific purposes. In recent
times, these computational methods have gained popularity as
they are more cost-effective and independent alternatives to ex-
perimental procedures [19-21].

Understanding the structural features related to the surface
modifiers of ENMOs that influence their uptake in human cell
lines is crucial for designing nanomaterials with enhanced
bioavailability. The surface modifiers are, in general, chemical
groups or molecules that are attached to the surface of ENMOs
to modify their properties and, specifically, the cellular uptake.
A lot of computational studies (Table 1) have been reported
using nanoscale quantitative structure–activity relationship
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Table 1: Comparison of statistical parameters of the present model with previous studies for the cellular uptake of ENMOs. (continued)

10 PaCa2 87 22 PLS LV = 4; R2
Tr = 0.814; Q2

LOO = 0.782; RMSETr = 0.198;
Q2

F1 = 0.893; Q2
F2 = 0.749

[31]

HUVEC LV = 5; R2
Tr = 0.782; Q2

LOO = 0.733; RMSETr = 0.299;
Q2

F1 = 0.704; Q2
F2 = 0.668

U937 LV = 5; R2
Tr = 0.667; Q2

LOO = 0.539; RMSETr = 0.077;
Q2

F1 = 0.602; Q2
F2 = 0.506

11 HUVEC 87 22 MLR R2
Tr = 0.852; RMSETr = 0.235; R2

Te = 0.822; RMSETe = 0.241 [32]
PaCa2 R2

Tr = 0.905; RMSETr = 0.130; R2
Te = 0.885; RMSETe = 0.140

Classification-based QSAR

12 PaCa2 — — DTB SeTr = 1.000; SpTr = 0.974; ACCTr = 0.988; MCCTr = 0.980
SeTe = 0.882; SpTe = 1.000; ACCTe = 0.926; MCCTe = 0.860

[26]

13 PaCa2 — — DTF SeTr = 1.000; SpTr = 1.000; ACCTr = 1.000; MCCTr = 1.000
SeTe = 0.875; SpTe = 0.909; ACCTe = 0.889; MCCTe = 0.780

14 PaCa2 89 20 RF SeTr = 0.958; SpTr = 0.976; ACCTr = 0.966; MCCTr = 0.933
SeTe = 0.909; SpTe = 1.000; ACCTe = 0.950; MCCTe = 0.905

[33]

15 PaCa2 88 21 Bayesian
classification

SeTr = 0.980; SpTr = 0.865; Conc.Tr = 0.932; ROCTr = 0.765;
SeTe = 1.000; SpTe = 0.800; Conc.Te = 0.905; ROCTe = 0.891

our
model

HUVEC SVC SeTr = 0.952; ACCTr = 0.875; MCCTr = 0.761; ROCTr = 0.969;
SeTe = 0.833; ACCTe = 0.857; MCCTe = 0.716; ROCTe = 0.870

U937 LDA SeTr = 0.827; ACCTr = 0.716; MCCTr = 0.400; ROCTr = 0.735;
SeTe = 0.833; ACCTe = 0.667; MCCTe = 0.304; ROCTe = 0.630

aVarious models reported as follows: MLR = multiple linear regression; RMSEP = root mean square error of prediction; Conc. = concordance,
RF = random forest; SVC = support vector classifier, LDA = linear discriminant analysis; DTB = decision tree boost; DTF = decision tree forest;
PLS = partial least squares; BRANNLP = Bayesian regularization artificial neural network, using Gaussian priors, MLREM = multiple linear regression
with expectation maximization; bdifferent statistical parameters reported as follows: R2 = correlation coefficient, ACC = accuracy, MCC = Matthews
correlation coefficient; ROC = receiver operating characteristic; RMSE = root mean square error; Q2

LOO = cross-validated correlation coefficient;
LV = latent variables; Se = sensitivity; Sp = specificity.

(nano-QSAR) models (predominantly regression-based) that
specifically employ the cellular uptake in the PaCa2 cell line
[22-27]. In the current study, we have performed a distinctive
approach by developing nano-QSAR machine learning-based
classification models that encompass not only the cellular
uptake data of the PaCa2 cell line but also the two additional
cell lines HUVEC and U937. The primary objective is to find
the structural fingerprints/features that govern cellular uptake
selectivity for each cell line. The selective surface modifica-
tions of ENMOs could enhance the affinity of the nanoparticles
for certain cell types while reducing the uptake by non-target
cells. This is particularly important for in vivo applications
where non-specific uptake by the reticuloendothelial system
(e.g., liver and spleen) can reduce the efficacy of the nanoparti-
cles. The workflow of the current study is shown in Figure 1.
The insights gained from this study hold significant implica-
tions for the rational design of ENMOs with tailored properties
for biomedical applications, ensuring their higher efficiency.

Materials and Methods
Preparation of datasets
The current study was performed employing the experimental
cellular uptake data of 109 chemically attached surface modi-

fiers of ENMOs (monocrystalline magnetic nanoparticles
having overall size of 38 nm and an average of 60 ligands per
nanoparticle, indicating a consistent level of attachment across
different preparations) regarding human pancreatic ductal
adenocarcinoma cells (PaCa2), human umbilical vein endotheli-
al cells (HUVEC), and the human monocyte lymphoma cell line
U937 [34]. PaCa2 cells are derived from a human pancreatic
tumor and are adherent and epithelial in nature, providing
insights into the uptake and behavior of nanoparticles in pancre-
atic cancer. HUVEC cells are endothelial cells derived from the
vein of the umbilical cord to study vascular biology and endo-
thelial function. U937 is a human cell line used as a model for
monocyte/macrophage differentiation. The cellular uptake was
represented by log10[NP]/cell, in which the concentration was
represented in picomoles per cell. In order to classify the
higher-uptake (assigned as “1”) and lower-uptake (assigned as
“0”) surface modifiers of ENMOs, the average values of
log10[NP]/cell were considered as cut-off value (Supporting
Information File 1, Table S1). Thus, 62 higher-uptake and
47 lower-uptake (in the case of PaCa2 cell line); 54 higher-
uptake and 55 lower-uptake (in the case of HUVEC cell line),
and 64 higher-uptake and 45 lower-uptake (in the case of U937
cell line) surface modifiers of ENMOs were included in the
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Figure 1: Workflow of the current study for cellular uptake of ENMOs involving different approaches such as Bayesian classification and machine
learning. The similar training (n = 88) and test set (n = 21) were used in different analyses.

modelling. The whole dataset was divided based on the
“Diverse molecule” method in Discovery studio 3.0 software
[35] into 88 modifiers in the training set (70%) and 21 modi-
fiers in the test set (30%) for the different classification-based
QSAR analyses.

Bayesian classification study
Bayesian classification was carried out via the “Create Bayesian
model” protocol in Discovery Studio 3.0 [35]. To develop a
model, various descriptors were collected, including molecular
weight (MW), n-octanol/water partition coefficient (ALogP),
number of aromatic rings (nAR), number of rings (nR), number
of rotatable bonds (nBonds), number of hydrogen bond donors
(nHBDs), and the number of hydrogen bond acceptors (nHBAs)
[36]. Extended-connectivity fingerprints (ECFPs) or functional-
class fingerprints (FCFPs) were also used for the Bayesian anal-
ysis. ECFPs are circular fingerprints that capture precise
substructural features of molecules, making them suitable for
predicting molecular activity and similarity search [37]. They
are generated through an iterative process based on the Morgan
algorithm, which assigns numeric identifiers to each atom in a
molecule and updates these identifiers through several itera-
tions. In contrast, FCFPs focus on capturing functional class
information, reflecting the pharmacophore roles of atoms. Both
ECFPs and FCFPs are highly customizable and have been
widely adopted for various scientific applications [38,39]. The
molecules from the training set were used for constructing the

model, and the molecules from the test set were used for the
validation. The resulting model’s statistical properties were
assessed using the fivefold cross-validation procedure. Addi-
tionally, the model’s quality was evaluated by looking at the
receiver operating characteristic (ROC) plot as well as speci-
ficity, sensitivity, and accuracy values [40-42].

Development of other machine learning
models
Calculation of descriptors and data pre-treatment
The training set of 88 and the test set of 21 surface modifiers
from Bayesian classification analysis were used for the develop-
ment of other machine learning models. Different classes of
2D descriptors were calculated using PaDEL-Descriptor [43].
The data pre-treatment tool (Data Pre-TreatmentGUI 1.2
from DTC laboratory, Jadavpur University, available at
http://teqip.jdvu.ac.in/QSAR_Tools/) removed some descrip-
tors (intercorrelation cutoff > 0.90, variance cutoff < 0.0001)
[44].

Feature selection
Finding the minimum number of significant features or vari-
ables in the descriptor form is a vital step in the interpretation of
a ML model [45]. In our current study, the most discriminating
features selection method (MDF_Identifier-v1.0 accessible at
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/
home) was used to find out the minimum number of required

http://teqip.jdvu.ac.in/QSAR_Tools/
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
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Figure 2: Receiver operating characteristic plots of the training set (A, C, E) and test set (B, D, F) for the Bayesian classification analysis in the case
of PaCa2 cell line (A, B), HUVEC (C, D) and U937 (E, F) cell line.

features that are responsible for classifying higher-uptake and
lower-uptake surface modifiers in the case of three cell lines
[46]. The descriptors that had greater values of absolute differ-
ence were taken as significant features for a particular cell line.
For the study of the PaCa2 cell line, we selected ten descriptors
(Supporting Information File 1, Table S2) that had an absolute
difference value greater than or equal to 0.31. Similarly, for the
study of HUVEC and U937 cell lines, we selected, respectively,
eight (Supporting Information File 1, Table S3) and eleven
descriptors (Supporting Information File 1, Table S4) that had
an absolute difference greater than or equal to 0.39 and 0.19, re-
spectively. The specific values were determined through empir-
ical analysis, ensuring that the selected descriptors provide the
best predictive performance for each cell line.

ML model development and analysis
Four classification-based ML models, namely, random forest
classifier (RFC), support vector classifier (SVC), linear discrim-
inant analysis (LDA), and logistic regression (LR) were de-
veloped in the current analysis. These models were developed
using the optimized hyper parameters in the Scikit Learn
package. The ML models were built by utilizing the ML classi-
fier tool (https://sites.google.com/jadavpuruniversity.in/dtc-lab-
software/home/machine-learning-model-development-guis)
[47]. For applicability domain analysis, the leverages of the
training and test set compounds were calculated. The applicabil-
ity domain analysis was performed with the help of Hi_Calcu-

lator-v2.0, accessible at https://sites.google.com/jadavpuruni-
versity.in/dtc-lab-software/home [48].

Results and Discussion
Bayesian classification study for the three cell
lines
PaCa2 cell line
Initially, a Bayesian classification study was carried out in order
to build a classification-based QSAR model. The test set was
developed with 21 molecules, whereas the training set was de-
veloped with 88 molecules. Figure 2A,B depict the ROC curves
for the compounds in the training and test set of the surface
modifiers of ENMOs in the PaCa2 cell line. Various statistical
criteria, such as concordance, specificity, and sensitivity, were
examined to characterize the model (Table 2). The developed
Bayesian model has a fivefold cross-validated ROC of 0.765,
indicating the model’s validity. The ROC for the test set is
0.891, indicating an acceptable external validation result. The
training set’s statistical results are summarized in Table 2,
showing a strong 98% sensitivity, 86.5% specificity, and 93.2%
overall concordance.

Twenty uptake-promoting (UPp 1–UPp 20) and twenty uptake-
impairing (UIp 1–UIp 20) structural features/fingerprints were
generated by the Bayesian model of 109 surface modifiers. As
seen in Figure 3, uptake-promoting and uptake-impairing

https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home/machine-learning-model-development-guis
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home/machine-learning-model-development-guis
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
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Table 2: Validation parameters of the generated classification-based Bayesian model for different cell lines.

Cell line Set TPa FNb FPc TNd Sene Specf Concg ROCh

PaCa2
training 50 1 5 32 0.980 0.865 0.932 0.765
test 11 0 2 8 1.000 0.800 0.905 0.891

HUVEC
training 39 3 5 41 0.929 0.891 0.909 0.854
test 10 2 1 8 0.833 0.889 0.857 0.861

U937
training 52 0 14 22 1.000 0.611 0.841 0.682
test 6 6 4 5 0.500 0.556 0.524 0.565

aTrue positive; bfalse negative; cfalse positive; dtrue negative; esensitivity; fspecificity; gconcordance; hreceiver operating characteristic.

Figure 3: Uptake-promoting (UPp 1–UPp 20) and uptake-impairing (UIp 1–UIp 20) fingerprints from the Bayesian study (PaCa2 cell line). Sc denotes
the Bayesian score of the corresponding fingerprints.

fingerprints can be matched into fewer structural features/
fingerprint groups, as explained below.

A long aliphatic carbon chain of the surface modifiers in
ENMOs is highly beneficial for improved uptake in the PaCa2
cell line as suggested by the fingerprints UPp 3, UPp 4, UPp 5,
UPp 9, UPp 19, and UPp 20. For example, surface modifiers 68
and 73 have these essential fingerprints and exhibit higher
uptake (Supporting Information File 1, Figure S1). The uptake
of ENMOs with surface modifiers like 49 is also high because
of the presence of long-chain aliphatic anhydride-like finger-
prints such as in UPp 11, UPp 12, UPp 13, UPp 14, UPp 16, and
UPp 18. The fingerprints UPp 2 and UPp 6 share the similarity

of a dihydro-2H-pyran-2,6(3H)-dione structure. These finger-
prints are seen in surface modifiers 18 and 28.

The uptake-impairing fingerprints UIp 12, UIp 15, UIp 16, and
UIp 18 indicate the presence of aliphatic/cyclic alcohol-like
structures in the surface modifiers, and a negative impact on
cell uptake of ENMOs is shown in the case of surface modifier
59. Similarly, fingerprints UIp 2, UIp 3, UIp 6, UIp 8, UIp 13,
and UIp 19 represent the presence of amino groups with a
possible carboxyl functionality. Such fingerprints are observed
in surface modifier 101. The fingerprints UIp 9, UIp 11, UIp 14,
and UIp 20, having a cyclohexane ring (e.g., 90), also reduce the
uptake of ENMOs in the PaCa2 cell line.
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Figure 4: Uptake-promoting (UPh 1–UPh 20) and uptake-impairing (UIh 1–UIh 20) fingerprints from the Bayesian study (HUVEC cell line). Sc denotes
the Bayesian score of the corresponding fingerprints.

HUVEC cell line
In the case of the HUVEC cell line, the fivefold cross-validated
ROC values for the training set and test set are 0.854 and 0.861,
respectively. The ROC plots (Figure 2C,D) have been gener-
ated to justify the internal and external predictability of the
model. The statistical factors sensitivity, specificity, and
concordance are reported in Table 2. The presence of the ali-
phatic anhydride-like fingerprints UPh 9, UPh 10, UPh 17, and
UPh 18 (Figure 4) in the surface modifiers promotes uptake in
the HUVEC cell line (Supporting Information File 1, Figure
S3). As discussed previously, similar fingerprints are also im-
portant for the uptake in the case of the PaCa2 cell line. Further-
more, fingerprints like UPh 13, UPh 14 and UPh 16, having
ester functionality, are also responsible for a higher uptake of
ENMOs in the HUVEC cell line. Fingerprints having a dihydro-
furan-2,5-dione scaffold (UPh 3, UPh 4, UPh 8, and UPh 20) in
the surface modifiers are important for the higher uptake of
ENMOs in the HUVEC cell line, too. This is shown in the case
of surface modifier 30 (Figure S3, Supporting Information
File 1). The presence of fingerprints like UPh 1, UPh 5, and
UPh 7 are also important for the uptake of ENMOs in
the HUVEC cell line as shown in the case of surface modifier
46.

However, fingerprints containing aliphatic amino functionality
(UIh 1, UIh 2, UIh 7, UIh 8, UIh 9, and UIh 11) have a delete-
rious effect on the uptake of ENMOs in the HUVEC cell line,

as demonstrated in in the case of surface modifier 74 (Support-
ing Information File 1, Figure S4). The fingerprints UIh 5,
UIh 10, UIh 13, UIh 15, and UIh 18 with a branched aliphatic
structure have a negative impact on the uptake of ENMOs. As
discussed previously in the case of the PaCa2 cell line, aliphat-
ic alcohol-related fingerprints, such as UIh 12 and UIh 17, also
impair uptake in the HUVEC cell line. Other fingerprints re-
sponsible for impairing uptake in the HUVEC cell line include
UIh 3, UIh 6, and UIh 14. These fingerprints suggest uptake
impairment of ENMOs by the presence of a carboxyl group
with or without amino functionality in the surface modifiers as
shown in Figure S4 (Supporting Information File 1).

U937 cell line
The ROC curves for the U937 cell line are shown in
Figure 2E,F for training and test set separately, and the statis-
tical parameters for the model are shown in Table 2. The
training set has sensitivity = 1.000, specificity = 0.611, and
concordance = 0.841. The test set has sensitivity = 0.841, speci-
ficity = 0.556, and concordance = 0.524. The statistical quality
of the Bayesian classification model for the U937 cell line is
inferior compared to the models for the other cell lines. The
training and test sets have also shown lower ROC scores of
0.682 and 0.565, respectively.

For U937, the Bayesian model also yielded 20 favorable
fingerprints (UPu 1–UPu 20) and 20 unfavorable fingerprints
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Figure 5: Uptake-promoting (UPu 1–UPu 20) and uptake-impairing (UIu 1–UIu 20) fingerprints from the Bayesian study (U937 cell line). Sc denotes
the Bayesian score of the corresponding fingerprints.

(UIu 1–UIu 20) using ECFP_6 fingerprint descriptors, as shown
in Figure 5. The fragments UPu 8–UPu 10 highlight the signifi-
cance of the long aliphatic chain for the increased uptake of
ENMOs as shown in the case of surface modifier 68. The
fingerprints having anhydride functionality, for example, UPu 3,
UPu 11, UPu 13, and UPu 14, are important for the uptake of
ENMOs in the case of the U937 cell line (surface modifier 49 in
Supporting Information File 1, Figure S5). The presence of
dihydrofuran-2,5-dione scaffold-like structures in fingerprints
including UPu 4, UPu 7, and UPu 15 is also important for the
uptake of ENMOs in the U937 cell line (surface modifier 54 in
in Supporting Information File 1, Figure S5). A similar feature
is found to be important also in the case of the HUVEC cell line
as discussed previously. Other fingerprints promoting uptake in
the U937 cell line (UPu 5, UPu 16, and UPu 20) have an ester
functionality (Supporting Information File 1, Figure S5). The
higher uptake of ENMOs with surface modifier 86 is due to the
presence of fingerprints UPu 12 and UPu 18.

The uptake-impairing fingerprints UIu 1, UIu 4, UIu 11, UIu 12,
and UIu 14 indicate the presence of aliphatic alcohol function-
ality. The presence of primary or secondary amino groups
(UIu 2, UIu 5, UIu 8, UIu 9, UIu 10, and UIu 16) also has a nega-
tive impact on the uptake of ENMOs in the U937 cell line as
illustrated in the case of surface modifier 22 (Supporting Infor-
mation File 1, Figure S6).

Other machine learning models
Other classification-based machine learning (ML) models
(RFC, SVC, LDA, and LR) were also developed individually
for the three cell lines (PaCa2, HUVEC, and U937) for the 109
surface modifiers of magnetofluorescent ENMOs. Various
statistical parameters were evaluated for the selection of the best
ML model. Regarding classification-based validation measures
(Table 3), the random forest (RF) model exhibited the highest
performance for the PaCa2 cell line, while the support vector
classifier (SVC) model demonstrated superior performance for
the HUVEC cell line. The linear discriminant analysis (LDA)
model performed best for the U937 cell line. Figure 6A–F
depicts the ROC curves for the compounds in the training and
test sets of each cell line. The best ML model (RF) for the
PaCa2 cell line has fivefold cross-validated ROC values of
0.939 for the training set and 0.818 for the test set, which indi-
cates an acceptable internal and external validation result. The
best ML model (SVC) for the HUVEC cell line has fivefold
cross-validated ROC values of 0.969 for the training set and
0.870 for the test set, indicating that the internal and external
validation result is acceptable. Last, the best ML model for the
U937 cell line (LDA) has fivefold cross-validated ROC values
of 0.735 for the training set and 0.630 for the test set. The
detailed statistical analysis is presented in Table 3. The applica-
bility domain analysis was also performed in order to check the
chemical space of training and test set of surface modifiers of
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Table 3: Validation parameters of the classification-based ML models for PaCa2, HUVEC, and U937 cell line.

Cell line Model Type Set Accuracy Precision Recall F1 score MCCa Cohen’s k AUC-ROCb

PaCa2 RFC training 0.852 0.807 0.980 0.885 0.710 0.684 0.939
test 0.857 0.786 1.000 0.880 0.742 0.710 0.818

SVC training 0.739 0.750 0.823 0.785 0.457 0.454 0.791
test 0.619 0.636 0.636 0.636 0.236 0.236 0.536

LDA training 0.818 0.769 0.980 0.862 0.646 0.607 0.862
test 0.857 0.786 1.000 0.880 0.742 0.710 0.855

LR training 0.830 0.781 0.980 0.870 0.667 0.632 0.874
test 0.857 0.786 1.000 0.880 0.742 0.710 0.873

HUVEC RFC training 0.841 0.780 0.929 0.848 0.695 0.684 0.970
test 0.905 0.917 0.917 0.917 0.806 0.806 0.889

SVC training 0.875 0.816 0.952 0.879 0.761 0.751 0.969
test 0.857 0.909 0.833 0.870 0.716 0.712 0.870

LDA training 0.841 0.792 0.905 0.844 0.690 0.683 0.934
test 0.905 0.917 0.917 0.917 0.806 0.806 0.889

LR training 0.830 0.765 0.929 0.839 0.676 0.662 0.891
test 0.905 0.917 0.917 0.917 0.806 0.806 0.944

U937 RF training 0.739 0.754 0.827 0.789 0.451 0.448 0.744
test 0.619 0.667 0.667 0.667 0.222 0.222 0.611

SVC training 0.693 0.698 0.846 0.765 0.347 0.334 0.687
test 0.667 0.667 0.833 0.741 0.304 0.290 0.630

LDA training 0.716 0.729 0.827 0.775 0.400 0.394 0.735
test 0.667 0.667 0.833 0.741 0.304 0.290 0.630

LR training 0.693 0.698 0.846 0.765 0.347 0.334 0.699
test 0.667 0.667 0.833 0.741 0.304 0.290 0.685

aMatthew’s correlation coefficient; barea under the receiver operating characteristic curve.

Figure 6: Receiver operating characteristic plots of training set (A, C, E) and test set (B, D, F) for the ML-based classification models in the case of
PaCa2 Cell line (A, B), HUVEC (C, D) and U937 (E, F) Cell line.
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Figure 7: SHAP summary plot for the ML-based RFC model (training set) in the case of PaCa2 cell line.

ENMOs. Based on the leverage calculation, surface modifiers
16, 48, 78, 79, 83, 86, and 107 from the training set and 82 from
the test set are outliers for the classification model of the cellu-
lar uptake data for PaCa2 cell line. Similarly, based on the
leverage calculation, surface modifiers 48, 83, 86, and 107 in
the training set and 13, 40, and 109 in the test set are outliers for
the classification model of the cellular uptake data for HUVEC
cell line. For the developed classification model for the U937
cell line, surface modifiers 48, 59, 80, 83, and 97 from the
training set and 10, 82, 95, and 109 from the test set are outliers.

Interpretation of the descriptors of the best ML
based classification models
According to OECD Principle 5 on the validation of QSAR
models, it is very important to give a mechanistic interpretation
of the descriptors that have a significant contribution to the
model output [49]. In the current study, SHapley Additive ex-
Planation (SHAP) analysis was performed on the training
datasets for the three cell lines using the best identified models.
An increased value with a greater spreading from the mean
identify the most important descriptors in the SHAP summary
plot.

PaCa2 cell line
The SHAP summary plot for the classification random forest
model of cellular uptake data of ENMOs in the PaCa2 cell line
is shown in Figure 7. The descriptors nHBDon_Lipinski,
AATS7i, minHsNH2, maxsNH2, maxHBint3, maxHBd,

minHBint3, maxHsOH, maxssO, and minsOH are mentioned in
descending order of importance. The details of the descriptors
along with their definitions are given in Supporting Informa-
tion File 1, Table S2.

nHBDon_Lipinski was identified as the most highly contribut-
ing feature in the developed model for the PaCa2 cell line. The
descriptor nHBDon_Lipinski is associated with Lipinski’s
“rule of five” where “nHBDon” stands for the number of hydro-
gen bond donors present in a molecule [50]. Hydrogen bonds
play an important role in interactions between molecules in
various biological processes. However, for cellular uptake in
the PaCa2 cell line, the contribution of hydrogen bonds has
a negative impact as shown in Figure 7. A higher value of
nHBDon_Lipinski leads to lower chances of cellular uptake of
ENMOs (e.g., 92, 97, and 99). The second significant descriptor
according to SHAP analysis (Figure 7) is AATS7i. The
descriptor AATS7i is an averaged Moreau–Broto autocorrela-
tion of lag 7 weighted by ionization potential. This descriptor
adds the ionization potential with the Moreau–Broto autocorre-
lation to measure the structural and electronic properties of sur-
face modifiers [51] and has a negative impact on the cellular
uptake of ENMOs. For example, in the case of surface modi-
fiers 11, 24, 59, and 97, higher values of the AATS7i descriptor
result in a lower cellular uptake of ENMOs in the PaCa2 cell
line. Conversely, surface modifiers 2, 4, 17, and 20 show higher
cellular uptake of ENMOs in the PaCa2 cell line while having
low values of the AATS7i descriptor. The next descriptor



Beilstein J. Nanotechnol. 2024, 15, 909–924.

919

according to SHAP analysis is minHsNH2, which refers to
the minimum atom-type E-state indices for the amino (–NH2)
hydrogens in a molecule [52]. It is observed that the surface
modifiers 87, 88, 94, and 98, which have a higher value of the
minHsNH2 descriptor, are not suitable as structural modifiers of
ENMOs for the higher cellular uptake in the PaCa2 cell line.
Surface modifiers 8, 17, and 20 cause higher cellular uptake of
the ENMOs in the PaCa2 cell line, and they have a value of
zero for the descriptor minHsNH2. Thus, based on the out-
comes of the previous Bayesian classification model (UIp 10,
UIp 13, and UIp 14 fingerprints in Figure 3) and the current
machine learning analyses (Figure 7), it can be concluded that
the presence of an amino group in the structure of surface modi-
fiers of ENMOs is not conducive to higher cellular uptake in the
PaCa2 cell line. The fourth negatively contributing descriptor in
the model output was maxsNH2. In simple terms, the maxsNH2
value indicates the maximum electronic state value of a single-
bonded NH2 group [53]. It is observed that the structures of sur-
face modifiers 74, 77, and 93 are not suitable for higher cellular
uptake of ENMOs in the PaCa2 cell line because of the in-
creased maxsNH2 values. Conversely, the values of maxsNH2
in compounds 1, 2, and 4 are zero, and these surface modifiers
lead to higher cellular uptake in the PaCa2 cell line. This is also
suggested by our previous Bayesian classification model (UIp 2
and UIp 3 fingerprints in Figure 3). The fifth negatively contrib-
uting descriptor in the model output is maxHBint3 [54]. The
increased maxHBint3 values of surface modifiers 87, 88, and
94 indicate that the latter are not suitable for higher cellular
uptake of ENMOs in the PaCa2 cell line. The descriptor
maxHBd signifies the maximum E-states for (strong) hydrogen
bond donors [55] and contributes negatively to model output
(Figure 7). The next negatively contributing descriptor is
minHBint3. Basically, minHBint3 means the minimum E-state
descriptors of strength for prospective hydrogen bonds separat-
ed by three edges [56]. The negative impact of this descriptor is
reinforced by examining compounds 2, 4, 8, and 14, where the
zero value of the minHBint3 descriptor correlates with higher
cellular uptake of ENMOs in the PaCa2 cell line. The nega-
tively contributing descriptor maxHsOH refers to the maximum
atom-type E-state indices for the hydroxy (–OH) hydrogen in a
molecule [57]. The negative contribution is supported by the
observation of our previous Bayesian classification model
(UIp 12, UIp 15, and UIp 16 fingerprints in Figure 3). The sur-
face modifiers 1, 2, 8, and 17 are characterized by a zero value
of the maxHsOH descriptor and are very much suitable for
achieving higher cellular uptake of ENMOs in the PaCa2 cell
line. The descriptor maxssO denotes the maximum electronic
states of the ether-type oxygen (–O–) present in the structure of
a compound [58]. It has been observed that the surface modi-
fiers 23, 29, and 49, which have a higher value of the maxssO
descriptor, are suitable for the higher cellular uptake of ENMOs

in the PaCa2 cell line. In our previous Bayesian classification
analysis, we identified similar favorable fingerprints (UPp 11,
UPp 12, UPp 13, and UPp 14 fingerprints in Figure 3) for the
cellular uptake of ENMOs in the PaCa2 cell line. The descriptor
minsOH [59] makes a negative contribution to the final ML
model. The descriptor minsOH stands for minimum electronic
state value for the single bonded hydroxy group (–OH) present
in a structure. It has been observed that the surface modifiers
30, 78, and 79, which have a higher value of the minsOH
descriptor, are not suitable for the cellular uptake of ENMOs in
the PaCa2 cell line.

HUVEC cell line
SHAP analysis on the training dataset of the ML-based support
vector classification model for the cellular uptake in HUVEC
cell line was performed for the identification of descriptors
(Supporting Information File 1, Table S3) to the final model
output (Figure 8). Figure 8 shows the important descriptors
ndssC, maxHBd, SsNH2, maxssO, maxsNH2, SRW9, nssO,
and minHsNH2 in descending order.

Descriptor ndssC is recognized as the most contributing
descriptor in the developed model and it denotes the total num-
ber of double bonded carbons present in the structure [60]. The
positive contribution of the descriptor is confirmed by the pres-
ence of maximum double-bonded carbons in the structures (e.g.,
39, 43, and 46), which actively contribute to a higher cellular
uptake of ENMOs in the case of the HUVEC cell line. From the
earlier Bayesian analysis, it was also identified that certain
favorable fingerprints (UPh 2 and UPh 14 fingerprints in
Figure 4) include a double-bonded carbon in the structure for
better cellular uptake.

The descriptor maxHBd indicates the maximum E-States for
(strong) hydrogen bond donors [55] and contributes negatively
to model output (Figure 8). For example, surface modifiers 88,
94, 98, and 100 are not appropriate for increasing the cellular
uptake of ENMOs in the HUVEC cell line, indicated by their
high maxHBd values. The third most contributing descriptor
was SsNH2. In simple terms, the SsNH2 value indicates the
summation value of the electronic state of a single-bonded NH2
group present in a compound [61]. Higher values of SsNH2
have a negative impact on the cellular uptake of ENMOs in the
HUVEC cell line (e.g., 71, 76, 80, and 92). The Bayesian classi-
fication model also revealed that fingerprints UIh 7, UIh 8, and
UIh 9 in Figure 4, containing an NH2 group, are unsuitable as
structural modifiers of ENMOs for higher uptake in the
HUVEC cell line.

The next descriptor that has been identified for its negative
contribution is maxssO. The descriptor maxssO denotes the
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Figure 8: SHAP summary plot for the ML-based SVC model (training set) for the HUVEC cell line.

maximum electronic states of the ether-type oxygen (–O–)
present in the structures of a compound [58]. It has been ob-
served in most of the cases that the surface modifiers 15, 18, 27,
and 37, which have a higher value of the maxssO descriptor, are
not suitable for the higher cellular uptake of ENMOs in the
HUVEC cell line. The fifth negatively contributing descriptor in
the model output was maxsNH2. The maxsNH2 value indicates
the maximum electronic state value of a single-bonded NH2
group [53]. Higher values of maxsNH2 lead to a lower cellular
uptake of ENMOs in the HUVEC cell line (e.g., 1, 2, 14, and
104). The aforementioned observation was previously noted in
the Bayesian classification analysis, where certain unfavorable
fingerprints (UIh 7, UIh 8, and UIh 9 fingerprints in Figure 4)
containing an NH2 group in their structure were identified. The
other descriptors like SRW9 [62], nssO [63], and minHsNH2
have lower contribution in the model for the cellular uptake of
ENMOs in the HUVEC cell line.

U937 cell line
We performed SHAP analysis regarding the U937 cell line, and
the plot is shown in Figure 9. The details of descriptors defini-
tions are explained in Supporting Information File 1, Table S4.

The descriptor SsNH2 is recognized as the most contributing
feature in the developed model. In simple terms, the SsNH2
value indicates the summation value of the electronic state of a
single-bonded NH2 group present in a compound [61]. Higher
values of SsNH2 have a negative impact on the cellular uptake
of ENMOs in the U937 cell line (e.g., 69, 71, and 80). The next,
positively contributing, descriptor is SHsNH2, calculated as the
sum of the atom-type E-state indices for all –NH2 hydrogens in

a molecule [64]. The variable maxsNH2 makes a significant
positive contribution to the model (Figure 9). The descriptor
maxsNH2 refers to the maximum electronic state value for the
single-bonded NH2 group present in a structure [53]. It is
noticed in the cases of surface modifiers 77 and 86 that these
structures are suitable for higher cellular uptake of ENMOs in
the U937 cell line. The descriptor minHsNH2 exhibited a nega-
tive contribution to the final model output. The minHsNH2
descriptor refers to the minimum atom-type E-state indices for
all of the amino (–NH2) hydrogens in a molecule [52]. It is ob-
served that the surface modifiers 94 and 98, which have a
higher value of the minHsNH2 descriptor, are not suitable as
structural modifiers of ENMOs for the higher cellular uptake in
the U937 cell line. The descriptor ETA_dEpsilon_D [65] signi-
fies that surface modifiers containing a higher number of
strongly electronegative atoms (such as N, O, and F) or hydro-
gen bond donor atoms will cause a lower uptake of ENMOs in
the U937 cell line (e.g., 6, 9, and 15). Other descriptors
including maxssO, maxHBd, maxdO, ndO, ndssC, and
nHBDon_Lipinski contribute less to the cellular uptake of
ENMOs in the U937 cell line.

Conclusion
Identifying the surface modifiers of engineered nanostructured
metal oxides (ENMOs) that enhance affinity for certain cell
types while reducing uptake by non-target cells could signifi-
cantly improve the efficacy of targeted therapies and minimize
off-target effects. In this study, classification-based machine
learning models have been created separately using cellular
uptake data from 109 surface modifiers of ENMOs in three cell
lines, namely, PaCa2, HUVEC, and U937, for the identification
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Figure 9: SHAP summary plot for the ML-based LDA model (training set) in the case of the U937 cell line.

Figure 10: Summary of structural features of surface modifiers of ENMOs for the uptake in the PaCa2, HUVEC, and U937 cell line models.

of distinctive fingerprints/descriptors controlling the cellular
uptake in the specific cell line. Significant uptake-promoting
and uptake-impairing fingerprints were identified for different
cell lines based on Bayesian classification studies. The best
machine learning (ML) model for the PaCa2 cell line was the
random forest (RF), which achieved fivefold cross-validated
ROC values of 0.939 for the training set and 0.818 for the test
set, indicating acceptable internal and external validation
results. Similarly, the best-performing ML model for the
HUVEC cell line was support vector classifier (SVC), which

demonstrated fivefold cross-validated ROC values of 0.969 for
the training set and 0.870 for the test set, indicating successful
internal and external validation. Finally, the top ML model for
the U937 cell line, linear discriminant analysis (LDA), yielded
fivefold cross-validated ROC values of 0.735 for the training set
and 0.630 for the test set. The findings revealed distinctive
structural fingerprints associated with the cellular uptake of
nanoparticles in each cell line (Figure 10). For example, the
presence of a hydroxy group in the structures of the surface
modifiers leads to a decrease in the cellular uptake of ENMOs
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in the PaCa2 cell line only. Furthermore, the study also identi-
fies some common structural fingerprints among surface modi-
fiers (Supporting Information File 1, Figures S7–S8) observed
in uptake across multiple cell lines. It is observed from SHAP
analysis that there are three major descriptors (maxsNH2,
maxHBd, and maxssO) identified as common in the three best
ML models developed for the three different cell lines. Having
one or more aliphatic primary amino groups (descriptor
maxsNH2) in the surface modifiers leads to reduced cellular
uptake of ENMOs in both PaCa2 and HUVEC cell lines.
Neither does a higher number of hydrogen bond donating
groups (descriptor maxHBd) in the surface modifiers promote
greater cellular uptake of ENMOs in these cell lines. Addition-
ally, the study highlights that the presence of ether-type oxygen
(descriptor maxssO) in the surface modifier structure may con-
tribute to increased cellular uptake across the three cell lines.
The structural fingerprints/descriptors obtained from the cur-
rent modelling study will be helpful to scientists for the future
design of surface modifiers of nanostructured metal oxides.
This may facilitate a higher therapeutic response by surface
modifier-mediated site-specific targeting to the cell surface re-
ceptors of particular cell types. Further availability of sufficient
and reliable uptake data of ENMOs in other cell types is also
needed for better confirmation of these fingerprints/descriptors
in the design of surface modifiers of ENMOs.
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Abstract
The thermal response of gold and platinum spherical nanoparticles (NPs) upon cooling is studied through atomistic molecular dy-
namics simulations. The goal is to identify the morphological transformations occurring in the nanomaterials as well as to quantify
their dependence on temperature, chemistry, and NP size. For diameters smaller than 3 nm, the transition temperature from a
melted/amorphous to a highly crystalline state varies considerably with NP size. For larger NPs, the transition temperature is almost
diameter-independent, yet it differs considerably from the transition temperature of the respective bulk materials. The platinum NPs
possess a higher level of crystallinity than the gold counterparts under the same conditions because of the stronger cohesive forces
that drive the crystallization process. This observation is also supported by the simulated X-ray powder diffraction patterns of the
nanomaterials. The larger NPs have a multifaceted crystal surface, and their shape remains almost constant regardless of tempera-
ture variations. The smaller NPs have a smoother and more spherical surface, and their shape varies greatly with temperature. By
studying the variation of nano-descriptors commonly employed in QSAR models, a qualitative picture of the NPs’ toxicity and re-
activity emerges: Small/hot NPs are likely more toxic than their large/cold counterparts. Because of the small size of the NPs
considered, the observed structural modifications are challenging to be studied by experimental techniques. The present approach
can be readily employed to study other metallic and metal oxide nanomaterials.

995

Introduction
Nanomaterials, that is, materials with dimensions in the range
of 1–100 nm [1,2], are central to a variety of developments in
science and technology, from medicine and engineering to the

environment and energy. Because of their small size, nanoparti-
cles (NPs) have only been discovered relatively recently, al-
though they have been present in the environment throughout
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earth’s and human history, emerging from various sources in-
cluding biological, anthropogenic, and geological processes [3].
Only a few decades ago, NPs attracted attention because of their
size-dependent chemical and physical properties [4]; nowadays,
they are commercially available and exploited in several sectors
such as optics, automotive, electronics, and healthcare [5,6]. A
notable category of engineered NPs is comprised of metal and
metal oxide NPs, which rank among the highest in production
volume. They have already found widespread applications in
technological advancements such as photovoltaics, catalysis,
gas sensors, fuel cells, and adsorbents [7,8]. This prevalence is
attributable to their distinctive properties, including superpara-
magnetism, piezoelectricity, certain optical characteristics
[9-13], and the enormously high surface-to-volume ratio. These
special properties derive from their small size, rather than their
chemical composition. Given the broad spectrum of possible
applications, NPs have the potential to profoundly influence
society [14].

Despite the numerous studies and advances [15-20], the rational
design of NPs, especially the prediction of their structural modi-
fications in industrial processes, such as rapid heating or cool-
ing, is still hindered by several factors. For instance, observing
NPs under real working conditions remains a challenge for
experimentalists, as the capability to conduct in situ experi-
ments has not yet been fully realized [21]. Experimental
methods, such as confocal microscopy [22], laser light scat-
tering [23], and optical microscopy [24], have provided accu-
rate estimates of nucleation rates and critical nucleation sizes,
but little data have been produced for the sub-micrometer size
regime regarding crystal facet formation and the mechanism of
crystal growth. Moreover, a fundamental prerequisite for NPs is
the consistency in their shape, surface characteristics, and crys-
tallinity. Nevertheless, developing straightforward and widely
applicable approaches to crystallize or melt NPs uniformly,
with precise control, remains a significant challenge [25]. For
instance, it has been shown that atomic stresses at the NP sur-
face are crucial in phase transitions below a certain critical NP
size [26]. Although it is understood that, qualitatively, the sur-
face stress generates an effect comparable to an externally
applied compressive pressure on the NP, a quantitative descrip-
tion is missing. While there have been some promising theoreti-
cal models [27] and in situ observations [28], crucial elements
that can harmonize thermodynamic and kinetic controls remain
unclear at the nanoscale.

The plentiful theoretical efforts to understand and interpret
structural modifications in metals upon thermal treatment can
be traced back to the seminal works of Lindemann [29] and
Pawlow [30]. Recent developments and the current state of the
art have been summarized in the reviews of Mei and Lu [31]

and Alcoutlabi and McKenna [32]. Emphasis has been placed
on relating the melting temperature of a NP to its size by
adapting theories suitable for bulk materials to NPs; examples
include the classical nucleation theory [33], phenomenological
models [34-36], as well as molecular simulations [37-40]. A
molecular dynamics (MD) study of shape transformation and
melting of tetrahexahedral Pt NPs has been carried out by Wen
et al. [41]. Wang et al. employed ab initio MD to describe the
melting of icosahedral Au nanoclusters [42]. The structural and
thermal stability of high-index-faceted Pt NPs was addressed by
Zeng et al. [43]. Similarly, the thermal stability of unsupported
Au NPs was investigated by molecular dynamics [44]. The
strong decrease of the melting point of small Au NPs compared
to bulk Au was quantified by Qiao et al. [45]. Nayebi and
Zaminpayma [46] as well as Shim et al. [47] studied the crystal-
lization of liquid Au NPs. The dependence of the surface energy
of gold NPs on their size and shape was looked into by Holec et
al. [48], while Martin et al. considered silver NPs [49]. A com-
parative study of surface disorder in Au and Ag NPs upon cool-
ing was carried out by Agudelo-Giraldo et al. [50]. Chushak and
Bartell considered the structural modifications upon freezing of
several molten Au clusters consisting of 1157 atoms [51]. Some
light on the microscopic origin of the anisotropic growth of gold
NPs has been cast via molecular dynamics simulations [52]. In
a similar way, Lümmen and Kraska investigated the homoge-
neous nucleation and cluster growth of Pt clusters from super-
saturated vapour [53]. A combined molecular dynamics and
X-ray diffraction analysis of gold NPs has been carried out by
Kamiński et al. [54]. The dynamical stability and vibrational
properties of Pt nanoclusters by ab initio methods were investi-
gated by Maldonado et al. [55]. A comprehensive review of Pt
NPs has been compiled by Quinson and Jensen [56].

The aim of the present work is twofold, namely, (i) to discern
the structural modifications in initially spherical NPs occurring
upon rapid cooling and (ii) to link these modifications to the NP
size, as quantified by the initial diameter, the NP chemical com-
position, and the temperature. To this end, atomistic molecular
dynamics simulations have been performed for gold (Au) and
platinum (Pt) NPs with diameters from 1 to 8 nm for a range of
temperatures. Bulk Au and Pt materials share the same unit cell
of the crystal structure, yet they differ in the strength of their
energy interactions. The morphological changes in the NPs are
measured using both atomic parameters, such as the coordina-
tion number and the Berry parameter, and cluster parameters,
such as the X-ray powder diffraction pattern and the asphericity
parameter. Furthermore, we extract qualitative information
regarding the toxicity and reactivity of these NPs by monitor-
ing the behaviour of nano-descriptors commonly employed
in quantitative structure–activity relationship (QSAR) models
and by measuring the water–NP energetic interactions. The
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Figure 1: Schematic of the computational procedure utilized to generate nanoparticle configurations at various temperatures.

extracted information from our simulations complements exper-
imental techniques by providing insights into phenomena occur-
ring at time and length scales that are challenging to capture ex-
perimentally.

Methods
We performed atomistic MD simulations of spherical Au and Pt
NPs in vacuum and in aqueous media. The considered NP di-
ameters and the number of atoms in each NP are presented in
Table 1. The potential energy of the NPs is described by the
EAM/alloy force field; the parameters proposed by Grochola et
al. [57] for the Au NPs and by O'Brien et al. [58] for the Pt NPs
are adopted. For both force fields, files containing all required
parameters in suitable LAMMPS format have been obtained
from the NIST interatomic potentials repository (https://
www.ctcms.nist.gov/potentials/) [59,60].

Table 1: NP diameters and number of atoms in Au and Pt NPs.

NP diameter (nm) Number of atoms in NP

Au NP Pt NP

1.0 43 32
2.0 249 257
3.0 887 846
4.0 1985 2015
5.0 3925 3918
6.0 6699 6817
7.0 10641 10791
8.0 15707 16149

The initial configurations of the Au (Pt) NPs are constructed
as follows: A supercell consisting of 2048 Au (Pt) atoms is
obtained by replicating the face-centered cubic (FCC) unit cell
8 × 8 × 8 times. The supercell is then simulated for 1 ns in the
canonical (NVT) ensemble at 300 K. The Langevin thermostat
is employed with a coupling time of 0.1 ps. A time step of 1 fs
using the velocity-Verlet integration scheme is used. The
system is subsequently heated to 1400 K (2100 K), that is, the
melting point of bulk Au (Pt), in the isothermal-isobaric (NPT)
ensemble at 101.3 kPa with a constant heating rate of 10 K/ns.
The Langevin thermostat and the Nosè–Hoover barostat [61]
are employed with coupling times of 0.1 and 1.0 ps, respective-

ly. When the heating stage is completed, further equilibration is
performed for 20 ns in the NPT ensemble at 101.3 kPa and
1400 K (2100 K). The final amorphous system is replicated
several times along all three Cartesian coordinates so that a
spherical NP with the desired diameter can be curved out.

Afterwards, the Au (Pt) NPs are placed in vacuum, and the
systems are cooled down to 100 K following the single-step
procedure of Martin et al. [49]. In each step, the temperature is
decreased instantaneously by 100 K, and the systems are
relaxed by performing a MD simulation of 20 ns in the NVT en-
semble. In total, this procedure is employed 13 (20) times for all
Au (Pt) NPs until the temperature reaches 100 K. Configura-
tions are sampled every 10 ps from the last 1 ns of each cooling
step. A schematic of the computational steps to generate the NP
configurations is shown in Figure 1. Although the employed
procedure results in extremely high heating and cooling rates
compared to the experimental ones, it has been shown to yield
representative structures that are in good agreement with the
ones observed via X-ray diffraction for a number of nanomate-
rials such as CuO NPs [62], TiO2 NPs [63], as well as carbon
[64] and Ag [65] nanostructures.

We also simulated Au and Pt NPs in aqueous solutions at
300 K, that is, close to room temperature. The interactions
among the water molecules are described by the SPC/E model
[66]. The interactions among the water molecules and the Au
(Pt) atoms are calculated by the force field of Merabia et al.
[67] (Brunello et al. [68]). The initial configuration of a
hydrated NP is obtained by placing the NP inside a pre-equili-
brated water configuration and removing all water molecules
that are closer than 0.5 nm from any Au (Pt) atom. The result-
ing system is equilibrated for 10 ns in the NPT ensemble at
101.3 kPa and 300 K. The Nosè–Hoover thermostat and baro-
stat are employed with coupling times of 0.1 and 1.0 ps, respec-
tively. After equilibration, a subsequent simulation for 1 ns
takes place in the NPT ensemble at 101.3 kPa and 300 K where
configurations are sampled every 10 ps. All simulations are per-
formed with the LAMMPS code [69], and atomistic configura-
tions are visualized using the Ovito software [70].

The structural modifications occurring in the NPs are identified
by monitoring the temperature variation of atomic and cluster
parameters. One such atomic quantity is the Berry parameter, δ,

https://www.ctcms.nist.gov/potentials/
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which forms a distance–fluctuation criterion to identify first-
order transitions, for example, from liquid to solid phases
[71,72]. It is given by

(1)

where N is the number of atoms in the NP, rij is the distance be-
tween the i-th and the j-th atom and ⟨…⟩t denotes time aver-
aging. A critical value close to 0.05 signifies the occurrence of a
phase transition in a cluster of atoms. Additional atomic param-
eters are the average potential energy, force, and coordination
number per atom. These quantities have also been employed as
descriptors in nano-QSAR models to successfully predict the
toxicity of NPs [73-75]. The average force per atom, f, is com-
puted as  where Fk is the k-th Cartesian
component of the force vector F. The coordination number of
an atom is defined as the number of its neighbouring atoms that
lay within a given distance. For the Au (Pt) atoms, a distance of
0.32 (0.30) nm is used. Additionally, every atom is assigned to
a structural type matching a known crystal form (FCC, body-
centered cubic (BCC), hexagonal close-packed (HCP), icosahe-
dral, or amorphous) based on the Ackland–Jones bond-angle
method [76] as implemented in Ovito.

One of the employed cluster parameters is the surface area-to-
volume ratio of a NP. The surface area is calculated by the
alpha-shape method with a probe sphere radius of 0.3 nm [77]
as available in Ovito [70]. The volume is determined by per-
forming a Delaunay tessellation on the atomistic configuration
and summing up the volumes of the resulting tetrahedra. The
tessellation is carried out using the Qhull library [78]. The
shape of a NP is quantified by the asphericity, b, the acylin-
dricity, c, and the relative shape anisotropy, κ2, parameters [79].
Let  denote the eigenvalues of the gyration
tensor. The shape parameters are given by:

(2)

(3)

(4)

Complementary information regarding the NP morphology is
obtained from simulated X-ray powder diffraction patterns as

determined by Debye functional analysis [80]. The intensity of
the diffracted coherent radiation, I, is given by

(5)

where β = 2sin(θ)/λ, λ is the wavelength of the incident radia-
tion, and 2θ is the scattering angle. The scattering functions g
are computed using the expressions proposed by Cromer and
Mann [81]. A λ value of 0.15418 nm is employed, representing
Cu Kα radiation. Python codes to compute the Berry parameter
and the X-ray powder diffraction pattern of a NP are available
at https://github.com/evoyiatzis/Jupyter-Notebooks.

Results and Discussion
The radial number density distributions in selected Au and Pt
NPs for two temperatures are shown in Figure 2. The NP
diameters are 2 nm (Figure 2a,c) and 8 nm (Figure 2b,d). The
considered temperatures for the Au NPs (Figure 2a,b) are 100 K
(blue line) and 1200 K (orange line), while, for the Pt NPs
(Figure 2c,d), they are 100 K (blue line) and 1800 K (orange
line). Regardless of chemical composition and NP diameter, the
number density distributions at high temperatures are similar,
and their shape is typical of liquid and amorphous materials.
They have two pairs of peaks and valleys, which correspond to
the first and second coordination shells. For the Au NPs, the
peaks are located at 0.275 nm and multiples of this distance,
while, for the Pt NPs, they lie at roughly 0.250 nm and its multi-
ples. For long distances, the number density distribution reaches
a plateau value, which implies that, for sufficiently large dis-
tances, the atoms are uniformly distributed in the NP. Thus,
there is no persistent structural feature present in the materials.
The number density distribution for the two large NPs at 100 K
is characterized by sharp and well-separated peaks, which is a
telltale sign of the existence of crystal domains in the NPs. The
positions of the peaks in the Au NPs are located at slightly
greater distances than in the Pt NPs because of the shorter
dimensions of the Pt unit cell. For the small NPs at 100 K, new
peaks have emerged in the number density distribution, but they
are not as sharp as in the case of the large NPs. Moreover, the
height of the peaks is much smaller compared to those for the
large NPs. This feature reflects a lower degree of crystallinity
for the small relative to the large NPs and the fact that the nano-
materials are in a supercooled amorphous, and not liquid, state.

The temperature dependence of the Berry parameter, δ, of the
Au and Pt NPs is shown in Figure 3a and Figure 3b, respective-
ly. The NP diameters vary from 1 to 8 nm. The Berry parame-
ter quantifies the mobility of the atoms in the NPs by measuring
the spatial fluctuations around their mean atomic position. In all

https://github.com/evoyiatzis/Jupyter-Notebooks
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Figure 2: Radial number density in Au (panels a and b) and Pt (panels c and d) NPs as a function of the distance measured relative to a chosen
reference atom. The NP diameters considered are 2 nm (panels a and c) and 8 nm (panels b and d). The temperatures of the Au NPs are 100 K (blue
line) and 1200 K (orange line). The temperatures of the Pt NPs are 100 K (blue line) and 1800 K (orange line).

Figure 3: Temperature dependence of the Berry parameter of Au (panel a) and Pt (panel b) NPs. The NP diameters range from 1 to 8 nm.
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Figure 4: Temperature variation of the percentage of amorphous atoms (panels a and b) and FCC atoms (panels c and d) for Au (panels a and c) and
Pt (panels b and d) NPs. The NP diameters range from 1 to 8 nm.

cases, δ becomes larger with increasing temperatures. For the
Au NPs with a diameter larger than 2 nm, a sharp drop in the δ
curves takes place between 1000 and 1100 K; the δ value
becomes smaller than the critical value of 0.05, and a first-order
transition is identified. The temperature where the transition
occurs is approximately 200 K smaller than the melting temper-
ature of bulk crystalline Au, which is close to 1100 K. This
difference stems from the higher mobility of the Au atoms in a
finite-size cluster placed in vacuum compared to the atomic
mobility in a dense crystal/amorphous bulk material. For the Au
NP with a diameter of 2 nm, a similar steep drop takes place at
even lower temperatures of 500 and 600 K. This large shift in
the transition temperature indicates that the NP diameter of
2 nm is smaller than a critical size that would yield a behaviour
comparable to bulk Au. For the last case of Au NPs with a di-
ameter of 1 nm, we observe a smooth δ curve, and the critical δ
value is reached at approximately 300 K. A similar behaviour is
observed for the Pt NPs. For all Pt NPs with diameter larger
than 2 nm, a phase transition is identified between 1200 and
1300 K. The difference between the melting temperature of
bulk Pt, which is close to 2100 K, and 1200 K is much larger
than the respective temperature difference in the Au case. This
can be attributed to the lower cohesive energy of the Au unit
cell compared to the Pt unit cell. Although both Au and Pt share
the same FCC structure, the cohesive energy is larger in Pt;
thus, the restoring forces to the equilibrium crystal positions are

stronger. This is also supported by the findings shown below in
Figure 6. The transition temperature is lowered to 900 and
300 K for the NPs with diameters of 2 and 1 nm, respectively.
The δ curve becomes smooth for the NP with a diameter of
1 nm akin to the Au case.

Furthermore, we utilized the Ackland–Jones method to esti-
mate the degree of crystallinity of each NP and monitor the
crystallization process (Figure 4). The temperature dependence
of the percentage of identified atoms belonging to an amor-
phous (Figure 4a,b) and to an FCC (Figure 4c,d) domain is
shown for the Au (Figure 4a,c) and Pt (Figure 4b,d) NPs. The
NP diameters range from 1 to 8 nm. We note that, for both Au
and Pt NPs, the sum of the two percentages is not equal to
100%. The reason is that a small proportion of the atoms are
classified as atoms belonging to alternative structures, that is,
BCC, HCP, or icosahedral structures. These structures should
be considered as intermediate unstable states or as grain bound-
aries of the thermodynamically stable FCC domains in the NPs.
In all cases, the percentage of FCC atoms at high temperatures
is almost zero, and the amorphous atoms have the highest abun-
dance. This observation supports the assumption that the NPs
have been fully melted and there are no remnants of the initial
FCC structure. With the exception of the NPs with a diameter of
1 nm, the percentage of FCC atoms exhibits a strong increase
when the transition temperature is reached, which is coupled to
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Figure 5: Temperature dependence of the average atomic coordination number for Au (panel a) and Pt (panel b) NPs. The NP diameters range from
1 to 8 nm.

a rapid decrease in the fraction of amorphous atoms. The transi-
tion temperature in each case is the same as the one identified
by monitoring the Berry parameter. For the NPs with a diame-
ter of 1 nm, there is a very weak dependence of both amor-
phous and FCC atoms on the temperature, and the fractions of
FCC atoms are close to zero. This finding supports the idea that
the smallest NPs are supercooled amorphous nanomaterials
with no persistence of any structural features. For a given diam-
eter, the final percentage of FCC atoms in Pt NPs is always
higher than the one in Au NPs. This observation could be attri-
buted to the higher cohesive energy of the Pt unit cell com-
pared to the Au unit cell and the stronger interactions between
Pt atoms than between Au atoms. Moreover, there is a stronger
dependence of the number of FCC atoms on the NP diameter.
Indirect evidence of the crystallization taking place in the NPs
is provided by the visualizations shown in Figure S1 and Figure
S2 of Supporting Information File 1. Snapshots of Au and Pt
configurations with diameters of 2 and 8 nm are presented. A
simple visual inspection confirms the formation of a multifac-
eted crystal surface at low temperature, while a smoother and
uniform surface is seen at high temperature.

The temperature dependence of the average coordination num-
ber as a function of the NP diameter is shown in Figure 5 for the
Au (Figure 5a) and Pt (Figure 5b) NPs. We observe that an
increase in temperature results in a smaller coordination num-
ber. The temperature dependence is more pronounced for the
NPs with diameters larger than 2 nm. For these NPs, an abrupt
reduction of the coordination number occurs close the transi-
tion temperature identified by the Berry parameter. The most
stable crystal unit cell for both bulk materials under relevant

conditions is the FCC structure [82] with a lattice constant of
0.4065 nm for Au and 0.3912 nm for Pt, that is, the latter being
slightly shorter. The coordination number in an FCC unit cell
without defects and for cutoff distances somewhat larger than
the lattice constant is 12. Thus, for the lower temperatures
considered, such as 100 K, the atoms exhibit preferably the
equilibrium FCC structure, and the coordination number tends
to the theoretical value of 12. Additionally, an increase in tem-
perature leads to less dense NPs, as indicated by the number
density variation in Figure 2, and in greater spatial fluctuations
from the lattice positions dictated by the FCC structure. More-
over, the formation of crystal structures such as BCC and HCP,
which have a lower density than FCC, becomes less energetical-
ly prohibitive. When focusing on the morphology of the NPs,
the coexistence of several small crystal domains interconnected
via amorphous grain boundaries is favoured at higher tempera-
tures, while the crystallization process at lower temperatures
leads to larger crystal domains with smaller boundaries as
pointed out in Figure 4.

The temperature dependence of the average potential energy of
an atom as a function of the NP diameter is shown in Figure 6
for the Au (Figure 6a) and Pt (Figure 6b) NPs. The NP diame-
ters range from 1 to 8 nm. The temperature dependence of bulk
FCC Au and Pt crystals is also included in the panels. We
observe that the magnitude of the potential energy becomes
greater with increasing NP diameter or with decreasing temper-
ature. For the NPs with a diameter larger than 1 nm, a signifi-
cant decrease in the potential energy occurs, which is another
manifestation of a first-order phase transition. When comparing
Au NPs with Pt NPs with the same diameter and at the same
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Figure 6: Temperature dependence of the average potential energy per atom for Au (panel a) and Pt (panel b) NPs and bulk FCC crystals. The NP
diameters range from 1 to 8 nm and increase from top to bottom. The last curve corresponds to the bulk FCC crystals.

temperature, we observe that the potential energy is higher in
the case of Pt. It reflects that Pt crystal structures have a higher
cohesive energy than the respective Au ones [82] and that amor-
phous Pt materials have a greater density than Au ones. The
NPs with 1 nm diameter have qualitatively the same tempera-
ture dependence as the bulk materials, that is, a proportional
linear relationship can be seen. This behaviour suggests that the
NPs do not undergo any phase transition in the considered tem-
perature range; this is similar to their bulk counterparts, which
display only one stable phase. The dependence of the potential
energy on the NP diameter is more pronounced for the smaller
NPs considered, while an almost marginal difference between
the NPs with 7 and 8 nm is noted. Nevertheless, the gap be-
tween the NP with 8 nm diameter and the bulk material is large
enough to suggest that finite-size effects as well as geometrical
deviations from a flat surface are strong for the considered di-
ameters.

With the knowledge of the coordination number and the poten-
tial energy per atom at hand, we can utilize our in-house QSAR
model [75] to assess qualitatively the effect of temperature and
NP size on toxicity. Although the model has been trained on
data for Ag, TiO2, and CuO NPs, its applicability to Au and Pt
NPs is justified since Ag, Au, and Pt are pure metallic NPs and
the corresponding bulk materials crystallize in FCC structures
where only the lattice spacing differs. We observe that the small
NPs at high temperatures have a larger score than the larger
ones at lower temperatures. The classification of the adverse
effects is “high” for the former and “low” for the latter ones.
The critical NP size for the classification is 4 nm for both Au
and Pt NPs.

The last atomic quantity we are exploring is the mean force
applied to an atom. The temperature dependence of this parame-
ter as a function of the NP diameter is shown in Figure 7 for Au
(Figure 7a) and Pt (Figure 7b) NPs. The mean force becomes
greater when the temperature is raised or the NP diameter is in-
creased. For a fixed NP diameter, a temperature reduction
results in smaller spatial fluctuations, expanded in size and
number of crystal zones, as well as more ordered NP configura-
tions that are closer to FCC structures. Thus, the required
restoring forces exerted on each atom to bring the NP to a
single-domain equilibrium crystal become smaller. Contrary to
the potential energy and the coordination number cases, there
are discontinuities in the mean force–temperature curves. A
smooth phenomenological relationship between the mean force
and the square root of the temperature can be derived from the
plotted data in both Au and Pt case. The dependence of the
mean force on the NP diameter appears to weaken for larger
sizes in the Au case, while it becomes stronger in the Pt case.

One common measure of surface roughness, as well as a proxy
to NP reactivity, is the surface area-to-volume ratio [83]. Its
variation with the NP diameter for Au (blue line) and Pt (orange
line) NPs at 100 K is shown in Figure 8. In general, it is ex-
pected to be inversely proportional to  where N is the num-
ber of atoms in the NP. Indeed, the observed trends are in accor-
dance with this intuitive scaling law. There are only limited
differences between the Au and Pt NPs; the most notable one is
for the smallest NPs with 1 nm diameter. The temperature de-
pendence of the surface area-to-volume ratio for all NP diame-
ters is presented in Figure S3 of Supporting Information File 1.
Despite the phase transitions that the NPs undergo, the tempera-
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Figure 7: Temperature dependence of the magnitude of atomic force for Au (panel a) and Pt (panel b) NPs. The NP diameter ranges from 1 to 8 nm.

Figure 8: Variation of the surface area-to-volume ratio with the NP diameter for Au (blue points) and Pt (orange points) NPs. The temperature is
100 K.

ture dependence is weak, and a temperature increase leads to
marginally higher ratios. As a conclusion, the dependence of the
surface area-to-volume ratio on the NP diameter is consider-
ably stronger than on the temperature of the NP.

The modifications in the shape of the NPs are tracked by the
asphericity, acylindricity, and shape anisotropy parameters. The
temperature dependence of these three parameters for the Au
and Pt NPs with diameters of 1 nm (i.e., the smallest NPs) and
8 nm (i.e., the largest NPs) is shown in Figure 9. All three pa-

rameters span from zero to one. If the shape of a NP has a
spherical (tetrahedral) or higher symmetry, then the parameters
are equal to zero. In the case of a cylindrical symmetry, that is,
the symmetry that a rigid-rod NP possesses, the acylindricity is
zero, while the relative shape anisotropy is one. We observe a
distinct behaviour of the small NPs compared to the large ones.
In the latter case, the variation in the shape is weak, and minor
changes occur only near the transition temperature identified by
the Berry parameter. The actual values are close to zero, signi-
fying a slightly deformed spherical shape, which is also con-
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Figure 9: Temperature dependence of the asphericity (panel a), acylindricity (panel b), and shape anisotropy (panel c) parameters for the Au and Pt
NPs with diameters of 1 and 8 nm.

firmed by the atomistic configurations visualized in Figure
S1(C,D) and Figure S2(C,D) in Supporting Information File 1.
The slight increase in the asphericity parameter can be attri-
buted to the formation of a crystallized external surface, which
deviates from the curved amorphous surface structure above the
transition temperature. In the case of the small Pt NPs, the pa-
rameters are proportional to the temperature and vary from
values close to zero at 100 K, implying a spheroid, to values
close to 0.1 or higher, implying an irregular NP form. In the
case of the small Au NPs, a significant variability of the shape
parameters with temperature is observed around the mean
values of 0.11, 0.07, and 0.02 for, respectively, asphericity,
acylindricity and relative shape anisotropy. These findings are
also supported by the visualizations in Figure S1(A,B) and
Figure S2(A,B). The differences between the small and the
large NPs can be attributed to the higher cohesive energies of
the latter.

The simulated X-ray powder diffraction patterns of selected Au
and Pt NPs at two temperatures are shown in Figure 10. The NP
diameters are 1 nm (Figure 10a,c) and 8 nm (Figure 10b,d). The
considered temperatures for the Au NPs (Figure 10a,b) are
100 K (blue line) and 1200 K (orange line), while, for the Pt
NPs (Figure 10c,d), they are 100 K (blue line) and 1800 K
(orange line). Similar to the number density distribution, the ob-
tained diffraction pattern predictions at high temperature share
the same characteristics regardless of the NP diameter and the
chemical constitution. We observe two pairs of peaks and
valleys, which are rather broad and relatively wide. For the Au
NPs, the peaks are located at roughly 40° and 78°, for the Pt
NPs at approximately 41° and 76°. These peaks appear also in
diffraction patterns of bulk Au and Pt materials [81]. There are
no persistent features in the diffraction patterns, such as peaks
at multiples of characteristic length scales, and the profiles vali-
date the notion that the NPs are amorphous. The diffraction
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Figure 10: Simulated X-ray powder diffraction patterns of Au (panels a and b) and Pt (panels c and d) NPs. The NP diameters considered are 1 nm
(panels a and c) and 8 nm (panels b and d). The temperatures of the Au NPs are 100 K (blue line) and 1200 K (orange line). The temperatures of the
Pt NPs are 100 K (blue line) and 1800 K (orange line).

patterns of the small NPs at 100 K are still similar to each other.
They are also analogous to the patterns at high temperature,
however, the peaks have become sharper, and a third distinct
peak at roughly 135° is clear now. These findings support the
idea that the small NPs are primarily amorphous, which can be
confirmed by inspecting the temperature dependence of the
Berry parameter. Much more pronounced differences are seen
in the diffraction patterns of the large NPs at 100 K. These NPs
have a high degree of crystallinity leading to multiple distinct
peaks in their diffraction patterns. Differences between the Au
and the Pt NPs are also noticeable since Au and Pt do not have
the same crystallization pathways. The two peaks observed at
high temperature are still present but much sharper. The new

peaks in the Au (Pt) pattern are consistent with the peaks
spotted at 63.032° (66.502°) and 111.486°–129.757°
(115.343°–120.212°) in the pattern of a periodic bulk Au (Pt)
FCC unit cell.

In Figure 11a, the variation of the surface energy as a function
of the NP diameter for Au and Pt NPs at 300 K is shown. This
quantity offers an assessment of comparative stability and
potential reactivity. The surface energy is determined by
subtracting the potential energy of the equivalent bulk structure,
for the same number of atoms, from the configuration energy of
the NP. The resulting value is then divided by the surface area
of the NP [84]. In general, a high value of the surface energy in-
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Figure 11: Variation of the average surface energy (panel a) and water–NP energy (panel b) with the NP diameter. The simulations have been per-
formed at 300 K and 101.3 kPa.

dicates a high potential for reactivity. We observe that the sur-
face energy decreases with bigger NP diameters. Thus, the
lesser structured amorphous spherical surfaces of the small NPs
have a higher potential reactivity than the more organized crys-
talline multifaceted surfaces of the large NPs. This is in agree-
ment with previous findings for Ag NPs with a similar diame-
ter range [49]. It should be noted that the considered variations
in the NP size are rather subtle and below detection for current
analytical capabilities [85]. There are slight disparities between
Au and Pt NPs of the same diameter, indicating that reactivity
differences are expected to be limited. The surface energy of the
NPs can be lowered by resorting to thiolate protection of the
surface or by making use of other passivating agents. In Figure
S4 of Supporting Information File 1, we provide the tempera-
ture variation of the surface energy for Au and Pt NPs with NP
diameters from 1 to 8 nm. The dependence on the temperature
is much less pronounced than the dependence on the NP diame-
ter. In Figure 11b, the variation of the water–NP potential
energy with the NP diameter for Au and Pt NPs at 300 K is
shown. In most applications, NPs suspended in biological fluids
and aqueous solutions can serve as a proxy system that is easy
to control [86]. The NPs are either bare or coated with a corona,
the coverage of which may fluctuate, again leaving the NP sur-
face exposed to the solvent [87]. Thus, it is important to investi-
gate the water–NP energetic interactions. A quadratic depen-
dence of the water–NP potential energy on the diameter is iden-
tified; it is related to the scaling of the available NP surface for
interactions with the surrounding water molecules with their di-
ameter. Although both Au and Pt NPs interact favourably with
the water solvent, the interactions are much stronger for the Pt

NPs compared to the Au NPs. Therefore, the expected struc-
tural modifications and potential partial oxidation in the Pt case
are going to be stronger than in the Au case. Although partial
oxidation can be addressed directly via molecular simulations
by means of reactive force fields [88], the size of the systems
and the number of contained molecules render such an ap-
proach almost computationally unattainable.

Conclusion
In the present simulation study, we focused on the thermal be-
haviour of Au and Pt NPs experiencing rapid cooling. Both Au
and Pt bulk materials share the same FCC unit cell structure.
The primary goal was to discern the morphological changes
occurring in the NPs. An additional aim was to quantify the in-
fluence of temperature, chemical composition, and NP size on
these transformations. The NPs were initially spherical, with di-
ameters ranging from 1 to 8 nm, and melted. Because of the
small size of the NPs under consideration, the structural modifi-
cations observed pose challenges for experimental techniques.
The adopted approach can be readily applied to investigate
other metallic and metal oxide nanomaterials.

Relatively large NPs, with a diameter greater than 3 nm, exhib-
it a transition temperature from a melted/amorphous state to a
highly crystalline one that is nearly independent on the NP di-
ameter. Nevertheless, it notably differs from the corresponding
temperature observed for the bulk materials. The transition tem-
perature varies significantly with size for NPs with diameters
below 3 nm. Comparing Au and Pt NPs, the latter exhibit a
higher degree of crystallinity under similar conditions, as
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revealed by the Ackland–Jones parameter and the atomic coor-
dination number. This behaviour is attributed to the stronger
cohesive forces driving the crystallization process; this is sup-
ported by inspecting the atomic potential energy and atomic
forces in the NPs. Moreover, the simulated X-ray powder
diffraction patterns of the nanomaterials show the formation of
crystalline phases at low temperatures with the same diffraction
patterns as the bulk materials. Large NPs present a multifaceted
crystal surface, maintaining a nearly constant shape despite
temperature fluctuations. In contrast, small NPs feature a
smoother surface, while their shape varies considerably with
temperature as quantified by the acylindricity and asphericity
shape parameters. Indirect evidence of NP toxicity and reactivi-
ty was obtained by examining surface quantities such as the
potential energy of surface atoms, the water–NP surface energy,
and some descriptors that are commonly used in nano-QSAR
(quantitative structure-activity relationship) models. The toxici-
ty and reactivity are expected to be inversely proportional to the
NP size but proportional to the temperature, with the former
showing a more pronounced effect. Based on our results, the Pt
NPs are predicted to be more reactive than the Au NPs.

Supporting Information
The file contains four figures. The first two are
visualizations of Au and Pt NPs with varying temperature
and diameter. The third figure depicts the temperature
dependence of surface area-to-volume ratio for Au and Pt
NPs. The temperature dependence of the average surface
potential energy per atom for Au and Pt NPs is shown in
the last figure.

Supporting Information File 1
Additional figures.
[https://www.beilstein-journals.org/bjnano/content/
supplementary/2190-4286-15-81-S1.pdf]
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Abstract
Metal oxide nanoparticles (MONPs) are widely used in medicine and environmental remediation because of their unique properties.
However, their size, surface area, and reactivity can cause toxicity, potentially leading to oxidative stress, inflammation, and cellu-
lar or DNA damage. In this study, a nano-quantitative structure–toxicity relationship (nano-QSTR) model was initially developed to
assess zebrafish toxicity for 24 MONPs. Previously established 23 first- and second-generation periodic table descriptors, along
with five newly proposed third-generation descriptors derived from the periodic table, were employed. Subsequently, to enhance
the quality and predictive capability of the nano-QSTR model, a nano-quantitative read across structure–toxicity relationship (nano-
qRASTR) model was created. This model integrated read-across descriptors with modeled descriptors from the nano-QSTR ap-
proach. The nano-qRASTR model, featuring three attributes, outperformed the previously reported simple QSTR model, despite
having one less MONP. This study highlights the effective utilization of the nano-qRASTR algorithm in situations with limited data
for modeling, demonstrating superior goodness-of-fit, robustness, and predictability (R2 = 0.81, Q2

LOO = 0.70, Q2
F1/R2

PRED =
0.76) compared to simple QSTR models. Finally, the developed nano-qRASTR model was applied to predict toxicity data for an
external dataset comprising 35 MONPs, addressing gaps in zebrafish toxicity assessment.

1142

Introduction
Nanomaterials, which are defined as materials that fall in the
range of 1–100 nanometers two-dimensionally, are commonly
used in the fields of biomedicine, catalysis, and electricity

because of their stable and unique performance, small size, and
large surface area [1]. Nanomaterials encompass a range of
substances that can be categorized as carbon-based, metal
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oxides, semiconductors, polymers, clays, emulsions, or metals
[2]. Metal oxide nanoparticles (MONPs) are metallic oxides
that exist within the nanoscale range and can be intentionally
created or occur naturally [3]. Under the rapid development of
nanotechnology, more and more MONPs including zinc, iron,
titanium, and copper are being explored in therapeutic applica-
tions such as drug delivery, bioimaging, biosensing, bioelec-
tronics, and tissue engineering applications [4-6]. Simultaneous-
ly, many of these particles also presented strong antibacterial,
antifungal, antidiabetic, antioxidant, anticancer, and photocata-
lytic activities [7-9]. Besides the medical field, they are also
commonly used in commercial products such as fuel cells and
plastics, and environmental applications such as analysis,
sensing, remediation, and amendments. However, it is concern-
ing that the environment is affected because of the enormous
production and inadvertent use of nanomaterials.

Nanoparticles have been identified in wastewater streams,
drinking water sources, and tap water in amounts ranging from
nanograms to micrograms per liter [10]. Also, it was reported
that MONPs have been found in human tissues such as brain,
heart, and liver [11] and that occupational exposure to metal
oxide nanomaterials increased oxidative stress biomarkers,
suggesting potential DNA oxidative damage and lipid peroxida-
tion [12]. Given the limited data available from human studies,
researchers have turned to zebrafish and their embryos for toxi-
cological investigations. Zebrafish embryos are commonly used
to identify environmental heavy metal pollution [13]. As a
multicellular organism, zebrafish can offer more comprehen-
sive insights into nanomaterials’ kinetics, migration, and trans-
formation than in vitro cell culture assays [14]. Meanwhile, it is
considered an equivalent model for investigating develop-
mental toxicity and genotoxicity because around 85% of its
genes are comparable to those found in humans [15].

The potential harm to human health posed by newly created
MONPs, particularly those used in biomedical applications,
necessitates the implementation of safety-by-design strategies
for these materials. The potential to lower development time-
frames, costs associated with experiments, and late-stage attri-
tion, in addition to ethical, societal, and regulatory pressures to
minimize animal testing, make it worthwhile to create computa-
tional models that can accurately predict the toxic hazard of
novel MONPs before experimental testing and, ideally, before
synthesis, based on the intrinsic, synthesis-controlled properties
of the MONPs [16-18]. Over the years, QSAR/QSPR/QSTR
techniques have been employed to establish correlations be-
tween various characteristics of nanomaterials and their toxici-
ty [19-23]. Nano-quantitative read-across structure–toxicity
relationship (nano-qRASTR) models are an advanced approach
that builds upon the principles of nano-quantitative

structure–toxicity relationship (nano-QSTR) models. These
models integrate read-across techniques with traditional quanti-
tative structure–activity relationship (QSAR) methods to en-
hance the predictive capabilities, particularly in datasets with
limited data points [19].

Using quantum chemical descriptors, researchers have created
several models to evaluate the toxicity of MONPs to different
species covering multiple endpoints, and their work has pro-
duced significant and trustworthy findings [24-27]. However,
significant computational resources and time are needed for the
usage of quantum descriptors for modeling purposes. Not only
that, but the reproducibility of quantum descriptors is also an
issue because of the usage of different quantum methods and
basis sets [28,29]. In contrast, periodic table descriptors were
derived or directly obtained from the periodic table. They were
able to produce models that were comparable to, or even better
than, those of quantum-based descriptors in many cases [30-32],
which in turn helped to reduce the amount of time needed for
computation followed by without using any computational
resources.

However, the periodic descriptors of the previous first and
second generations have their limitation such as being unable to
deal with the influential observations that exist in the present
dataset. In this study, we have proposed five third-generation
periodic table descriptors along with the application on
modeling enzyme inhibition of the zebrafish hatching enzyme
ZHE1 with the nano-qRASTR approach to improve the model
quality, predictability, and reliability significantly.

Materials and Methods
Dataset
The percentage decrease in enzymatic activity expressed in the
form of enzyme inhibition to zebrafish in % (%EIzebrafish) of the
zebrafish hatching enzyme (ZHE1) of 24 MONPs is utilized for
the modeling study [33]. The experimental data (%EIzebrafish)
ranged from −1.04 (Co3O4) to 44.72 (Cr2O3).

Descriptor calculation
Models were developed based on the fundamental properties of
these metal oxides that can be obtained from the periodic table.
A total of 28 periodic table descriptors were utilized for nano-
QSTR followed by nano-qRASTR modeling. The list of all
derived descriptors along with their meaning and symbol is
given in Table 1. Periodic table descriptors offer the advantage
of rapid acquisition without the need for extensive calculations
or software utilization, unlike quantum chemical descriptors. In
our earlier work, we have proposed seven and sixteen descrip-
tors, which were classified as first- and second-generation peri-
odic table descriptors, respectively [31,34]. In this study, we
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Table 1: List of periodic table descriptors used for model development.

No. Generation Mathematical expression Description

1 first generation MW molecular weight of the metal oxide
2 Nmetal number of metal atoms per molecule
3 Noxy number of oxygen atoms per molecule
4 χ metal electronegativity
5 ∑χ total metal electronegativity in the specific metal oxide
6 ∑χ/nO total metal electronegativity in the specific metal oxide relative to the

number of oxygen atoms
7 χox oxidation number of the metal

8 second generation Zmetal atomic number of the metal
9 Zv

metal number of valence electrons of the metal
10 PNmetal period number of the metal
11 λ = (Zmetal − Zv

metal)/Zv
metal core environment of the metal, defined by the ratio of the number of

core electrons to the number of valence electrons
12 μ = 1/(PNmetal − 1) —
13 Vmetal valence of the metal
14 αmetal = λ·μ —
15 ∑αmetal = αmetal·Nmetal —
16 ∑αoxy = Noxy·0.33 —
17 ∑α = ∑αmetal + ∑αoxy core count, gives a measure of the molecular bulk
18 εmetal = −αmetal + (0.3·Zv

metal) electronegativity count of the metal
19 εoxy = −αoxy + (0.3·Zv

oxy) electronegativity count of oxygen
20 ∑ε = εmetal·Nmetal + εoxy·Noxy total electronegativity count of the metal oxide
21 ∑ε/N summation of epsilon relative to the number of atoms in the molecule
22 (∑α)2 square of summation of alpha, gives a measure of molecular bulk
23 (∑ε/N)2 summation of epsilon divided by the number of atoms squared

24 third generation a0 atomic radius of the metal (pm)
25 rion crystal ionic radius of the metal (pm)
26 dmetal density of the metal (g/cm3)
27 Ea electron affinity (eV)
28 I1 first ionization energy of the metal (eV)

have proposed five more periodic table descriptors, termed
third-generation periodic table descriptors. These are atomic
radius, crystal ionic radii, density of the metal, electron affinity,
and ionization energy. The atomic radius is a fundamental prop-
erty that influences many physical and chemical characteristics
of an element. In the context of nanoparticles, the size of the
metal atoms directly affects the overall size and surface area of
the nanoparticles, which are critical factors in their reactivity
and interaction with other materials. The ionic radius is essen-
tial for understanding the metal’s behavior in different oxida-
tion states. This is particularly relevant in nanoparticle chem-
istry, where redox reactions are common. The density of a metal
is a macroscopic property that influences the mass and volume
of nanoparticles. Electron affinity measures the energy change
when an electron is added to a neutral atom, reflecting the ten-
dency of the metal to gain electrons. The first ionization energy

is the energy required to remove the outermost electron from a
neutral atom, which is a critical factor in determining the
metal’s reactivity and stability. For the present study, descrip-
tors of all three generations are computed and employed for
modeling. All descriptor values can be found in Supporting
Information File 1. Also, an example calculation of all descrip-
tors for Al2O3 is given in Supporting Information File 1.

Splitting of the dataset
The selection of training and test sets was based on the prin-
cipal component analysis score with guaranteed uniform distri-
bution, as we previously reported [34]. In this study, we used
the same dataset-splitting method. In our previous study, we re-
moved compound CoO because of outlier behavior that signifi-
cantly impacted our model quality. However, as we have pro-
posed five new third-generation periodic table descriptors for
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modeling, in the present study we have included CoO to check
the modeling, as well as the prediction capability, of the newly
introduced descriptors along with the existing ones. The details
of training and test sets can be found in Supporting Information
File 1.

nano-QSTR model development
The best subset selection (BSS) approach was used to identify
the optimal combination of descriptors. The BSS tool can be
accessed at https://teqip.jdvu.ac.in/QSAR_Tools/. It systemati-
cally evaluates all possible subsets of descriptors to determine
the best combination based on a specified criterion, providing a
comprehensive search for the most predictive model. This
method was preferred over stepwise regression analysis through
backward elimination because BSS ensures that the chosen
subset is truly optimal by considering all possible models,
whereas stepwise regression may overlook some combinations
because of its iterative nature. Afterward, the selected descrip-
tors were employed to develop the final model using a multiple
linear regression (MLR) statistical tool, which can be accessed
at https://teqip.jdvu.ac.in/QSAR_Tools/ [35]. Pearson correla-
tion among descriptors was also checked, which aimed to create
a more dependable model and reduce the possibility of intercor-
relation among the descriptors.

Calculation of RASTR descriptors and development
of nano-qRASTR model
RASTR is a method that integrates the ideas of read-across and
QSTR for q-RASTR analysis (here we are modeling nanoma-
terials, hence the term nano-qRASTR) [36]. This method calcu-
lates similarity and error-based RASTR descriptors for training
and test sets. The RASAR-Desc-Calc-v2.0 tool employs three
similarity-based techniques to produce 15 descriptors, namely,
SD_Activity, SE, CVact, MaxPos, MaxNeg, Abs Diff,
Avg. Sim, SD_Similarity, CVsim, gm (Banerjee-Roy coeffi-
cient), gmAvg. Sim, gmSD_Similarity, Pos.Avg.Sim, and
Neg.Avg.Sim. These descriptors are essential for identifying
structural similarities and predicting biological activity. The
tool’s algorithm uses the weighted standard deviation of pre-
dicted values, the coefficient of variation of computed predic-
tions, the average similarity level of close training compounds
for each query molecule, and other advanced metrics to ensure
accurate predictions. Further details about the tool and its fea-
tures can be found at https://sites.google.com/jadavpuruniver-
sity.in/dtc-lab-software/home [37].

After computing the RASTR descriptors for both the training
and test sets, these descriptors were merged with existing
periodic table descriptors. Feature selection was then per-
formed using the BestSubsetSelection_v2.1 tool, which can be
found at https://teqip.jdvu.ac.in/QSAR_Tools/. This tool

produces a comprehensive set of model combinations for a
user-specified number of descriptors while ensuring that the
intercorrelation does not exceed a certain threshold. The MLR-
based nano-qRASTR model was evaluated using the MLRPlus-
Validation 1.3 software package, which can be found at https://
teqip.jdvu.ac.in/QSAR_Tools/.

Validation, applicability domain, and
Y-randomization
The nano-QSTR model and the nano-qRASTR model were
validated through measurements of the goodness-of-fit and the
internal validation tool of leave-one-out cross-validation (Q2).
The goodness-of-fit of the models was measured using the coef-
ficient of determination (R2), which indicates how well the
model’s predictions match the actual data. Internal validation
was performed using the leave-one-out cross-validation (LOO-
CV) method:

This technique involves removing one data point at a time from
the dataset, building the model on the remaining data, and then
predicting the excluded data point. The process is repeated for
each data point, and the Q2 metric is calculated to assess the
model’s predictive accuracy. Details of the validation metrics
can be found in our previous works [17,19,23,36].

We also examined the applicability domain (AD) using the
leverage technique to generate the Williams plot [38]. A
Y-randomization study was also performed to determine if the
produced model was generated by chance or not, which entailed
performing the model’s calculations 100 times by rearranging
the dependent variables while maintaining the original indepen-
dent variables constant [39]. A Y-randomization study has been
performed employing “MLR Y-Randomization Test 1.2”, avail-
able at https://teqip.jdvu.ac.in/QSAR_Tools/. Following the
Y-randomization procedure, the study calculated the mean
values of R2 and Q2 for the 100 randomly generated models.

External dataset for data gap filling and prediction
reliability
Our prepared external dataset consists of 35 MONPs that were
used to predict toxicity for zebrafish. External prediction quality
is also checked through the “Prediction Reliability Tool” that
employs the AD to our external prediction that is evaluated by
three criteria: (1) The mean absolute error is calculated for
leave-one-out predictions using the ten most similar training
compounds for each query molecule. (2) The standardization
approach determines the applicability domain based on simi-

https://teqip.jdvu.ac.in/QSAR_Tools/
https://teqip.jdvu.ac.in/QSAR_Tools/
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
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https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
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larity. (3) The proximity of the predicted value of the query
compound to the experimental mean training response is evalu-
ated [40].

Results and Discussion nano-QSTR toxicity model
Equation 1 has been developed employing the BSS-MLR ap-
proach for the inhibition of ZHE1 hatching enzyme activity:

(1)

The first descriptor  represents the total metal electronega-
tivity in a specific metal oxide and shows a negative correlation
to the inhibition of the ZHE 1 hatching enzyme. In this case, an
increase in electronegativity will result in a decrease in toxicity.
For instance, SnO2 has a %EI of 7.12 while having a total metal
electronegativity of 3.56. In contrast, the total metal electroneg-
ativity of WO3 is 1.65, and its observed %EIzebrafish is 42.72.
The descriptor  gives a measure of the molecular bulk,
which has a positive correlation to the enzyme’s activity. CeO2
has an  value of 12.50 while it has a %EI value of 2.56;
in contrast, TiO2 has a  value of 143.76 and a %EI value
of 13.28. The last descriptor in our nano-QSTR model is the
atomic radius, ao. The model presents a negative coefficient for
the atomic radius (−0.439), suggesting that nanomaterials
composed of atoms with larger radii are associated with a de-
crease in %EIzebrafish. A larger atomic radius might indicate
weaker bonding and less effective interaction with the enzyme
or its substrate, leading to less enzyme inhibition. This could be
due to the diffuse nature of the outer electrons in larger atoms,
which might reduce the efficiency of electronic interactions
essential for binding or catalytic activity.

Our nano-QSTR model suggests that the enzymatic activity of
ZHE1 in zebrafish is influenced negatively by the total electro-
negativity of metals and the atomic radius of the nanomaterial
components but positively by the molecular bulk of the nano-
materials. Electronegativity and atomic size determine the reac-
tivity and contact strength of nanomaterials with biological
systems, whereas the molecule bulk affects the mechanism of
inhibition through steric effects.

nano-qRASTR toxicity model
To improve the statistical quality of the nano-QSTR models, we
have employed read-across descriptors employing modeled
descriptors. Later, all descriptors are merged together and em-

ployed for modeling using the BSS-MLR approach. Equation 2
presents the developed nano-qRASTR model:

(2)

Like the nano-QSTR model, the nano-qRASTR model also has
the  descriptor with a positive contribution to the toxici-
ty. Also, there are two new descriptors from RASTR, namely,
SE(LK) and CVsim(LK). “SE” stands for standard uncertainty
in the observed response values for the chosen proximate source
compounds related to each reference compound. It has a posi-
tive contribution to our model with a coefficient of +5.10. The
effect of SE(LK) can also be observed in our training set. ZnO
has the highest %EI value (42.72) in our training set, while it
also has the highest SE(LK) value of 11.47. Conversely, In2O3
has a SE(LK) value of 2.21, and the experimental %EI value is
only 7.12. CVsim(LK), which stands for the coefficient of vari-
ation of the similarity values, has a negative contribution to the
model. In our dataset, CVsim(LK) did not show a large varia-
tion in the values. However, we can observe that Al2O3 has a
relatively large CVsim(LK) value (1.25), while Mn2O3 has a
relatively small CVsim(LK) value of 1.06; their corresponding
%EI values are 3.44 and 17.2, respectively.

Quality of the nano-qRASTR model
The quality of the nano-qRASTR model was also checked ac-
cording to the criterion by Golbraikh and Tropsha, with all the
metrics falling within the stipulated threshold [41] as follows:

The Y-randomization test was also performed to validate if the
model was generated by chance. After shuffling all descriptor
values, 100 random models were generated. As a result, the av-
erage R2 value is 0.20, while the average Q2 value is −0.60,
which cannot qualify the threshold of 0.5 for both parameters,
suggesting that our original model was not developed by chance
(details in Supporting Information File 1).

The scatter plot (Figure 1a) suggests that all MONPs are very
close to the best-fit line concerning the experimental toxicity
and predicted toxicity values, which further supports the
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Figure 2: SHAP plot for the nano-qRASTR model.

Figure 1: Scatter plot (a) and Williams plot (b) for the nano-qRASTR
model. The red dashed line indicates the highest Hat or leverage
value, that is, the h* cut-off line.

validity of the model. A Williams plot (Figure 1b) was used to
verify the prediction reliability by carrying out the applicability
domain analysis using the leverage approach. Our result indi-

cates that one training compound (Fe3O4) is above the leverage
critical value. It will be considered as influential X outlier.
There is also a test date that has a higher value than h* and will
be considered as outside of the AD.

The SHAP plot (Figure 2) indicates that  has a predomi-
nantly positive effect on the predictions of the model, as the
SHAP value increases with increased values of . The
descriptor SE(LK) shows a more pronounced positive influence
on the predicted values. This is consistent with the positive
coefficient in our regression equation, and the slight trend from
blue to red dots suggests a correlation between feature values
and impact. Conversely, CVsim(LK) predominantly affects the
model predictions negatively, as evidenced by its SHAP values
being mainly on the left side.

Mechanisms of ZHE1 enzyme inhibition
The incorporation of third-generation descriptors significantly
improves the predictive power of the nano-qRASTR model.
MONPs with higher metal electronegativity may interfere more
strongly with cellular functions of zebrafish, but this does not
invariably heighten toxicity; in some instances, it may mitigate
oxidative stress and membrane disruption, thereby diminishing
toxic effects. Conversely, MONPs with larger atomic radii and
crystal ionic radii tend to exhibit a lower surface area-to-volume
ratio, which can reduce their cellular interactions and uptake.
This reduction in uptake can lead to less cellular dysfunction
and toxicity. Larger atomic radii may result in MONPs that are
less likely to penetrate cell membranes, thereby decreasing their
potential to cause cellular damage and toxicity. However,
MONPs with increased molecular bulk can enhance toxicity via
several mechanisms. They can physically damage cell mem-
branes, potentially causing cell death. Their size may lead to al-
ternative, more detrimental cellular uptake pathways or provoke
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Figure 3: Mechanism of zebrafish hatching enzyme inhibition by MONPs according to the developed models. The figure is “Created with
BioRender.com” (https://biorender.com/) with a purchased academic license. This content is not subject to CC BY 4.0.

harmful responses by accumulating on cell surfaces. Such
MONPs might also elevate oxidative stress by triggering the
production of reactive oxygen species, which damage cellular
components. They can obstruct vital biological processes and,
through aggregation, cause localized toxicity to zebrafish. Addi-
tionally, their size affects biodistribution and clearance, with
larger MONPs tending to accumulate within the zebrafish or-
ganism, further exacerbating toxicity (Figure 3). In zebrafish,
these mechanisms can manifest in several ways, affecting not
only individual cells but also developmental processes. The
implications for zebrafish embryos include potential deformi-
ties, impaired development, and mortality. Employing zebrafish
as a biological model facilitates the evaluation of toxicity,
offering an integrative perspective on the hazards that MONPs
may present in aquatic ecosystems and living organisms.

Comparison with previously published models
Compared to our previous nano-QSTR model (  = 0.68,

 = 0.74, and  = 0.70) [34], the current nano-qRASTR
model demonstrates improvements in these three critical
metrics with enhancements of 0.01, 0.02, and 0.05, respectively.
Although these improvements might seem minimal, it is crucial

to note that in the preceding study, we were able to model 23
MONPs, excluding CoO, which significantly impacted the
quality of the model because of its outlier behavior. In contrast,
the current study successfully models all 24 MONPs without
compromising the model’s quality and predictability, leading to
improved results. This suggests that the nano-qRASTR ap-
proach is a suitable choice for modeling in cases involving
small and complex datasets.

External dataset prediction
Predictions for 27 out of 35 MONPs were within the AD, indi-
cating that the nano-qRASTR model confidently predicts
77.14% of the MONPs (Table 2). However, predictions for
eight MONPs were considered unreliable as they fell outside
the AD. For the MONPs within the AD, the predicted enzyme
inhibition (%EI) in zebrafish ranges from 32.42% to 76.16%.
Within this spectrum, Ta2O3 exhibits the highest toxicity, while
V2O3 shows the least.

Conclusion
We have investigated the toxicity of MONPs against zebrafish
using a nano-qRASTR model with newly introduced third-gen-

https://biorender.com/
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Table 2: Predicted values for an external dataset employing the nano-qRASTR model.

Metal oxide Modeled descriptors Predicted
%EIzebrafish

AD status

(∑α)2 SE(LK) CVsim (LK)

Ag2O 544.29 8.58 0.73 128.34 out
Au2O 994.14 15.14 2.11 225.01 out
Au2O3 1036.20 15.14 2.11 232.33 out
BaO 32.83 9.87 0.58 47.63 in
BeO 1.77 10.01 0.57 43.14 in
Bi2O3 52.27 6.58 0.75 32.45 in
CaO 11.09 9.60 0.54 42.89 in
CdO 36.97 9.85 0.43 49.94 in
Co2O3 86.92 6.49 0.98 35.54 in
Ga2O3 52.02 6.58 0.73 32.63 in
GeO2 8.96 9.97 0.56 44.24 in
HfO2 58.68 9.93 0.68 51.40 in
HgO 66.10 8.65 0.33 49.92 in
IrO2 84.46 9.00 0.43 53.80 in
MgO 8.01 9.59 0.54 42.28 in
MnO2 20.19 9.99 0.54 46.52 iIn
Mo2O3 461.82 9.80 1.05 116.71 out
Nb2O3 440.58 9.22 0.87 112.16 out
OsO2 64.96 9.45 0.46 52.45 in
PbO 17.89 9.09 0.36 43.42 in
PbO2 20.79 9.14 0.35 44.33 in
PdO 0.52 9.58 0.52 41.21 in
PtO 247.43 10.63 1.34 80.54 out
PtO2 257.92 10.63 1.34 82.36 out
ReO2 63.36 8.74 0.28 50.52 in
Rh2O3 528.54 11.23 1.36 132.23 out
RuO2 130.19 8.92 0.85 56.79 in
Sc2O3 53.63 7.62 0.34 42.42 in
SrO 23.33 9.88 0.56 46.21 in
Ta2O3 230.74 9.62 1.00 76.16 in
TcO2 33.47 9.66 0.41 48.52 in
Tl2O 115.13 7.09 0.57 47.95 in
Tl2O3 129.73 7.12 0.51 51.25 in
V2O3 11.49 7.84 0.69 32.42 in
WO2 61.78 8.65 0.54 46.92 in

eration periodic table descriptors along with first- and second-
generation ones. Our results highlight the significance of specif-
ic nanoparticle properties influencing the degree of zebrafish
toxicity (i.e., the degree of enzyme inhibition), including elec-
tronegativity, molecular bulk, and atomic radius of the metal.
The developed nano-qRASTR model provides a robust frame-
work for predicting the toxic effects of MONPs based on these
fundamental characteristics. Additionally, the introduction of
nano-qRASTR model represents a significant methodological
enhancement, offering improved predictive accuracy and relia-
bility over previous approaches.

The adoption of third-generation periodic table descriptors has
demonstrated that even in the absence of complex quantum
chemical calculations, we can achieve high predictive accuracy.
This simplification of the descriptor calculation process not
only makes the approach more accessible. It also significantly
reduces the computational resources required, thus, making it a
viable option for rapid screening of nanoparticle toxicity. Our
study’s ability to accurately predict the toxicity of a broad range
of MONPs to zebrafish highlights its potential as a valuable tool
in the safety assessment of nanomaterials. The prediction of 35
diverse MONPs as external dataset also helped to fill the toxici-



Beilstein J. Nanotechnol. 2024, 15, 1142–1152.

1150

ty data gap of zebrafish. The model’s capability to identify
compounds with potentially high toxicity offers a pathway to
preemptively address the environmental risk assessment and
health impacts of nanomaterials. However, only a relatively
small number of nanoparticles is included in our training set.
While our model shows promising predictive power, the limited
diversity and quantity of the training data could restrict the
generalizability and robustness of the model. Furthermore, we
have only proposed five new third-generation periodic table
descriptors. Future work can focus on developing more diverse
molecular descriptors with higher effectiveness. Including addi-
tional descriptors that capture other critical physicochemical
properties could provide a more comprehensive understanding
of the mechanisms driving MONP toxicity.

The findings of this study have significant implications for the
use of MONPs in medical applications. Nanoparticles are
increasingly explored regarding drug delivery, imaging, and
therapeutic purposes. Understanding the toxicity mechanisms
and predicting potential adverse effects of MONPs can guide
the design of safer nanomedicines. MONPs are also being
utilized in environmental remediation efforts to remove pollu-
tants from water and soil. The insights gained from this study
can help in selecting nanoparticles that are effective in remedia-
tion without posing significant risks to aquatic life and ecosys-
tems. For example, nanoparticles with lower toxicity profiles, as
predicted by the nano-qRASTR model, can be prioritized for
use in environmental cleanup projects. Additionally, the explo-
ration of MONP toxicity through this advanced modeling aligns
with the broader goals of sustainable nanotechnology. The
nano-qRASTR model aims to reduce the reliance on animal
testing by providing a robust in silico method for toxicity
prediction, aligning with the ethical goal of reducing animal use
in scientific research. By providing a means to predict and miti-
gate the adverse effects of nanomaterials before they are synthe-
sized and used in applications, this study contributes to the real-
ization of safer nanomaterials production. The complete study is
also incorporated into the QSAR model reporting format
(QMRF) proposed by the Organization for Economic Coopera-
tion and Development (OECD), which is provided as Support-
ing Information File 2. The QMRF will offer a standardized
framework of the reported q-RASTR models, ensuring consis-
tency and comparability across studies. With detailed documen-
tation of the model, it promotes transparency, helping others
understand the model’s assumptions and limitations. The provi-
ded QMRF aligns with OECD principles for validation, facili-
tating regulatory acceptance, and use in decision-making. Addi-
tionally, the QMRF will support communication among scien-
tists and regulators, improve model quality by promoting best
practices, and aid in the development of non-animal testing
methods for chemical safety assessments.
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Abstract
Graphene oxide (GO) undergoes multiple transformations when introduced to biological and environmental media. GO surface
favors the adsorption of biomolecules through different types of interaction mechanisms, modulating the biological effects of the
material. In this study, we investigated the interaction of GO with tannic acid (TA) and its consequences for GO toxicity. We
focused on understanding how TA interacts with GO, its impact on the material surface chemistry, colloidal stability, as well as,
toxicity and biodistribution using the Caenorhabditis elegans model. Employing computational modeling, including reactive clas-
sical molecular dynamics and ab initio calculations, we reveal that TA preferentially binds to the most reactive sites on GO sur-
faces via the oxygen-containing groups or the carbon matrix; van der Waals interaction forces dominate the binding energy. TA ex-
hibits a dose-dependent mitigating effect on the toxicity of GO, which can be attributed not only to the surface interactions between
the molecule and the material but also to the inherent biological properties of TA in C. elegans. Our findings contribute to a deeper
understanding of GO’s environmental behavior and toxicity and highlight the potential of tannic acid for the synthesis and surface
functionalization of graphene-based nanomaterials, offering insights into safer nanotechnology development.
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Introduction
Graphene oxide (GO) has many potential applications in elec-
tronics, advanced materials, bio-medicine, energy, agriculture,
and environmental technology [1-3]. It consists of a graphene

sheet with surface oxygen functional groups such as epoxide,
ketone, hydroxy, carboxyl, ether, and carbonyl groups. The
sheets present different levels of oxidation as well as specific
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structures such as edges, wrinkles, and holes. Because of its sur-
face chemistry, GO has better water solubility than graphene;
furthermore, it is straightforward to be functionalized and syn-
thesized on larger scales [4]. Nowadays, there is an increasing
commercial availability of graphene-related products and
companies with large-scale production capabilities of these ma-
terials, which includes GO as an intermediate or final product
[5-7]. Because of the growing industrial and technological rele-
vance of GO, it is necessary to ensure its safe application,
disposal, and regulation. This begins with understanding the be-
havior of this material in the environment and its impact on
living organisms.

Once in a biological/environmental medium, GO undergoes
processes such as aggregation, phototransformation, and degra-
dation [8]. Furthermore, because of the presence of sites for dif-
ferent types of interaction mechanisms (i.e., hydrogen bonding,
van der Waals interaction, and π–π stacking), its structure
favors the adsorption of different molecules (i.e., biomolecules
and organic pollutants) and metal ions [8-10]. The physico-
chemical changes and interactions undergone by GO in the
environment greatly influence the biological effects of this ma-
terial. Recently, Bortolozzo et al. [11] showed that GO degrada-
tion by sodium hypochlorite resulted in the mitigation of GO
toxicity to Caenorhabditis elegans. Ouyang et al. [12] showed
that small molecules (e.g., polycyclic aromatic hydrocarbons)
and heavy metals, present in the natural water as nanocolloids,
potentiate GO’s phytotoxicity. Moreover, biomolecules such as
polysaccharides, proteins, lipids, and humic acids may interact
with the material’s surface, influencing GO’s colloidal stability,
reactivity, and interactions with living organisms. As a conse-
quence, these interactions can lead to diverse effects, ranging
from the mitigation of toxicity [12-14] to the enhancement of its
toxicity [15,16]. However, microscopic understanding of these
processes is missing.

Tannic acid (TA) is an environmentally abundant and commer-
cially available polyphenol with relevant industrial and techno-
logical applications [17-20]. TA’s structure comprises five
digallic acid units ester-linked to a glucose core. These pyro-
gallol hydroxy groups participate in hydrogen bonding as well
as hydrophobic and electrostatic interactions; also, they are re-
sponsible for TA’s high solubility, reactivity to metal cations,
binding capacity to molecules and surfaces, and significant
reducing and radical scavenging properties [19,21-24]. This
range of characteristics made TA attractive to nanomaterial syn-
thesis and functionalization for applications in nanomedicine,
sensors, electronics, and composites [25-27]. In these different
fields, TA has been applied in green alternative methods
of GO synthesis and physicochemical modifications (e.g.,
reduction and functionalization) [28-30]. In this sense, studying

the interaction between TA and GO and the effects on
the material toxicity is of technological and environmental rele-
vance.

The nematode Caenorhabditis elegans is a well-established in
vivo model in human health science and has been considered a
promising model in studies of environmental toxicology [31].
Because of its abundance in the environment, its important role
in the decomposition and cycling of nutrients, and its sensi-
bility to environmentally relevant concentrations of hazard
products, C. elegans is considered a good environmental indi-
cator of pollution [32]. Among the advantages of using this or-
ganism are growth and rapid reproductive cycle, translucent
body, well-known genome, and availability of commercializa-
tion of different genetically modified strains [33]. Recent
studies of our research group showed that GO presents lethal
toxic effects to C. elegans at low concentrations (e.g., above
0.1 mg·L−1) [11,14]; the main mechanisms of toxicity reported
in literature are damage to intestinal cavity and secondary
organs, such as reproductive organs and neurons [14,34,35].
The sensibility of the nematode to GO made it a good model to
understand how GO’s toxicity changes regarding surface modi-
fications such as interactions with biomolecules.

In this study, we investigate the interaction of GO with TA
linked to its impacts on surface chemistry, colloidal stability,
lethality, and biodistribution in the C. elegans model for the
first time. Furthermore, we study in detail TA interactions with
GO’s surface employing computational modeling to analyze the
interaction mechanisms and GO’s surface modification by TA.
The application of in silico methodologies is advantageous in
understanding phenomena that cannot be easily accessed exper-
imentally but are useful to predict and interpret experimental
results. We performed, therefore, a multilevel study with differ-
ent theory levels; reactive classical molecular dynamics enabled
the exploration of the chemical and conformational changes
of TA and GO, whereas ab initio calculations provided
information regarding the electronic properties of the system,
such as the most reactive sites and their interactions. Our find-
ings provided new insights into toxicity mitigation and behav-
ior of GO in the environment, as well as, the safety of applica-
tion of TA for synthesis and functionalization of this nanomate-
rial.

Results and Discussion
Experimental characterization
TA is a relevant component of the dissolved organic matter in
the environment originating especially from vegetable organic
decomposition [17]. Furthermore, because of unique physico-
chemical properties, TA has been increasingly applied for GO
syntheses and surface engineering [29]. Evaluating the changes
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of GO properties and biological effects after interaction with
TA is essential to give us insights into how organic matter
affects the behavior and toxicity of this material under real envi-
ronmental conditions as well as the biological aspects of GO
modifications by TA.

To understand the features related to the material’s colloidal be-
havior, biological effects, and interaction with biomolecules, it
is essential to characterize its surface chemistry and dispersion
in the medium befitting toxicological studies before and after
molecular interactions. The complete characterization of the GO
sample is available in [36]. Atomic force microscopy (AFM),
Raman spectroscopy, and X-ray photoelectron spectroscopy
(XPS) were used to assess size, morphology, number of layers,
and surface chemistry of GO. The GO sample used in this study
consists of single layers with less than 1.5 nm thickness and a
flake size distribution from 18 to 308 nm. The calculated ratio
between the intensity of the D (ID) and G (IG) bands of Raman
is ID/IG = 0.85, indicating that the material has a high number of
defects, an indirect indication of oxidation. The surface chemi-
cal composition analyzed by X-ray photoelectron spectroscopy
(XPS) is 68% of carbon and 32% of oxygen. The functional
groups and bonds of carbon are distributed among epoxy/
hydroxy (C–O) (52%), carboxyl/esters (C=O) (9.4%), and π–π*

(4.2%) moieties, besides graphitic/aromatic carbon (C sp2)
(5.7%) and aliphatic carbon (C sp3) (28%). The properties of
this material are in accordance with other GO samples used for
nanotoxicology and environmental applications. In this work,
we characterized the material after interaction with the moder-
ately hard reconstituted water defined by the U.S. Environ-
mental Protection Agency (EPA), herein named EPA medium,
in absence and presence of TA.

Atomic force microscopy
AFM has been extensively used to characterize the distribution
and morphology of biomolecules on the surface of nanomateri-
als, especially 2D materials [37]. Figure 1a and Figure 1b
show AFM images of GO sheets after incubation in EPA
medium with and without the addition of TA, respectively.
We observed that TA interacts with the GO surface forming
a cover up to 3 nm of height, as shown in the height profile
analysis. In the absence of TA, GO sheets presented heights
from 1.3 nm, indicating single-layer sheets according to data re-
ported in the literature for graphene materials [38], to 2.0 nm in
double-layer spots caused by the incubation in the EPA medi-
um.

Spectroscopy characterizations
Spectroscopy analysis showed the main chemical groups on the
material’s surface, and how their composition changed in the bi-
ological medium. In the Fourier-transform infrared spectrosco-

py (FTIR) analysis (Figure 2a), we observed bands between
3000 and 4000 cm−1 related to –OH strength in all spectra. GO
spectra presented fingerprint bands at 1734, 1625, 1390, 1230,
and 1068 cm−1, which correspond to C=O stretching vibrations,
aromatic C=C stretching vibrations, C–OH traction, C–O
(epoxy) stretching vibrations, and C–O (alkoxy) stretching
vibrations, respectively, indicated by the numbers 1 to 5 in
Figure 2a [28,39-41]. Important TA bands include 1704, 1600,
1310, and 1180 cm−1 (numbers 6 to 9 in Figure 2a), which cor-
respond to C=O, aromatic C=C, phenolic C–OH, and C–O from
esters groups connecting the aromatic rings [28,42-44]. Impor-
tant shifts are observed in the C=O-related band of GO. For TA,
this band appears at 1704 cm−1 (number 6 in Figure 2a) and for
GO at 1734 cm−1, while there is a decrease in intensity and a
possible blueshift on this band in EPA medium and in the inter-
acting system. The C=C band presented a blueshift from
1625 cm−1 to 1610 and 1600 cm−1 in the EPA medium and in
the presence of TA, respectively. The C–OH band present in
GO at 1390 cm−1 was shifted to 1360 cm−1 after incubation
with TA for 24 h. Furthermore, the C–O related bands at 1180
and 1230 cm−1 in the spectra of TA and GO, respectively,
appeared at 1215 cm−1 in the interacting system and had a de-
creased signal when GO was dispersed in EPA medium in
absence of TA. The changes in the vibration energy of these
chemical groups indicate that the interactions with TA occur
through C=O, C–OH, C–O, and sp2 carbon structures present in
GO. Such interactions may involve, for example, hydrogen
bonds and interactions between π orbitals, which is in agree-
ment with literature regarding humic and tannic acid interac-
tions with GO [45,46]. In the absence of TA, the modulation of
the C=0 stretching vibration intensity may indicate coordina-
tion of the divalent metal ions Ca2+ and Mg2+ present in EPA
medium [47]. The intensity ratio between ID and IG bands in
Raman spectroscopy analysis ranges from 0.94 ± 0.01, for the
GO sample, to 1.02 ± 0.01 and 1.05 ± 0.005 when the material
was incubated in EPA medium without and with TA, respec-
tively (Figure 2b). All Raman spectra were normalized to the
intensity of the respective G bands. X-ray photoelectron spec-
troscopy (XPS) presented the composition of GO surface in the
presence of TA. XPS survey data suggest that GO after 24 h
in EPA medium is composed of 75.33 ± 0.40% carbon and
24.67 ± 0.40% of oxygen, whereas GO after interaction with
TA presents 73.30 ± 0.40% of carbon and 26.70 ± 0.44% of
oxygen. High-resolution C 1s XPS analysis showed a C–C/C–H
peak contribution of 57.96% ± 0.13% to GO in EPA medium
and 55.68% ± 1.26% when TA interacts with GO. The oxygen-
ated peaks were 36.35% ± 0.22% (C–O) and 5.69% ± 0.11%
(C=O) for GO in EPA medium and 38.03% ± 1.26% (C–O) and
6.28% ± 0.01% (C=O) after TA interaction. Thus, spectroscopy
analysis showed no significant changes in GO surface composi-
tion after interaction with TA.
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Figure 1: Characterization of the GO and TA interaction system. AFM images of (a) GO and (b) GO incubated with TA (10 mg·L−1). The height profile
plots on the right present the topology of the marked regions of each sample image.

Colloidal Stability
The study of the colloidal behavior of the material in relevant
biological media (regarding, e.g., salinity, pH, or biomolecules)
is essential to understand its toxicological outcomes since the
aggregation state of this material directly affects delivered dose,
internalization, and biodistribution in organisms. In the EPA
medium, GO exhibited aggregation and precipitation at concen-
trations of 5.0 and 10 mg·L−1, respectively, a phenomenon
attributable to the screening effect of salt ions diminishing the
repulsive forces between GO sheets. TA did not improve the
stability of these samples. After the 24 h, only the suspensions
of 1 mg·L−1 of GO did not exhibit visual precipitation (Support-
ing Information File 1, Figure S1a). The results of dynamic
light scattering (DLS) measurements presented in Table S1

(Supporting Information File 1) confirm the aggregation and the
subsequent precipitation of GO in the EPA medium; it is notice-
able that hydrodynamic diameters rapidly increase in this medi-
um. Although higher TA concentrations slow down aggrega-
tion and lead to smaller hydrodynamic diameters after 3 h, after
24 h the samples were completed aggregated with a high poly-
dispersity index. The quality criteria of DLS analysis for GO
with a concentration lower than 10 mg·L−1 were not satisfac-
tory; therefore, they could not be used to evaluate the disper-
sion state of more diluted GO suspensions, such as 1 mg·L−1 of
nanomaterial. However, it is well known that in more diluted
suspensions, nanomaterials tend to present better dispersibility,
and it is expected that GO remains stable in EPA medium for a
longer time.
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Figure 2: Characterization of GO and TA system. a) FTIR showing absorption signals related to –OH strength band, GO’s fingerprint region with
1734(1), 1625(2), 1390(3), 1230(4), and 1068(5) cm−1 bands, and TA-related bands at 1704(6), 1600(7), 1310(8), and 1180(9) cm−1; b) Raman spec-
tra normalized by intensity of G band; High-resolution C 1s XPS analysis of c) GO and d) GO with TA (10 mg·L−1) showing the peaks of carbon
sp2+sp3 and oxygenated carbon bonds C–O and C=O.

Computational simulation of GO–TA
interactions
To analyze the surface modification of GO by TA and gain
insights into the mechanisms of toxicity mitigation, we em-
ployed a computational workflow that involved studying the
interactions between GO and TA at different theoretical levels.
Molecular dynamics (MD) simulations were performed using
the ReaxFF reactive force field to examine the evolution of TA
conformation on the surface of a GO flake in an aqueous envi-
ronment. This allowed us to explore the chemical and confor-
mational changes occurring in TA and GO. Additionally, ab
initio calculations were conducted to investigate the electronic

properties of the system, including the identification of the most
reactive sites on GO, as well as an understanding of how the
environment and interactions impact these properties. The
combined approach of MD and ab initio calculations provided
comprehensive insights into the surface modification process
and the underlying mechanisms involved in the interactions be-
tween GO and TA.

The MD simulations were performed with TA initially placed at
five different sites of GO flakes, namely, the center and the four
edges, with the closest atoms at at approximately 2 Å from the
sheet. The four edges of the flake differ regarding the carbon
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Figure 3: Snapshot of TA on the GO surface obtained from NPT MD at 300 K, parameterized with the ReaxFF reactive force field. The molecular
structure view was generated with the VMD software developed with NIH support by the Theoretical and Computational Biophysics group at the
Beckman Institute, University of Illinois at Urbana-Champaign (http://www.ks.uiuc.edu/) [48]. This content is not subject to CC BY 4.0.

configurations (i.e., zigzag or armchair) and defects, one of the
armchair edges presents hydroxy groups and one of the zigzag
edges presents a broken epoxy site. Figure 3 presents the dy-
namics of a representative configuration of TA interacting with
GO flake. Comparing the evolution of the TA’s configurations
in the different simulations, the molecule interacted preferen-
tially with oxygenated groups of GO and with armchair edges
rather than zigzag edges. Regarding the latter, the TA molecule
moved from the zigzag edge to the armchair edge or even
moved away from the GO sheet. We split NPT trajectories into
equally spaced snapshots to analyze the TA conformations on
the GO surface and to calculate the adsorption energy of TA
with density functional theory (DFT). Most interactions be-
tween TA and GO occurred through the oxygenated defects in
the middle of the sheet and TA oxygen functional groups, as
shown in Figure 3. However, it is also possible to identify inter-
actions between these groups and GO’s carbon structure and be-
tween carbon atoms of both structures. Furthermore, we
analyzed the maximum heights of TA-plus-GO conformations
among the snapshots. The values range from 1.5 to 3.0 nm,
which corroborates with AFM topography results and indicates
that TA mostly forms a single layer of stronger interacting mol-
ecules close to the surface.

DFT calculations allowed us to evaluate the electronic and reac-
tivity properties of the system TA and GO. Fukui functions are
a concept used to study the local reactivity of molecules/materi-
als. They provide information regarding how the loss or gain of
electrons affects the spatial electronic density of the atoms
[49,50], revealing the most reactive sites of the system. We
applied Fukui functions to assess the most reactive sites of GO
in its initial configuration and after evolution of the sheet con-
figuration in water without TA. Figure 4a and Figure 4b show
the charge density plot of the functions f+ and f− of GO before
and after NPT MD simulation in an aqueous environment at
300 K. We observed an augmentation of sheet folding and the

occurrence of broken bonds, which increased the reactivity of
the central oxygenated groups in the flake, where the TA mole-
cule showed preferential interaction in the trajectories.

The adsorption energy of TA on the GO surface ranges from
−1.55 to 0.35 eV, with a mean binding energy of EB = −0.49 ±
0.08 eV. By selecting the snapshot with the minimum adsorp-
tion energy, we calculated the charge transfer of the system
using Bader charge analysis, which was 0.1e− from GO to TA.
The low value of charge transfer indicates that van der Waals
(vdW) interaction forces dominate the binding between GO and
TA. This is confirmed by the unfavorable binding energy (i.e.,
positive values up to +2 eV) obtained from DFT calculations
when dispersion corrections are not applied. The adsorption
energy value is determined by the number and types of interac-
tions involved, such as hydrogen bonds, as well as carbon–car-
bon and carbon–hydrogen interactions. Supporting Information
File 1, Figure S2 shows that the number of interacting atoms
(i.e., atoms with distances less than 3.0 Å) between TA and GO
is not directly correlated with the binding energy. However, a
higher number of weak vdW interactions can lead to similar
binding energies as those of snapshots that have fewer inter-
acting atoms but a higher number of hydrogen–oxygen interac-
tions.

To evaluate the influence of the GO surface’s degree of oxida-
tion on the TA adsorption, we performed MD simulations of
TA interactions on periodic GO sheets with oxidation degrees
ranging from 1% to 32%. The NPT trajectories were split into
equally spaced snapshots, and the average binding energies and
standard error of the mean between TA and GO structures were
calculated from DFT calculations. Figure 5 shows that the inter-
action between TA and GO increases with the oxidation level of
the GO surface, which can be explained by the increased num-
ber of functional groups that participate in stronger van der
Waals interactions (Supporting Information File 1, Figure S3).

http://www.ks.uiuc.edu/
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Figure 4: Reactive sites of GO (a) before and (b) after NPT dynamics in aqueous environment. Fukui functions f+ in yellow (positive) and blue (nega-
tive), f− in purple (positive) and green (negative). Isosurface of 1 × 10−3 e/Å3. The molecular structure view was generated with the VMD software de-
veloped with NIH support by the Theoretical and Computational Biophysics group at the Beckman Institute, University of Illinois at Urbana-Cham-
paign (http://www.ks.uiuc.edu/) [48]. This content is not subject to CC BY 4.0.

Biological effects in C. elegans
C. elegans has been considered a relevant in vivo model for
nanomaterials toxicity and ecotoxicity. Several works demon-
strate that this organism shows sensibility to GO in low doses.
In previous works, our research group found that GO decreased
nematode survival at concentrations above 0.1 mg·L−1 [11,14].
GO potentially affects the intestinal cavity and secondary
organs of C. elegans. The intestine is the primary organ to be
exposed to ingested hazardous substances or materials and plays
an important role in protecting other organs. Different studies
show an increased intestinal permeability after exposure to GO,
enabling the material to reach adjacent organs such as the

gonads [14,51,52]. Wu et al. [51] found that prolonged expo-
sure to GO causes significant damage to intestinal microvilli
cells . Furthermore, Dou et al. [53] showed that GO triggers cell
autophagy as a protective response to the material. Apoptosis
was observed in germline cells, indicating that GO can damage
gonad development and reduce the reproduction rate of
C. elegans [35,54]. Oxidative stress is one of the central mecha-
nisms and, in fact, the main cause of the toxicity outcomes dis-
cussed above. It is associated to changes in the function or
expression of superoxide dismutase, “Rieske” iron-sulfur pro-
tein, mitochondrial complex I, and the ubiquinone biosynthesis
protein COQ7 [51,53-55]. The co-exposure of GO with antioxi-

http://www.ks.uiuc.edu/
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Figure 5: Adsorption energy of TA on GO surfaces with different oxidation degree. The error bars indicate the standard error of the mean from up to
ten configurations.

dant molecules, such as ʟ-cysteine and ascorbate, can mitigate
the oxidative effects of the material and minimize GO’s toxici-
ty [35,53]. Moreover, GO also shows important neuronal
effects; for example, it influences protein–protein binding in the
organism, activating or suppressing neuronal receptors and
influencing the neurotransmission process in C. elegans
[34,35,56].

GO’s toxicity is highly related to its surface chemistry; changes
of the functional groups of the surface impact its biological
effects. Yang et al. [57] showed that changes in the oxygen
content of GO may improve its biocompatibility. They found
that GO sheets with reduced oxygen content and relatively more
–COOH groups did not presented the common GO toxicity
effects to C. elegans, such as increased intestinal permeability,
microvilli damage, material translocation to other organs or oxi-
dative stress. Similarly, Rive et al. [58] did not detect any detri-
mental effects in C. elegans exposed to amino-functionalized
GO. Moreover, biomolecules interacting with the GO surface
also have an effect on its toxicity, Côa et al. [14] observed that a
bovine serum albumin corona mitigated the acute toxicity of
GO, although it did not fully suppress long-term effects such as
reproductive toxicity.

Acute toxicity
In this work, we found that the lowest GO concentration that
caused significative effects on survival was 1.0 mg·L−1, with a
mortality of approximately 30%. Concentrations of 5.0 and
10 mg·L−1 of GO yielded similar mortality rates, up to 40% of
mortality, which may be an effect of aggregation and precipita-

tion of the material in the test medium. The colloidal instability
of the nanomaterial in the test medium impacts the dose
bioavailable to C. elegans, which stays on the well’s bottom
most of the time. At 5 mg·L−1, GO aggregates and precipitates
in EPA medium, which increases the exposure to C. elegans.
The amount of material ingested by the nematode is limited by
the size of its mouth, which is where most of the uptake occurs.
C. elegans exhibits a size-selective feeding mechanism, which
transports particles in the size range from 0.5 to 3 μm to the
intestinal lumen [59,60]. Therefore, even at higher doses, we
did not observe a linear relationship between C. elegans’
survival and the material’s concentration.

Considering this, we evaluated the effects of tannic acid on the
GO toxicity in a co-exposition system. The survival rates of
C. elegans at GO concentrations ranging from 0.0001 to
10 mg·L−1 were analyzed in the presence of 1 and 10 mg·L−1 of
TA. Figure 6 shows the survival rates of C. elegans after expo-
sition to only GO and to GO in the presence of TA. We ob-
served a dose-dependent mitigation effect of TA. A concentra-
tion of 1 mg·L−1 TA raised the lowest observed adverse effect
level of GO to 5 mg·L−1; 10 mg·L−1 of TA completely miti-
gated the acute effects of GO under the conditions tested.

Biodistribution study
Confocal Raman spectroscopy analyses were conducted to eval-
uate the effects of TA on the biodistribution of GO in nematode
tissues. The unique signature of GO’s Raman spectra, with the
two distinct D (≈1300 cm−1) and G (≈1600 cm−1) bands,
enables the localization and identification of the material in bio-
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Figure 6: Effects of GO in presence or absence of TA on C. elegans’ survival. α and β indicate survival rates significantly different from the control
(100% of survival) with p ≤ 0.05 (one-way ANOVA). *** and ** indicate difference in the treatments with p ≤ 0.001 and p ≤ 0.05 (two-way ANOVA), re-
spectively. The error bars are calculated from 16 to 18 data points on survival.

logical tissues. Depth profile measurements were performed in
the head, pharynx, intestine, gonad, and egg regions. At each
point, the upper cuticle was considered as the distance 0 μm,
and to differentiate GO’s internal and external signals, Raman
spectra were acquired from −30 to 120 μm, with steps of 5 µm.
The intensity of the G band at each depth was recorded in the
profiles shown in Figure 7, which were normalized regarding
the maximum intensity found in the region. The intensity
profiles and the respective spectra, were used to draw conclu-
sions about GO’s internalization in the organisms. According to
Figure 7, GO was found along the entire nematode cuticle.
Furthermore, GO was found internally in the head, intestine,
and pharynx of nematodes, regardless of the presence of TA.
Internalization of GO in the gonads was also observed and to
some extend in eggs, although in the latter the occurrence of
GO signal decreased after the addition of TA.

Raman analysis showed that TA does not affect the biodistribu-
tion of GO in C. elegans, including in secondary organs, al-
though it changed the mortality caused by the material. Experi-
mental and theoretical characterization show that TA can
interact with the GO surface. DFT calculations demonstrated
that TA adsorbs at the most reactive sites of GO, which can be
related to the decrease of the material’s toxicity by impairing
these sites to interact with critical molecules or tissues that
initiate acute toxicity pathways. However, because of the

translocation of GO to different organs in the presence of TA,
GO still might cause long-term effects, which need to be subject
of further investigations. Concomitantly, it is known that the
polyphenols such as TA exhibit properties that are beneficial to
health, such as antimicrobial, anti-inflammatory, and antioxi-
dant capacities [61,62]. Saul et al. [63] showed that different
polyphenols have life-prolonging and stress-reducing proper-
ties to C. elegans. Up to 300 μM (≈500 mg·L−1) TA promotes
longevity in C. elegans, which is called hormesis effect; at
higher concentrations, TA is actually toxic [64]. TA exposure
induces different resistance mechanisms against pathogens,
heating stress, and oxidative stress, which may increase the
resistance against the hazardous effects of GO. TA upregulates
natural protective pathways against oxidative stress, increasing
the expression of antioxidant systems such as reduced
glutathione, superoxide dismutase, and catalase [61]. Besides
that, the metal chelating properties of TA may influence oxida-
tive pathways dependent of these cofactors, such as Fenton’s
reaction and copper-mediated formation of free radicals.
TA may also act as direct radical scavenger in these reactions
[65-68]. Moreover, TA exhibits an antinutritional effect and
may induce the calorie restriction (CR) pathway in C. elegans,
which is a potential cause of the TA-mediated lifespan exten-
sion [63,64]. The CR effect could decrease the acute toxicity
effects of GO by decreasing the ingestion of the material by
C. elegans.
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Figure 7: G-band intensity depth profiles (from −30 to 120 μm) used to monitor biodistribution of GO, and GO with 1 and 10 mg·L−1 of TA in different
tissues of nematodes.

Conclusion
Assessing the effects of TA on GO toxicity, we gained insights
on how components in environmental media, such as organic
matter, modulates the biological effects of GO, which are still
not entirely understood. Experimental and theoretical analyses
have demonstrated that TA interacts with GO surfaces via
oxygen-containing functional groups, resulting in enhanced
binding energies. Nevertheless, the adsorption of TA also
involves weaker interactions mediated by the carbon frame-
work. DFT calculations using Fukui functions demonstrated
that TA interacts with the most reactive sites of GO, and van

der Waals interaction forces dominate the binding energy. We
observe a dose-dependent mitigation effect of TA on the toxici-
ty of GO in the model C. elegans. TA at a concentration of
1 mg·L−1 raised the lowest concentration of GO affecting the
survival of C. elegans to 5 mg·L−1; at 10 mg·L−1, it mitigated
completely the mortality effects of GO under the tested condi-
tions. TA did not alter the biodistribution of GO in the intestinal
lumen, head, gonads, and eggs of the nematodes. Possible
mechanisms for the reduced toxicity are (i) hindering of reac-
tive sites of the GO surface from interactions with molecules or
tissues that play a role in the toxicity pathways, (ii) TA-induced
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stress resistance mechanisms in C. elegans alleviating the
effects of GO’s acute toxicity, such as oxidative stress, and (iii)
TA acting directly as antioxidant or chelating cofactor in oxida-
tive pathways in C. elegans. Further experimental analysis
should be carried out to evaluate the effects of TA on the long-
term toxicity effects of GO and confirm the TA mitigation
mechanisms. This work contributes towards a more realistic
view of GO toxicity and fate under environmental conditions.
Furthermore, it highlights the potential of TA in surface engi-
neering of graphene-based nanomaterials.

Methods
Materials
GO was synthesized via chemical exfoliation of graphite by
modified Hummers method [69] according to [70]. Graphite
(5.0 g) and NaNO3 (3.75 mg) are added to a reaction flask in a
bath of ice and covered with concentrated H2SO4 (370 mL).
The mixture is stirred for 20 min, then KMnO4 (22.5 mg) is
added gradually over 1 h. The reaction is kept under stirring for
72 h at room temperature, and then it is diluted with 300 mL of
deionized water and kept for another hour at 95 °C. The temper-
ature is then reduced to 60 °C, and H2O2 (15 mL, 30% w/w) is
added to complete the oxidation of graphite and the reduction of
residual KMnO4; the mixture is left under stirring overnight. At
the end, the material is precipitated by centrifugation and
washed with H2SO4 (3.0%) and H2O2 (0.5%) to remove
residues of oxidants and inorganic impurities. The remaining
residuals of salts are removed by dialysis in distilled water for
approximately three days. The obtained GO suspension is then
lyophilized for storage [36].

Characterization
The physicochemical and colloidal characterization of nanoma-
terials is essential to their toxicity assessment and biological/
environmental application. The properties of the materials in bi-
ological environments may differ significantly depending on the
composition of the medium (e.g., aggregation state, surface
charge, and dissolution) and determine their biological effects.

Therefore, the initial step to assess nanomaterials toxicity is to
evaluate their colloidal characteristics. GO stock dispersions
(400 mg·L−1) were prepared according to OECD Guideline no.
318 [71]. The GO powder (10 mg) was pre-wetted with 1 mL of
ultrapure water and left as a wet-paste for 24 h. Then, ultrapure
water (25 mL) was added, and the suspension was sonicated in
an ultrasonic bath. The sonication time was controlled by
analyzing the material’s hydrodynamic diameters by dynamic
light scattering (DLS). Dispersion aliquots for measurement
were collected every 10 min, and the sonication was performed
until there were no significant changes in the hydrodynamic di-
ameter. Both conditions were tested, the time for the first

dispersion and for the redispersion of GO. The GO stock
suspensions were stored for a maximum of 14 days, as recom-
mended by OECD Guideline no. 318 [71].

The colloidal characteristics of GO were evaluated according to
toxicity assay conditions by photographic monitoring and
DLS. The behavior of environmental relevant concentrations
(10–20 mg·L−1) of tannic acid solution in the test medium and
the influence on the colloidal stability of GO were also
analyzed. The toxicity assays in Caenorhabditis elegans were
performed in moderately hard reconstituted water defined by
the U.S. Environmental Protection Agency (named here as
EPA medium), whose composition includes 60.0 mg·L−1

CaSO4·2H2O, 60.0 mg·L−1 MgSO4, 96.0 mg·L−1 NaHCO3, and
4.0 mg·L−1 KCl. The initial range of GO concentration tested
against C. elegans was 0.0001 to 10 mg·L−1, and the duration of
exposure was 24 h for acute toxicity assays. Visual monitoring
of the colloidal behavior of GO was performed for a period of
24 h, comparing the stability of 1.0, 5.0, and 10 mg·L−1 suspen-
sions of nanomaterial in EPA medium with and without the
presence of 10 mg·L−1 of tannic acid. A GO suspension of
10 mg·L−1 in ultrapure water was used as a control. Further-
more, a 10 mg·L−1 TA solution was also observed for this
period of time regarding precipitation or possible change of
color due to reactions such as oxidation. The colloidal stability
of all suspensions with 10 mg·L−1 GO, with and without TA,
was also monitored by DLS. Furthermore, a new sample,
10 mg·L−1 GO and 20 mg·L−1 of TA in EPA medium, was
monitored in order to test if a higher concentration of TA would
improve the colloidal stability of GO.

AFM (MultiMode VIII microscope, Bruker), Raman spectros-
copy (XploRA PLUS, Horiba), FTIR spectroscopy (IRSpirit
Shimadzu), and XPS (K-Alpha XPS Thermo Fisher Scientific)
were used to assess changes in the morphology and surface
chemistry of GO while interacting with TA. For AFM analysis,
10 mg·L−1 GO was incubated in EPA medium for 24 h with and
without 10 mg·L−1 TA. Then, to avoid salt interference, the
suspension was washed three times with deionized water and
dripped on mica substrate. The incubation procedure was
repeated for spectroscopy analysis. For Raman and FTIR analy-
sis, the suspensions were dried using the speed-vacuum method
at room temperature; for XPS, the suspensions were dripped on
a silicon substrate.

Computational methods
MD simulations of interactions between TA and the GO sur-
face were performed in LAMMPS, applying ReaxFF reactive
force field [72]. MD simulations were conducted under con-
stant pressure (P) and temperature (T), the so-called NPT condi-
tions, for a period of 4.00 ns, with a time step of 0.25 fs, starting
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from the system in equilibrium at 300 K. The initial system con-
sisted of a representative GO flake obtained from [73], with
dimensions of 42 × 20 Å and an oxidation level of 12.5%, and
the TA free-energy-minimum conformer calculated in aqueous
environment obtained from a previous work [74]. TA was
initially placed in five different positions, that is, the center and
the four different edges of the GO flake, with the closest atoms
at approximately 2 Å distance from the sheet. The simulations
were performed in a box of 60 × 60 × 60 Å filled with water
molecules to reach a density of 1 g/cm3. In order to evaluate the
effects of the GO oxidation level on the interactions with TA,
we also performed MD simulations with periodic GO sheets
with oxidation levels from 1 to 32%, the latter corresponding to
the oxidation degree of the samples used in the toxicity assays.
Periodic system simulations were performed under NPT condi-
tions for 2.5 ns at 300 K. TA was initially placed at the center of
the box at approximately 2 Å distance from the sheet. The box
dimensions were approximately 40 × 35 × 40 Å filled with
water molecules to reach the density of 1 g/cm3.

DFT calculations were performed using VASP [75,76]. The
Perdew–Burke–Ernzerhof (PBE) generalized gradient approxi-
mation was used for the exchange–correlation term [77]. The
kinetic energy cutoff for the plane-wave expansion was 520 eV.
Furthermore, the nonlocal van der Waals density functional
(vdW-DF) method was applied to account for dispersion inter-
actions [78]. To account for solvation effects, the implicit solva-
tion model developed by Mathew et al. was applied in the
calculations [79]. To evaluate reactivity changes, Fukui func-
tions were calculated [49,50,80-82], analyzing differences in
electron density when an electron is removed (Equation 1) or
added (Equation 2) to the molecule:

(1)

(2)

where the electron densities ρ(Ne), ρ(Ne − 1), and ρ(Ne + 1) cor-
respond to systems with Ne, Ne − 1, and Ne + 1 electrons, re-
spectively.

Biological assays
Initial toxicity assays were conducted to evaluate the effects of
GO on the survival of C. elegans. Acute toxicity assays were
performed according to the protocol developed by Maurer et al.
[83]. The toxicity experiments were conducted in 24-well plates
with a total test volume of 1.0 mL per well. Each well contained

≈20 young adult C. elegans, that is worms between the stages
L2 and L3 of development, approximately 30 h of age, ob-
tained through the synchronization procedure described in
[14,84]. The worms were exposed to GO at final concentrations
of 0.0001, 0.001, 0.01, 0.1, 1.0, 5.0, and 10 mg·L−1 in EPA me-
dium. Furthermore, negative controls were carried out using
ultrapure water as the test substance because the GO stock
dispersions were prepared in this medium. The nematodes were
exposed for 24 h, and live organisms were counted using a
stereomicroscope at the end. To evaluate the effect of tannic
acid on the GO toxicity, the survival rates of C. elegans at GO
concentrations ranging from 0.0001 to 10 mg·L−1 were also
analyzed in the presence of 1 and 10 mg·L−1 of TA. Each expo-
sure condition was performed in independent triplicates, with
six replicates each. Consequently, each condition yielded be-
tween 16 and 18 data points. To assess statistical differences in
survival rates, we conducted a one-way ANOVA followed by
Dunnett’s multiple comparison post-hoc test to evaluate signifi-
cance among the GO concentrations and the control, and a two-
way ANOVA to determine significance among conditions with
and without 1 and 10 mg·L−1 TA.

The biodistribution of GO in nematodes was investigated using
confocal Raman spectroscopy. Young adult worms were
exposed to a concentration of 5 mg·L−1 of GO material, both
with and without TA, at concentrations of 1 and 10 mg·L−1,
following the same protocol used in the acute toxicity assays.
After 48 h, the nematodes were fixed with 4% paraformalde-
hyde (Lot #SLBF2268V, Sigma-Aldrich) and washed twice
with EPA medium to remove any excess nanomaterial. Raman
spectra were obtained from various parts of the nematodes, in-
cluding the head, pharynx, intestine, gonad, and eggs. To differ-
entiate between internal and external signals of GO, depth
profiles ranging from −30 to 120 μm (assuming 0 μm as the
upper cuticle) were acquired at each position, with steps of
5 µm [85,86]. Raman spectra were acquired using a confocal
Raman spectrometer equipped with an optical confocal micro-
scope (50× objective). The excitation wavelength was set at
532 nm, and spectra were acquired with five accumulations of
5 s each. The slit width was set to 50 μm, and the hole width
was set to 100 μm, resulting in a laser spot of approximately
1 µm on the sample.
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Abstract
This perspective article explores the convergence of advanced digital technologies, including high-performance computing (HPC),
artificial intelligence, machine learning, and sophisticated data management workflows. The primary objective is to enhance the
accessibility of multiscale simulations and their integration with other computational techniques, thereby advancing the field of
nanomaterials technologies. The proposed approach relies on key strategies and digital technologies employed to achieve efficient
and innovative materials discovery, emphasizing a fully digital, data-centric methodology. The integration of methodologies rooted
in knowledge and structured information management serves as a foundational element, establishing a framework for representing
materials-related information and ensuring interoperability across a diverse range of tools. The paper explores the distinctive fea-
tures of digital and data-centric approaches and technologies for materials development. It highlights the role of digital twins in
research, particularly in the realm of nanomaterials development and examines the impact of knowledge engineering in estab-
lishing data and information standards to facilitate interoperability. Furthermore, the paper explores the role of deployment technol-
ogies in managing HPC infrastructures. It also addresses the pairing of these technologies with user-friendly development tools to
support the adoption of digital methodologies in advanced research.

1498

Introduction
Digital technologies have ushered in a new era of materials
science, enabling unprecedented advancements in the design,
characterization, and optimization of materials. By leveraging

computational modelling and simulation, researchers can simu-
late and predict properties and behavior of materials with
remarkable accuracy, explore a vast design space, and predict
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the properties and performance of materials before they are syn-
thesized [1-3]. This approach enables the discovery of materi-
als with, for example, improved mechanical strength, enhanced
thermal conductivity, superior electrical properties, or other
tailored characteristics. Simulations provide crucial insights at
different time and length scales, from atomic and molecular-
level interactions to the macroscale, that govern the structural,
mechanical, and thermal properties of materials [4,5]. More
recently, data-driven approaches, such as machine learning
(ML) and artificial intelligence (AI), are revolutionizing materi-
als research by extracting valuable patterns and correlations
from vast amounts of experimental and computational data
[6-9]. These approaches enable researchers to uncover hidden
relationships between composition, structure, morphology, pro-
cessing, and properties, accelerating the discovery of novel ma-
terials with tailored functionalities and enabling the identifica-
tion of patterns and trends. Moreover, high-throughput compu-
tational screening allows for the rapid evaluation of extensive
material libraries, providing researchers with a systematic and
efficient approach to identify promising candidates for specific
applications [10]. In addition to materials design, digital tech-
nologies can enhance the characterization and understanding of
materials. Advanced imaging techniques, coupled with compu-
tational analysis, enable researchers to examine the microstruc-
ture and behavior of materials at unprecedented resolutions [11-
13]. This aids in the understanding of fundamental properties
and the identification of structure–property relationships. The
integration of digital technologies with experimental tech-
niques also enables real-time monitoring and control of materi-
als synthesis processes, leading to improved reproducibility and
quality control. By combining these digital technologies with
integrated data management workflows, materials scientists
can, in principle, smoothly organize, share, and analyze large
volumes of materials data, fostering collaboration and enhanc-
ing the overall efficiency of materials research. The integration
of digital technologies into materials science has, thus, opened
up exciting new possibilities for materials design, discovery,
and innovation [14]. New, fully digitalized research directions
for materials development are therefore emerging at the conver-
gence of a broad range of advanced digital technologies
(Figure 1).

One significant area where these technologies can have a
profound impact is in the design and development of advanced
nanomaterials [15,16], where the relationship between structure
and morphology at different scales, processing, and resulting
properties is particularly intricate. The steady and recent
advances in hardware and software technologies have propelled
materials development in the field. On the hardware front, the
continuous improvement of high-performance computing
(HPC) systems has enabled researchers to tackle complex

Figure 1: Main digital technologies for materials innovation.

computational challenges with greater speed and efficiency.
The availability of powerful processors, increased memory
capacity, and enhanced parallel computing architectures has
significantly accelerated materials simulations and modelling
[17]. In parallel, software technologies have undergone remark-
able advancements. ML frameworks and algorithms have
evolved to handle large and diverse datasets, enabling the ex-
traction of valuable insights from materials data [6]. Additional-
ly, software advancements have facilitated the integration of
different computational models, enabling multiscale simula-
tions of materials across a broad range of length and time scales
[4,18]. Furthermore, the development of user-friendly inter-
faces and visualization tools has improved the accessibility and
usability of these advanced hardware and software technologies
[19,20].

In parallel to the use of large-scale computing infrastructures,
consumer-driven off-the-shelf computational technologies have
emerged as powerful tools for materials simulations, empow-
ering researchers with accessible and affordable solutions. One
notable example is the utilization of consumer graphics process-
ing units (GPUs) for accelerated materials simulations [21,22].
Modern GPUs, originally designed for gaming and multimedia
applications, possess immense parallel processing capabilities
that can be harnessed for scientific computations. Researchers
have successfully leveraged GPUs to accelerate computation-
ally intensive simulations, such as molecular dynamics and
quantum chemistry calculations [23,24]. Even more significant
has been the impact of GPU computing on AI. GPUs are inher-



Beilstein J. Nanotechnol. 2024, 15, 1498–1521.

1500

ently designed for parallel processing, making them exception-
ally well-suited for the demanding calculations and massive
data throughput required in AI tasks. Accordingly, GPUs are
nowadays considered the most efficient technological platform
for performing AI and data-intensive tasks [13,25]. This has
enabled the development of complex models that can process
vast amounts of materials data. Another consumer-driven tech-
nology that has boosted the digitalization of materials research
is cloud computing. Cloud-based platforms provide on-demand
access to HPC resources and large databases and infrastruc-
tures. Cloud-based infrastructures for materials research offer
scalability, flexibility, and accessibility, empowering research-
ers to collaborate, analyze data, and perform simulations more
effectively [14]. The application of cloud computing to materi-
als research include the use of materials data repositories (e.g.,
Materials Project [26] and NOMAD [27]), HPC clouds (includ-
ing commercial providers), materials simulation platforms
(Materials Cloud [28]), collaborative research environments
(ResearchGate Labs [29], Mendeley Data) and other services
for AI, data analytics, visualization, and training. Cloud plat-
forms have also been used to perform simulations in the materi-
als science domain [30] and to perform automated data analysis
[31]. However, the power of cloud computing is being enforced
even in other computationally intensive domains such as
climate modelling [32], further highlighting how this computing
paradigm can be a crucial enabler for higher-scale simulations
and modelling activities. Moreover, the continuous develop-
ment of efficient open-source software packages has boosted
the field of materials simulations. Advanced tools for the simu-
lation of materials across a broad range of scales, such as Quan-
tum ESPRESSO [33], LAMMPS [34], GROMACS [35], and
OpenFOAM [36], implement complex simulation algorithms,
making it easier for researchers to perform complex simula-
tions without extensive programming knowledge. The open-
source nature of these packages encourages community contri-
butions, fostering a collaborative environment and driving con-
tinuous improvement in materials simulation capabilities. Addi-
tionally, consumer-driven technologies like virtual reality (VR)
and augmented reality (AR) have shown promise in materials
visualization and design. VR and AR platforms offer immer-
sive and interactive experiences, enabling researchers to visu-
alize complex material structures, analyze properties, and
manipulate models in real time. These technologies enhance the
path towards the development of new materials, facilitating
informed decision-making and accelerating the design of novel
materials with desired characteristics [37-39]. These key tech-
nologies can enable the disruptive potential of digital technolo-
gies in materials development by addressing aspects related to
both predictivity and automation. The integration of multiscale
physical and data-driven modelling of materials can support the
prediction of materials properties and the design of novel mate-

rials and processes. In addition, digitalization also enables the
uptake of automation in materials development. Beside the
implementation of automation and robotics in the development,
synthesis, and characterization of materials, automation in
modelling has emerged as a powerful approach to streamline
and enhance the efficiency of computational studies. By lever-
aging digital technologies and advanced algorithms, research-
ers can automate different aspects of the materials modelling
process, from data generation to model selection and parameter
optimization [7,40,41]. Furthermore, automation enables the
integration of experimental data with computational models,
facilitating the calibration and validation of models and provid-
ing a more comprehensive understanding of materials behavior
[10]. The automation of various modelling tasks, such as data
preprocessing, model generation, and parameter optimization,
through the use of advanced algorithms and software tools,
streamlines computational workflows and minimizes manual
effort. This automation not only improves efficiency but also
enhances reproducibility and reduces the potential for human
error.

User-friendliness of software platforms and frameworks used
for materials modelling tasks has also significantly improved in
recent years. Ready-to-use software packages provide pre-
implemented algorithms and methods, eliminating the need for
researchers to develop complex simulation platforms from
scratch. The availability of software platforms and packages
and interfaces enables a more efficient translation of scientific
and technological questions into simulation and modelling
workflows [42,43]. Additionally, these tools often come with
pre-built databases, libraries, and visualization capabilities,
further enhancing their usability and efficiency.

In this work, we outline different aspects of data-intensive
digital and integration technologies, outlining their role as key
enablers for the realization of digital twins (DTs) in the context
of materials and nanomaterials development. We will also
showcase some of the work carried out towards these goals,
illustrating the main principles behind the development of tools
and approaches. The paper is structured as follows: The first
section revolves around data-centric approaches for materials
development, emphasizing the pivotal role of data; the second
section is about the realization of digital twins of nanomaterials,
elucidating conceptualization and implementation; the third
section is about key enabling digital technologies in materials
development, highlighting a fully digital, data-centric approach
through the integration of HPC and ML technologies; in the
fourth section, we outline the role of semantic technologies for
the management of data and information within materials devel-
opment; in the fifth section we describe infrastructures support-
ing data-centric workflows, covering common development



Beilstein J. Nanotechnol. 2024, 15, 1498–1521.

1501

tools for research on nanomaterials, workflow building tools,
and deployment strategies such as virtualization and container-
ization; finally, we describe a typical application scenario
featuring most of the approaches and technologies discussed in
the paper.

Data-centric approaches for materials
development
Data-centric approaches are revolutionizing conventional mate-
rials development pipelines by streamlining and informing the
entire workflow. Traditionally, materials development relied
heavily on experimental characterization and trial-and-error
methods, which can be time-consuming and resource-intensive.
However, with the rise of digital technologies, data-centric ap-
proaches have emerged as a more efficient and effective alterna-
tive [6,8,44,45].

The role of data-centric approaches in the development of mate-
rials, typically occurs at three levels, that are related to (i) intrin-
sically digital data, (ii) experimental data from high-throughput
setups, and (iii) complex and integrated datasets. Approaches
based on intrinsically digital data, such as those originating
from virtual systems, digital twins, computational modelling,
HPC, edge computing, and Internet of Things, can, in principle,
be directly integrated within data-centric frameworks. As we
will see later on, however, the issues related to data integration
are also relevant in this case. The analysis and elaboration of
data obtained from high-throughput experimental techniques,
such as signals and images, have been greatly enhanced by
digital technologies, enabling researchers to extract valuable
insights and drive materials development [12]. High-through-
put experimental methods generate vast amounts of data, which
require efficient analysis techniques to uncover meaningful
patterns and relationships. Digital technologies provide ad-
vanced algorithms and tools to process and interpret these data,
enabling researchers to extract quantitative and qualitative
information [3,11,46,47]. The integration of data from high-
throughput experiments with computational modelling and
simulation further enhances the understanding of materials
properties and behavior. By combining experimental and
computational data, researchers can validate and refine models,
improving their accuracy and predictive power [48]. The analy-
sis and elaboration of complex and integrated datasets that com-
bine simulation data with data flows from experiments and
measurements have been significantly enhanced by digital tech-
nologies. These datasets offer a comprehensive and holistic
perspective on materials behavior, enabling researchers to gain
deeper insights and make informed decisions. Through the inte-
gration of simulation data with experimental measurements, re-
searchers can validate and refine computational models, im-
proving their accuracy and reliability. Advanced data analysis

techniques, such as statistical analysis, machine learning, and
data fusion methods, enable the integration and interpretation of
diverse datasets. By applying these techniques, researchers can
uncover correlations, extract meaningful features, and reveal
hidden patterns within these complex datasets. Additionally,
digital technologies facilitate the visualization and interactive
exploration of integrated datasets, allowing researchers to visu-
alize and comprehend intricate relationships between different
variables and parameters [24]. This integrated data analysis ap-
proach fosters cross-disciplinary collaboration, facilitates know-
ledge transfer, and enhances the overall understanding of mate-
rials properties and behavior. By leveraging the power of digital
technologies, researchers can accelerate materials research,
streamline materials design processes and foster scientific
breakthroughs. A depiction of the interplay between this differ-
ent technologies and a potential resulting workflow is depicted
in Figure 2.

The implementation of digital strategies for materials/nanoma-
terials development faces several key challenges that must be
addressed for successful integration. One of the main issues is
the availability and quality of data. Digital strategies heavily
rely on data from various sources, including experimental mea-
surements, simulations, and literature databases. However,
ensuring the accessibility, reliability, and interoperability of
data remains a significant hurdle. Standardization efforts and
data sharing platforms are essential to promote cohesive inte-
gration and enable effective collaboration among researchers
[14,50]. Additionally, the computational infrastructure required
to support digital strategies poses a challenge. Accessing and
maintaining HPC resources and advanced software tools can be
costly and may require specialized expertise. Efforts to enhance
the accessibility and affordability of HPC resources, along with
user-friendly software interfaces, can help overcome these chal-
lenges [19,42,43]. Moreover, the integration of experimental
and computational data presents a significant hurdle. Aligning
experimental protocols and data formats with computational
frameworks is crucial for effective integration and accurate
prediction of materials properties. Data security and privacy
are also important considerations, requiring robust security
measures and adherence to data privacy regulations. Estab-
lishing secure data management practices and implementing
encryption techniques can help safeguard intellectual property
and confidential information [51,52]. Furthermore, the skills
and training needed to leverage digital strategies are crucial. Re-
searchers and practitioners need to acquire expertise in compu-
tational modelling, data analytics, and relevant software tools.
Investing in education and training programs can empower the
workforce with the necessary skills to effectively utilize digital
strategies in their research endeavors. By addressing these main
issues, the implementation of digital strategies can unlock new
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Figure 2: Merging ML with HPC infrastructures can be done in three different ways: ML-in-HPC uses AI/ML surrogate models to replace simulations,
ML-about-HPC complements and potentially directs traditional computational tasks, and ML-out-HPC employs high-level AI/ML algorithms, such as
active learning or reinforcement learning, to dynamically control the overall workflow. ML-in and ML-about directly produce output for analysis, while
ML-out drives this production. This figure was reprinted from [49] by Jha, S.; Pascuzzi, V.; Turilli, M., "AI-coupled HPC Workflows" in "Artificial Intelli-
gence for Science: A Deep Learning Revolution", Choudhary, A.; Fox, G.; Hey, T. Eds. p. 515–534, Copyright 2023 World Scientific Publishing. It is
used with permission from World Science. This content is not subject to CC BY 4.0.

opportunities and drive advancements in materials and nanoma-
terials development.

One of the challenges in implementing digital strategies for ma-
terials/nanomaterials development lies in translating high-end
technologies into specific and narrow research domains. While
digital technologies offer tremendous potential, their applica-
tion in specific research domains requires careful adaptation and
customization. Each research domain has its unique require-
ments, experimental techniques, and data formats, which may
not readily align with existing digital tools and frameworks.
Translating high-end technologies to these specific domains
involves developing domain-specific models, algorithms, and
data processing pipelines that cater to the specific needs and
constraints of the research area. This requires interdisciplinary
collaboration between materials scientists, domain experts, and
computational researchers to identify the most relevant and
impactful digital technologies, adapt them to the specific
research domain, and validate their applicability. Additionally,
effective communication and knowledge exchange between dif-
ferent research communities are crucial to ensure a logical inte-
gration of digital technologies into specific research domains.
By addressing the challenge of translating high-end technolo-
gies into narrow research domains, the full potential of digital

strategies can be harnessed to accelerate materials discovery
and development in targeted areas. For an example of the
process that lead from horizontal technologies to a vertical inte-
gration to the materials science domain see Figure 3.

The successful implementation of digital strategies for materi-
als/nanomaterials development relies on the crucial role of
“translators” who bridge the gap between domain-specific re-
searchers and digital technology experts. Translators should
ideally possess a deep understanding of both the research
domain and the capabilities of digital technologies, acting as
intermediaries, facilitating effective communication, collabora-
tion, and knowledge exchange between the two groups. Transla-
tors potentially play a pivotal role in identifying the specific
needs and challenges of the research domain and articulating
them to digital technology experts, supporting the translation of
domain-specific requirements into technical specifications, and
enabling the development of tailored digital solutions. Like-
wise, translators interpret the capabilities and potential of digital
technologies to domain experts, showcasing how these technol-
ogies can address their research questions and enhance their
workflows. By serving as a liaison, translators ensure that
digital strategies are effectively applied in materials/nanomate-
rials development, leading to more informed decision-making,
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Figure 3: The funnel for the convergence of a manifold of digital technologies towards the materials domain. The included icons are accredited as
follows: The HPC icon is from https://www.svgrepo.com/svg/484996/server-network-part-2 under the CC0 License; the machine learning icon is from
https://www.svgrepo.com/svg/447866/ai-mi-algorithm under the Public Domain License or CC0 License; the data workflows icon is from https://
www.svgrepo.com/svg/7371/data-flow-chart under the CC0 License; the infrastructure icon is from https://uxwing.com/web-service-icon/. This content
is not subject to CC BY 4.0; the integration icon is from https://www.svgrepo.com/svg/439194/integration-testing under the MIT License (see https://
www.svgrepo.com/page/licensing/#MIT), by Andreas Mehlsen. This content is not subject to CC BY 4.0; the simulation icon is from https://
www.svgrepo.com/svg/165724/science-symbols-on-computer-screen under the CC0 License; the nanomaterials technologies icon is from https://
www.svgrepo.com/svg/304458/cells-molecule-science-biology-microscope-lab under the CC0 License.

accelerated discovery, and innovation. Figure 4 summarizes the
key point of this sections through a SWOT (“Strengths, Weak-
nesses, Opportunities, Threats”) analysis.

Towards a digital twin of nanomaterials
Enabling a “digital twin” of nanomaterials is a critical aspect of
digital strategies for materials/nanomaterials development [16].
A digital twin represents a virtual replica of a physical material,
capturing its properties, behavior, and performance in a digital
form. Creating a digital twin involves integrating various types
of data, such as experimental measurements, simulation results,
and materials databases, into a unified model. This digital repre-
sentation enables researchers to explore and analyze materials
in a virtual environment, providing insights that would other-
wise require extensive and time-consuming experimental testing
[53,54]. The digital twin serves as a powerful tool for predic-

Figure 4: SWOT analysis of data-centric approaches in materials
science.
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tive modelling, optimization, and design of materials, allowing
researchers to assess performance under different conditions,
predict degradation mechanisms, and optimize material proper-
ties. It also facilitates virtual experimentation, reducing the need
for costly and resource-intensive physical trials. The develop-
ment of digital twin frameworks requires interdisciplinary
collaboration between materials scientists, data scientists, and
computational experts to ensure accurate representation and
reliable predictions. By enabling a digital twin of materials,
digital strategies offer a transformative approach to materials
development, unlocking new avenues for innovation and accel-
erating the design and optimization of advanced materials.

The concept of a digital twin within the materials domain
encompasses the integration of both models and data-driven ap-
proaches. It involves linking physical and statistical models to
data-driven techniques to create a comprehensive digital repre-
sentation of materials. This integration enables researchers to
benefit from the strengths of each approach, combining the
fundamental understanding provided by models with the rich-
ness and complexity of real-world data. By linking models with
data-driven approaches, the digital twin concept offers a power-
ful framework for advancing materials research, accelerating
materials design, and enabling more informed decision-making
in the materials domain. Models provide a mathematical or
computational description of the behavior of materials, cap-
turing physical, chemical, and mechanical properties. Data-
driven approaches leverage large datasets, including experimen-
tal measurements, to extract patterns, correlations, and trends in
materials behavior. By combining both model-based and data-
driven approaches, a digital twin can encompass the complete
picture of the performance of materials under different condi-
tions. This mutual positive feedback between model-based
simulations and data-driven methods is depicted in Figure 5.

In the context of nanomaterials, the digital twin concept
involves utilizing models to represent the underlying physics or
chemistry of the system, while incorporating data-driven ap-
proaches to enhance the accuracy and predictive power of these
models. Data-driven techniques provide valuable insights into
the complex relationships and interactions within the material,
capturing real-world behavior and enabling better calibration
and validation of the models. This integration allows research-
ers to refine and improve the models, making them more accu-
rate and reliable in predicting material properties, performance,
and behavior under different scenarios. Physics-based models
are built upon fundamental principles and equations, capturing
the underlying physics or chemistry of materials. These models
describe the interactions between atoms, molecules, or particles,
allowing researchers to simulate and predict material properties
and behavior at different scales. Physics-based models provide

Figure 5: Main building blocks for a workflow comprising data collec-
tion, ML model training, and deployment on cloud and HPC cluster.
This is a virtuous cycle where each step leads to the next one and then
back to first. This figure was published on Future Generation Comput-
er Systems, vol. 134, by J. Ejarque, R. M. Badia, L. Albertin, G. Aloisio,
E. Baglione, Y. Becerra, S. Boschert, J. R. Berlin, A. D'Anca, D. Elia, F.
Exertier, S. Fiore, J. Flich, A. Folch, S. J. Gibbons, N. Koldunov, F.
Lordan, S. Lorito, F. Løvholt, J. Mací­as, M. Volpe, ”Enabling dynamic
and intelligent workflows for HPC, data analytics, and AI convergence”,
p. 414–429, Copyright Elsevier (2022) [55]. It is used with permission
from Elsevier. This content is not subject to CC BY 4.0.

insights into the fundamental mechanisms governing materials
phenomena, such as structural changes, phase transitions, and
mechanical responses. Empirical models, in contrast, are
derived from experimental observations and statistical analyses.
These models rely on data collected from experiments and mea-
surements to establish relationships between input variables and
desired outputs. Empirical models are often used when the
underlying physics or chemistry is not fully understood or when
experimental data is abundant. They offer a practical and effi-
cient approach to predict material properties and behavior based
on empirical correlations and trends. Data-driven models
leverage machine learning and statistical techniques to extract
patterns and relationships from large datasets. These models
learn from existing data to make predictions or classifications
without explicit knowledge of the underlying physical princi-
ples. Data-driven models can be trained on diverse datasets, in-
cluding experimental data, simulation data, and literature data,
enabling the discovery of complex relationships and the identi-
fication of new material properties or behaviors. The integra-
tion of these different types of models is crucial for digital
strategies in the development of materials and nanomaterials.
Combining physics-based models with empirical or data-driven
models allows researchers to benefit from both the under-
standing provided by fundamental principles and the predictive
power of data-driven approaches. The synergy between models
enables more accurate predictions, enhances the exploration of
materials design space, and accelerates the discovery of novel
materials with desired properties. A SWOT analysis of DT ap-
plications in the materials development domain is shown in
Figure 6.



Beilstein J. Nanotechnol. 2024, 15, 1498–1521.

1505

Figure 6: SWOT analysis of digital twin applications for the materials
science domain.

Key Enabling Digital Technologies for
Materials Development
New paths for materials design and development leverage on
digital technologies, merging multiscale physical modelling,
data-driven modelling, artificial intelligence, and innovative
hardware and software technologies and infrastructures [41,56].
Multiscale modelling constitutes one of the crucial ingredients
for linking a physical description of materials to new digital and
data-intensive technologies. Accordingly, multiscale modelling
has recently gained popularity as the approach of choice in
several application domains where the properties of advanced
and complex materials are exploited [5,18]. Methods applied in
multiscale materials modelling address a broad range of phe-
nomena from the electronic/atomistic to the macroscopic scale.
However, the application of comprehensive multiscale models
to relevant application scenarios requires a significant amount
of computational power at hand, which translates into the need
for efficient hardware and software infrastructures and technol-
ogies. These requirements often call for the application of HPC
and large-scale infrastructures, which require considerable
efforts in terms of implementation, management, resources, and
power. These strong constraints on infrastructures, compe-
tences, and resources constitute a significant barrier for non-
specialists or non-academic institutions, for example technolog-
ical SMEs. Current multiscale approaches also lack a high
degree of automation and are more similar to a custom, tailor-
made process. The overall modelling workflows can therefore
be very time-consuming, in terms of human power required,
especially when a broad range of interlinked multiscale models
is involved. The lack of consolidated automation workflows
turns into a relatively low throughput of multiscale modelling
approaches in current scenarios. In recent years, however, we
have begun to witness the success of AI and ML for materials
development [7,13]. This is particularly evident, for example, in

the application of AI-related methods for the prediction of
structure–property relationships in materials [6]. Despite these
successes in delivering accurate and reliable property predic-
tions based on training datasets, several other extremely power-
ful applications of AI still need to be fully unraveled. For exam-
ple, efficient routes for translating the methodologies borrowed
from the impressive progress of natural language technologies
to the materials domain are just at their early stage. In other
words, the application of ML to materials development is
largely still at the “empirical” level, that is, supporting the
prediction of materials properties within a relatively simple,
though numerically very intensive, methodological framework
[57]. Largely relying on the property prediction and design
sides, data-driven approaches seem to be still quite distant from
the concept of a working, comprehensive digital twin of materi-
als. This unstructured approach results in an evident lack of
standardization (for example, in the definition of features for
materials data across multiscale domains), poor links with spe-
cific application domains, and a consequent narrowing of poten-
tially interested communities. Overall, the limitations in the in-
tegration between multiscale modelling, AI, and related infra-
structures described above, constitute a major obstacle to the
implementation of efficient technology transfer pathways for
materials development to boost the impact of innovative digital
tools to broad socioeconomic sectors. The transfer of know-
ledge and technology from basic research to applications indeed
requires consolidated practices and a sort of robustness of the
approaches undertaken. Moreover, the research in the field is
still at a lower technology readiness level (TRL) with respect to
what is needed for transferring knowledge to real-life applica-
tions and scenarios. As stated above, even low-TRL basic
research lacks most of the requirements to initiate a path
towards standardization and industrial validation. The technical
limitations outlined above result in significant issues for tech-
nology transfer in the field. These include the lack of industry-
grade standards, which results in the adoption of case-by-case
approaches and, consequently, in significant requirements in
terms of resources. Most application fields and domains also
lack consolidated approaches to deal with uncertainties, thus
hampering the overall impact of digital tools for materials.

A fully digital data-centric approach
Integration technologies try to tackle the issues outlined above
by exploiting the efficiency of digital and data-centric ap-
proaches within a specific domain [48,58,59]. In this respect,
integration merges tools and technologies within a customized
framework and toward a specific goal, thus differentiating from
typical consumer-side applications. This approach to integra-
tion can therefore be considered at the intersection of know-
ledge acquired on the domain and data-science specific tools
(Figure 7).
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Figure 8: The general architecture of a workflow-oriented data-driven framework for materials development. The components of the framework imple-
ment different levels of abstraction depending on their function.

Figure 7: The integration paradigm between knowledge and specific
technologies for fully digital data-centric approaches. The included
icons are accredited as follows: The molecule icon is from https://
www.svgrepo.com/svg/197776/molecule-molecular under the CC0
License. The data science icon is from https://www.svgrepo.com/svg/
424587/graph-analytics-business under the CC0 License.

Integration frameworks are implemented as data-centric work-
flows, where data and information link the components at dif-
ferent abstraction levels [60]. The practical implementation of
this kind of integration strategy requires a strong low-level inte-
gration technology involving a broad range of components [11].
Robust and efficient software infrastructures are at the core of
integration frameworks and should feature a good mix of highly
specialized and general purpose tools. Software tools must be
paralleled by high-performance hardware infrastructures. These
must be able to deal with extremely CPU-intensive and
memory-intensive tasks (for example, for dealing with multi-
scale physical models) and support GPU computing (for deep
learning but also for advanced visualization) [61]. The large
amount of materials data involved in typical development pro-

cesses often requires high-performance and high-end storage
systems (>100 TB) and high-performance networks and inter-
connections (100 Gbps and 10 Gbps for local and geographical
connections, respectively). On the basis of these conceptual and
technical requirements, we can define the generic architecture
of a workflow-oriented data-driven high-throughput framework
that can be applied to implement a digital multiscale materials
development pipeline (Figure 8).

The general structure of this framework is based on a set of
interfaces and different abstraction layers. General user queries,
related to use cases, are translated into tasks and workflows,
returning advice and support to decision making [60]. The reali-
zation of the framework is based on the interplay between the
different levels of abstraction and the corresponding implemen-
tation. At the higher abstraction level, semantic technologies
constitute a very powerful approach to represent knowledge.
This level of abstraction connects high-level information across
the framework, guaranteeing consistency from the formulation
of queries to the definition of tasks. Ontologies, in particular,
constitute an efficient and common way to formally represent
knowledge. Accordingly, recent collaborative work has focused
on the development of materials ontologies, aiming at devel-
oping a shared framework for representing knowledge in the
domain [14,50,60,62,63]. The scenarios depicted above require
the definition of semantic assets tailored to specific applica-

https://www.svgrepo.com/svg/197776/molecule-molecular
https://www.svgrepo.com/svg/197776/molecule-molecular
https://www.svgrepo.com/svg/424587/graph-analytics-business
https://www.svgrepo.com/svg/424587/graph-analytics-business


Beilstein J. Nanotechnol. 2024, 15, 1498–1521.

1507

tions of multiscale materials and nanomaterials, thus covering
concepts and terms covering both very general purpose domain
semantics, typical even in mid-level ontologies, and specific ap-
plications. In the ideal scenario, the development of ontologies
is therefore driven by workflows designed by end users. A
SWOT analysis about the use of semantic technologies in mate-
rials science is shown in Figure 9.

Figure 9: SWOT analysis of semantic technologies in materials
science.

With these criteria in mind, we recently worked at the develop-
ment of MAMBO, the “Materials and Molecules Basic Ontolo-
gy”.

MAMBO - the Materials and Molecules
Basic Ontology
In the context of the applications of semantic technologies, a
solid ontology is the ground of a robust infrastructure. In real-
world applications, access to the so-called mid-level domain on-
tologies is particularly relevant. These are ontologies that
enforce more abstract assets defined in higher-level ontologies
to formalize knowledge about a more specialized domain (for
example, workflows and real-world scenarios). These ontolo-
gies serve as the link between general principles and very spe-
cific applications. This was the main reason behind the develop-
ment of an ontology dedicated to molecular materials, that is,
MAMBO (the Materials And Molecules Basic Ontology)
[64,65]. MAMBO aims to cover areas of knowledge in particu-
lar in the domain of molecular materials and nanomaterials.
Despite the large amount of work already carried out in the field
of ontologies for generic materials and chemical entities, several
essential concepts required to deal with the peculiar aspects of
molecular materials and nanomaterials are still largely missing.

The development of MAMBO followed an hybrid approach
mixing top-down and bottom-up processes. To accurately

capture the distinct characteristics of concepts integral to the
formulation of the MAMBO ontology (both the more general
concepts and the more specific ones), we initially constructed a
set of qualitative relationships among the identified main terms
(such as the concept of “material”, or the concepts of “experi-
ment” and “simulation”). We then refined these concepts,
mainly through the results of interviews with domain experts,
which have been asked to describe many specific aspects of
their research work and activities. Throughout this process, we
established the actual classes of the ontology, further enhancing
and clarifying their interconnections; with regard to the
concepts discussed before, we formally defined classes like Ma-
terial, Experiment and Simulation for the core of the ontology,
and we started to add concepts that are specific to molecular
materials, nanomaterials and related domains, such as Molecu-
larAggregate. The main core of the ontology can be seen in
Figure 10.

Figure 10: MAMBO main core classes and relationships: the ontology
revolves around the concepts of Material, Simulation and Experiment.
An object (Material) is represented by its structural features (Structure)
and properties (Property), while computational (Simulation) and experi-
mental (Experiment) workflows are connected through a common inter-
face to Property and to Structure.

As shown in Figure 10, one of the main design choices we
made for MAMBO is the representation of both the modelling/
simulation activities and the experimental ones using separated
classes and hierarchies. This choice allows us to address large
parts of the same knowledge base from two different perspec-
tives. From this core, we developed deeper and more special-
ized hierarchies, which are functional to talk about more
specialized concepts such as Molecule, Atom, and so on. The
role of these more specific classes is to give us the possibility to
talk about the specific entities and concepts required to describe
our research activities and to better define real-world work-
flows that enforce those concepts in order to link our scientific
questions to the final results we need.
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Figure 11: A visual description of the workflow discussed. The first block contains the input files, which are representable as MolecularSystem
instances as individuals; the second block consists of all the files and software needed to perform the actual simulation; finally, the third block repre-
sents the output obtained from the simulation, with information about the structure of the molecular aggregate and the resulting computed density.

Although still in the early development stages, MAMBO
proved to be expressive enough to let us represent the know-
ledge related to computational workflows, using concepts
defined in the ontology. This is a first step towards a formal
definition of each step of more complex research workflows
and for enabling more powerful semantic technologies, where
data and the metadata are all encoded using the semantic assets
defined in the ontology. This approach leads to a more efficient
data processing, as a result of the logical consistency of the
definitions used. Data then can act as the glue that make inter-
connections between different steps of the workflow possible
and easier. Moreover, with this kind of representation, we can
use as data not only the main information related to a specific
workflow, but we can enrich the general knowledge with
several other information concerning for example the use of
resources or provenance.

Case-study application of MAMBO
The applicability of MAMBO in the organization of knowledge
in the target domain was assessed by analyzing simple typical
workflows related to R&D for materials and in particular mo-
lecular materials. In this section, we will discuss a case study
related to the implementation of simulation workflows for in-
vestigations of the properties of molecular materials and nano-
scale molecular aggregates. To this end, we will use MAMBO
classes and relationships that, for the sake of brevity, we cannot
introduce here. Interested readers can find more details in
[64,65]. The analysis of a case study focusing on simulation
workflows, in particular, allows us to define technical require-
ments and possibly tune the expressiveness of MAMBO in
addressing the specific knowledge involved in the description of
materials at different scales (from particles to aggregates). Our
approach is based on analyzing a general workflow that
connects initial information and conditions (pre-requisites) and
the final output (post-requisites) of the problem under investiga-

tion, further decomposing the problem into tasks and subtasks.
The definition of tasks and subtasks and the domain knowledge
is organized in terms of the structure provided by MAMBO. Let
us first consider a simulation workflow for the evaluation of the
physicochemical properties of a molecular aggregate made of
identical molecules based on force-field molecular dynamics
(MD). While simple, this workflow exhibits the main features
of more complex simulations. The consistent representation of
this workflow within MAMBO can therefore be instructive of
the approach pursued and gives possible hints of the ability to
formalize more complex cases. This macrotask can be decom-
posed into several interconnected computational subtasks,
which involve different operations on structured data. From the
practical point of view, the overall workflow is generally real-
ized by applying specialized simulation software, which imple-
ments specific computational methods, operating on structured
input files and producing output files as results. Other opera-
tions may require the manipulation of files and data structures.
In the case of the considered workflow, we need, for example,
input files containing information about the structure of the
molecule under study. This information is further processed by
specialized software, implementing computational methods,
which provide an output in terms of molecular properties. These
methods can include, for example, structure manipulation tools
(such as simulation box builders) and MD-specific algorithms
for equilibrating molecular aggregates under different condi-
tions [66,67]. The workflow produces structured information
containing, for example, a snapshot of the structure of the simu-
lated aggregate under the considered conditions and/or derived
properties (for example, the computed equilibrium density of
the aggregate in kg·m−3). A sketch of this workflow is shown in
Figure 11.

The decomposition of the workflow sketched in Figure 11 high-
lights the parallelism between the involved knowledge and
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Figure 12: An excerpt of a real-world input file containing structural information about a molecule encoded in the standard xyz format. In particular,
the file contains information on the Cartesian coordinates and symbols of all the atoms in the molecule and the total number of atoms. Some of the
involved MAMBO instances and class attributes are highlighted in different colors. Black: Structure instance, blue: MolecularSystem instance, orange:
Atom instance and attributes, and red: CartesianCoordinates instance and attributes.

Figure 13: An excerpt of a real-world configuration file containing information about a simulation. This example shows possible encoding in formats
used by common software packages for MD simulations (here, a syntax borrowed from the Gromacs [35] format is considered). In particular, the file
contains information about the type of Integrator, the definition of the interaction potential used in MD simulations (for example, parameters for bonded
potential terms, collected by an instance of BondedPotential). Involved MAMBO instances and class attributes are highlighted in different colors.
Black: ComputationalMethod instance, green: BondedPotential instance, blue: ThreeBody instance, red: TwoBody instance and attributes and yellow:
Integrator instance and attributes.

instances of MAMBO classes. For example, we can identify the
following: (i) The initial information about the molecular
system considered is an instance of the Structure class, which is
linked to the Material class via the has_structure relationship.
In particular, the information pertains to the MolecularSystem
subclass. (ii) More detailed knowledge on the molecular system
considered can be structured in terms of instances of the Atom
class, which contains information about individual atoms of the
molecule. In turn, the position of individual atoms corresponds
to instances of the CartesianCoordinates class. (iii) Informa-
tion on the tools for the manipulation of data structure and on
MD algorithms can be represented as instances of the Computa-
tionalMethod class. (iv) In analogy with the input data, part of

the information provided by the workflow can be represented as
an instance of the Structure class. In particular, the simulated
structure of the molecular aggregate is an instance of the Molec-
ularAggregate class. (v) The computed property of the molecu-
lar aggregate (for example, the computed density) is an instance
of the Property class.

An example of the parallelism between the structural informa-
tion on a molecule stored as a file and encoded in a standard
format in the context of molecular simulations (xyz format) and
corresponding attributes of MAMBO classes is shown in
Figure 12. A similar example for attributes of classes pertaining
to the ComputationalMethod class is shown in Figure 13.
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The link between the structure provided by MAMBO and the
data defining a specific computational workflow can be provi-
ded by metadata and/or annotations, which can be implemented
in a variety of standard formats [68]. The applicability of
MAMBO in the definition of the workflow considered above
and defined by exploiting problem-solving methods [69]
(competences - input/output, operational specifications and
requirements) shows the potential of the proposed approach in
the context of specific applications in the materials develop-
ment pipeline. This approach can be easily extended to more
complex systems and processes. The semantic interoperability
ground provided by MAMBO in the materials science domain
provides the basic components to represent complex workflows
in terms of basic and reusable building blocks enabling high-
throughput and automated data processing.

IATA Frameworks
Integrated Approaches to Testing and Assessment (IATA)
frameworks constitute another key set of technologies in the
context of materials digitalization. IATA tools combine various
testing and assessment methods to provide a comprehensive
evaluation of materials, including nanomaterials. In particular,
IATA frameworks leverage computational models, experimen-
tal data, and ML techniques to predict properties and behavior
of materials, thus facilitating the integration of diverse data
sources and tools to develop predictive models under a struc-
tured assessment strategy. Among the broad range of tools
available for supporting the development of digital twins of ma-
terials and the evaluation of molecular descriptors within an
IATA framework, there are the following:

VMD (Visual Molecular Dynamics) is a molecular visualiza-
tion program that provides a platform for the modelling, visuali-
zation, and analysis of molecular and biological systems. It is
widely used for the development of materials’ digital twins and
the calculation of molecular descriptors that can be integrated
into ML models [70].

Enalos NanoInformatics Cloud Platform is a web-based plat-
form that allows users to design and build nanomaterials. It
supports the calculation of molecular descriptors and the inte-
gration of these descriptors into ML models for predictive anal-
ysis [71]. Moreover, it is tailored to the safe-by-design para-
digm, making it an essential tool for future researches [72].

ASCOT (an acronym derived from Ag-Silver, Copper Oxide,
Titanium Oxide) is a tool for the automated construction and
optimization of molecular structures for, as the name suggests,
silver, copper oxide, and titanium oxide [73]. ASCOT assists in
the generation of high-quality digital twins of materials and the
computation of relevant molecular descriptors.

Nanotube Modeler is a software tool designed to create three-
dimensional coordinates for various nanoscale carbon struc-
tures, including nanotubes, nanocones, and fullerenes. The soft-
ware generates precise xyz coordinates for these molecular
models. Users can visualize the resulting structures using either
the built-in viewer or by exporting the data to their preferred vi-
sualization software [74,75].

Infrastructures for Data
To fortify the foundation given by the robust data structures and
metadata that derive from the usage of ontologies, it must be
noted how the ability to easily upload and share the resulting
data plays a pivotal role. In the realm of contemporary data
management, the advent of cloud technologies has emerged as a
pivotal catalyst, revolutionizing the infrastructures for data [28].
Cloud technologies represent the most efficient and dynamic
means to facilitate the seamless sharing of knowledge across
diverse platforms. The inherent scalability, flexibility, and
accessibility of cloud-based systems provide researchers and
organizations with unprecedented capabilities to store, process,
and retrieve vast volumes of data [17]. However, harnessing the
full potential of cloud technologies demands a conscientious
commitment to deep structuring and restructuring of data. This
intricate process involves the precise organization and optimiza-
tion of information repositories to ensure optimal performance
and resource utilization. Consequently, the synergy between
cloud technologies and meticulous data structuring heralds a
new era in scientific inquiry, empowering researchers to navi-
gate the complex landscape of information with unprecedented
efficiency and agility.

Development tools
In the realm of computational research, the use of local devel-
opment tools (both on workstations and on HPC facilities) plays
a pivotal role in facilitating research, enabling scientists to
smoothly transition from theoretical concepts to practical work-
flows and results. In this section, we are going to highlight
some of these tools.

The Jupyter ecosystem
In recent years, we have seen the rise of the Jupyter ecosystem,
a set of tools developed to make scientific programming easier
(even for novices), interactive, and reproducible, while giving
the possibility to mix actual code with a markdown text and dif-
ferent media, an approach very akin to that of literate program-
ming [76]. The main component of the Jupyter ecosystem is the
Jupyter Notebook. The Jupyter Notebook provides an interac-
tive computing environment that combines code execution, rich
text, and multimedia elements into a single document [77].
Scientists can leverage Jupyter notebooks to develop, docu-
ment, and share computational workflows. These notebooks
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serve as an interface where theoretical concepts are trans-
formed into executable code, enhancing collaboration and
reproducibility in research. We can use notebooks to turn the
general concepts and the usual scripts, files, software configura-
tions, and the documents containing technical and scientific ex-
planations into a series of unified files that serve as both the
actual executables and the explanatory file. Thanks to the possi-
bility offered by Jupyter notebooks to integrate code with
explanatory text (with the rich text rendering capabilities of
markdown documents), images, plots, and visualizations in
general, researchers can create comprehensive narratives around
their computational experiments. This integration fosters a
seamless transition from theoretical concepts to practical work-
flows. Researchers can articulate their thought processes,
present results visually, and iterate on their code, fostering
a dynamic and iterative research environment. Moreover,
thanks to the different media we can integrate inside a note-
book and thanks to the possibility to use notebooks for a
growing number of programming languages [78], even new re-
searchers with no prior experience with computational tools and
HPC as a whole can start to develop their workflows and
computational experiments through a friendly, powerful, and
intuitive environment.

To make notebooks even more powerful, the Jupyter project
introduced a new editor called Jupyter Lab. Jupyter Lab repre-
sents the next-generation interface for Jupyter notebooks,
offering an actual integrated development environment (IDE)
with enhanced features [79]. Its modular architecture allows
users to arrange and organize components to suit their work-
flow preferences, providing a more versatile and customizable
experience compared to traditional Jupyter notebooks. Other
than the familiar notebook file format and interface, Jupyter Lab
offers better filesystem navigation and better visualization capa-
bilities; it also offers the possibility to edit standard text files
together with notebooks. Moreover, Jupyter Lab offers real-
time collaboration editing capabilities [80], allowing research-
ers to collaboratively edit their notebooks, meaning that the
code, the explanatory text, images, and the visualization of
results can be turned into a fully collaborative effort. In addi-
tion, Jupyter Lab offers a very powerful plugin and extensions
system and an application programming interface (API) [81]
that allows developers and researchers to add new functionali-
ties to the notebook IDE, making it even more powerful. Partic-
ularly relevant to the scope of this paper are extensions meant to
make Jupyter Notebooks integrated with classical HPC facili-
ties [82]. At the same time, it is worth highlighting that there are
other ways to use notebook in standard HPC settings, like using
SLURM [83] interactive sessions and start a Jupyter kernel
inside one of them. Thanks to this kind of integrations or solu-
tions, researchers can ensure that resource-intensive calcula-

tions can be executed efficiently, expanding the scope of
research possibilities while preserving the advantages of using
the Jupyter notebook interface.

The final piece of the puzzle is finding a way to share and store
Jupyter notebooks within the team and the research community
in general. However, simply saving them is not a sufficient
target since we also want to preserve the possibility to execute
the notebooks. In a nutshell, we want to integrate the Jupyter
notebooks with the cloud architecture, while preserving their
interactive nature. To this very end, Jupyter Hub was intro-
duced in the Jupyter ecosystem. Jupyter Hub serves as a central-
ized platform for managing and deploying Jupyter notebooks
[84]. It enables multiple users to access shared resources,
fostering collaborative research efforts. Jupyter Hub can be par-
ticularly advantageous in educational settings, research groups,
or institutions where researchers need a centralized hub for their
computational chemistry endeavors.

Leveraging all these software products, we can obtain a unified
platform for saving and sharing an interactive and multimedia
coding environment, which also allows researchers to docu-
ment and explain their code and research questions. Thanks to
the cloud nature of this platform, researchers can save and share
their work, and all the editing activity is immediately visible to
other researchers. This editing can also be a real-time collabora-
tion between different researchers, further accelerating their ac-
tivities and the process of getting results. Also, the platform can
be developed and deployed following the FAIR principles [85],
meaning that all the results and the respective workflows are
shared between different teams and are, more generally, freely
accessible through the platform. This way, different teams can
start from where previous work ended, making it easier to
reproduce results but also to re-use previous pieces of research
as the starting point of new discoveries. Jupyter has also been
used as a tool for sharing computational tasks and workflows
[86] to make it easier for researchers to co-operate during the
development through a uniform interface [87] and also to build
interactive training resources and textbooks [88].

Workflow management
While Jupyter notebooks are very useful to write and explain
the reasoning behind it, they are still far from being a full work-
flow management solution. Other than being hard to orches-
trate and use together in complex pipelines, they still require
that researchers write code in order to be built and that they
open and read notebooks in order to see if a specific notebook is
useful for them. In recent years, low-code approaches are
emerging also in the context of research and HPC applications
[89]. This approach is particularly appealing as it allows re-
searchers to build even complex workflows and pipelines only
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using visual tools and connecting functional blocks with logic
and temporal order relations.

Wireframe sketching
To enhance clarity and structure within computational experi-
ments, the use of wireframe sketches can be invaluable. Wire-
frames can serve as templates, guiding researchers to structure
the workflow of activities systematically. A well-designed wire-
frame sketch might include sections for input parameters, code
execution, visualizations, and textual explanations, promoting
consistency and clarity in workflow organization. Wireframes
are already a standard tool in software development [90-92],
and they are meant to help developers to define the data-flow
and execution logic of the software using abstract building
blocks and links. Accordingly, wireframes can identify flaws in
the general reasoning and improve the logic of the development
roadmap. This set of tools can provide computational scientist
with systematic ways to better plan the research activities,
leaving the implementation work to a later stage. Moreover, this
step can benefit from the availability of semantic assets that
describe the entities and operations related to research work-
flows. The actual implementation of a workflow usually follows
the complete definition of the generic features in terms of a
wireframe sketch. This is when software that is specifically de-
veloped in order to give the possibility to implement real-world
pipelines with a low-code approach comes to play since it
allows to implement a working research flow with a syntax and
visual features that are very similar to those of the wireframes.

Workflow building tools
Workflow building tools and platforms can assist development
and implementation steps starting from wireframe sketches.
Workflow builders usually enable the representation of a com-
plex workflow as a sequence of operations connected by
sequential and/or logical relationships. The operations are
usually represented as blocks or modules, connected to previous
blocks via a chain of input/output data structures. The relation-
ships that links these inputs and outputs can be as simple as
“after this, do that” or can be more involved and include logical
conditions (like: “if this is the output, then do this, or if this is
the output, do this instead”). Several general-purpose workflow
building platforms have recently gained interest for imple-
menting computational and modelling workflows.

KNIME (Konstanz Information Miner) is an open-source data
analytics, reporting, and integration platform [93]. KNIME
allows users to visually create data workflows, ranging from
simple data preprocessing to complex machine learning and
data mining tasks. KNIME provides a graphical interface where
users can drag and drop nodes to design and execute data analy-
sis workflows. KNIME employs a node-based workflow design,

where each node corresponds to a specific operation or task.
Users establish connections between nodes to construct a work-
flow, allowing data to flow between nodes for diverse opera-
tions. The platform boasts an extensive node repository that
includes pre-built nodes for tasks like data cleaning, transfor-
mation, analysis, and machine learning, giving users the possi-
bility to create custom nodes, thereby expanding the flexibility
and the functionality of the platform. Also, KNIME supports
the incorporation of data from diverse sources, such as data-
bases, flat files, and web services, providing specific connec-
tors and nodes to ensure smooth data integration and manipula-
tion. Offering high flexibility and extensibility, KNIME allows
users to integrate external tools and scripts into workflows,
facilitating the inclusion of custom functionalities and algo-
rithms. Moreover, interactive data exploration is facilitated
through the provision of interactive views and visualization
tools, empowering users to scrutinize and analyze data at
various workflow stages. KNIME has also been developed to
allow for consistent integration with external tools and
languages (with particular focus on popular scientific languages
like R and Python), enabling users to harness the capabilities of
these tools within the KNIME environment. All these features
are further empowered by the community, which developed
several extensions and integrations. All these qualities contrib-
ute to make KNIME a powerful and user-accessible instrument
for the orchestration of workflows and for data analytics in
general and to make it widely embraced in both academic and
industrial spheres for a diverse spectrum of tasks associated
with data manipulation and analysis. KNIME has been used in
various nanomaterials research projects for data analysis and
workflow automation. For instance, it has been used to develop
workflows for the analysis of nanomaterials and nanoparticles
toxicity [94] and to aggregate data about biological activities of
compounds coming from different sources [95].

The Galaxy Project is an open-source platform designed for
accessible and reproducible data-intensive research [96]. While
it was conceived for biomedical applications, it is now a more
general purpose tool for research workflow automation. Galaxy
provides a user-friendly interface facilitating data analysis for
scientists, researchers, and analysts. Through a series of inte-
grated tools and workflows, it offers features such as a web-
based platform. This web-based interface allows users to access
and perform data analysis tasks using a standard web browser,
promoting collaboration and ensuring ease of use. Akin to
KNIME, Galaxy supports the creation and execution of data
analysis workflows. Users can design workflows visually by
connecting tools and processes, making it intuitive for research-
ers with varying levels of expertise. Also, Galaxy incorporates a
diverse range of bioinformatics and data analysis tools, consis-
tently integrating them into the platform. Galaxy is designed
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from the ground up in order to be compatible with various
bioinformatics file formats, allowing users to integrate their
custom tools, workflows, and results into the platform. Users
can then access and execute this plethora of tools within their
analysis workflows [97]. By putting strong emphasis on repro-
ducibility in scientific research, Galaxy enables easy sharing of
workflows. This feature allows others to reproduce analyses and
verify results, fostering transparency and collaboration in scien-
tific endeavors. The Galaxy Project leverages an active commu-
nity of users and developers and, in general, follows a commu-
nity-driven approach in order to foster improvement, support,
and the development of new features and tools. In addition,
Galaxy provides educational resources, tutorials, and training
materials to assist users, especially those new to bioinformatics,
in getting started with the platform and enhancing their analyti-
cal skills. The Galaxy Project is widely utilized in the field of
bioinformatics and computational biology, offering a collabora-
tive and user-friendly environment for researchers to conduct
data analysis and share their findings with the scientific
community.

A SWOT analysis related to the technologies discussed in this
section is shown in Figure 14.

Figure 14: SWOT analysis of the main rising digital technologies and
their applications to the materials science domain.

Deployment
APIs in materials informatics
APIs are standardized sets of protocols and tools that allow dif-
ferent software applications to communicate with each other.
They serve as intermediaries, enabling interactions between
various systems, applications, and databases. APIs are essential
in modern software development, providing the building blocks
for creating robust, scalable, and interoperable applications and
defining clear methods for requesting and exchanging data,
facilitating integration and automation, which are crucial for
efficient workflow management. In the context of materials

informatics, APIs are gaining increasing importance as they
facilitate streamlined data exchange. Thanks to APIs, research-
ers can automate workflows, access updated datasets, and
utilize computational tools without the need for manual data
management. This interoperability is crucial for accelerating
research by enabling efficient integration of experimental and
computational resources. Furthermore, by providing standard-
ized interfaces, APIs ensure that various components of the ma-
terials informatics ecosystem can operate together harmo-
niously, thereby improving the efficiency, reproducibility, and
scalability of research processes. In the work of Hu et al. [98], a
multialgorithm-based mapping methodology called ChemProps,
implemented through RESTful APIs, was proposed to address
the inconsistency of polymer indexing due to the lack of unifor-
mity in polymer name expression. Another interesting ap-
proach can be found in the work of Hu et al. [99], which
proposes the development of MaterialsAtlas.org, a web-based
materials informatics toolbox, to address the limited adoption of
materials informatics tools due to the lack of user-friendly web
servers. This platform includes essential tools for materials
discovery, such as composition and structure validity checks,
property prediction, hypothetical material searches, and utility
tools. MaterialsAtlas.org aims to facilitate exploratory materi-
als discovery by providing accessible and user-friendly tools for
materials scientists, thereby accelerating the materials discovery
process. The tools are freely available at , and the authors advo-
cate for the widespread development of similar materials infor-
matics applications within the community.

Virtualization and containers
Generally, both containerization and virtualization are two of
the most widely used techniques when hosting an application on
a computer system. Virtualization relies on virtual machines as
its essential element, while the fundamental unit of container-
ization is the container. Clearly, both approaches have advan-
tages and disadvantages. Virtualization involves running an en-
tire guest operating system on a virtual machine, sharing the
hardware resources of the physical machine. This introduces a
certain overhead, as it is necessary to duplicate the operating
system and allocate dedicated resources to each virtual machine.
In contrast, containerization can be defined as OS-level virtual-
ization that allows running applications in isolated environ-
ments known as containers, sharing the host operating system
kernel. Containers are lighter than virtual machines; typically,
the startup time of a container is very low, comparable to that of
a native application [100,101]. Frequently, containers can run
inside virtual machines, and this is one of the most common
scenarios encountered when discussing cloud computing. In
recent years, multiple containerization technologies have
emerged, with Docker [102], Apptainer (formerly called Singu-
larity) [100], and Linux Containers [103] standing out as some



Beilstein J. Nanotechnol. 2024, 15, 1498–1521.

1514

of the most utilized and well-known. Docker, in particular, has
often become the preferred solution in cloud computing. Singu-
larity was developed with the specific aim of facilitating
containerization in the field of HPC. It offers several advan-
tages, notably in terms of use, as it operates without the need for
root privileges and lacks daemon processes. Additionally,
Singularity provides native support for HPC architectures such
as GPUs and Infiniband, enabling simplified communication
between different computing nodes. Docker has been already
used extensively for making research activities and workflows
more easy to reproduce, as shown by recent work [104-106].

Orchestration
Container orchestration is the process of automating the
majority of operations required to run containerized workloads
and services. Specifically, orchestration automates develop-
ment, management, scaling, and networking of containers. Key
orchestration tools, such as Apache Mesos, Docker Swarm, and
Kubernetes, provide frameworks for container management. In
a typical orchestration tool like Kubernetes, the configuration of
an application is described using standard files like YAML or
JSON. Once the application specification is planned, the orches-
trator assumes various tasks. Primarily, it plans and distributes
container resources, makes decisions based on available hard-
ware resources (e.g., CPU, RAM, and storage), and dynami-
cally manages containers in response to workload demands.
Network management is crucial, involving the creation of
virtual networks for container communication internally
and externally through port management. Notably, container
orchestration also plays a vital role in data persistence, ensuring
storage operations even when a container is recreated. Contain-
er orchestration is an essential component for advanced and
efficient management of containerized applications in distribut-
ed environments. Through orchestration, which coordinates
resource distribution, supports horizontal scalability, and
manages critical aspects such as network and data persistence,
a complex and reliable management system is achieved.
Recently, Zhou et al. [107] discussed a novel framework that
integrates a resource management layer powered by Kuber-
netes, demonstrating its application in the field of materials
science. This framework leverages Kubernetes for efficient
management and orchestration of computational resources. By
ensuring dynamic scaling and optimal allocation of both CPU
and GPU resources, Kubernetes facilitates job scheduling and
execution across heterogeneous computing nodes, significantly
enhancing computational efficiency and resource utilization in
materials science research.

Virtualization and containerization in HPC
Given the significant rise of containers in the development of
most common applications, there is a growing consideration for

the applicability of containers for HPC. The majority of current
containerization implementations rely on Docker and Docker-
file manifests for building container images. However, the
direct adoption of container technologies like Docker in an HPC
environment proves to be a non-trivial and impractical task,
presenting a set of challenges in terms of security and usability
that are not easily surmountable. While the use of containers
offers an advantage by creating an abstraction layer that simpli-
fies software distribution and management, this abstraction can,
in many cases, lead to an increase in required resources and
computational effort. A direct consequence of the aforemen-
tioned is the emergence of a trade-off within the system soft-
ware, emphasizing the need for a meticulous and rigorous per-
formance evaluation to identify and quantify the compromises
associated with the use of these new container abstractions.
HPC clusters are commonly employed for applications
demanding low latency and high throughput. However, these
clusters are often not inherently equipped to accommodate com-
plex AI workflows along with their specific requirements.
Consequently, deploying new packages on such clusters can
be challenging for end users. Because of these challenges,
containerizing workflows, including intricate simulations inte-
grated with predictive workflows, emerges as an excellent solu-
tion. Containerization provides end users with a high degree of
customization for their working environment, offering a consis-
tent approach to managing and deploying AI workflows on
HPC clusters [108,109].

One of the primary challenges when utilizing conventional HPC
infrastructures lies in the fact that jobs are typically managed by
a workload manager, which often encompasses diverse respon-
sibilities, including managing the hardware resource limits of
the computer cluster, scheduling jobs, ensuring no interference
with concurrently running jobs from other users, determining
the priority of the different jobs and distributing jobs to avail-
able nodes in the most efficient way. As of now, orchestrators
such as Kubernetes and others do not possess the capability to
fulfill all of these requirements. Consequently, relying solely on
containers for cluster utilization proves to be complex. Various
works documented in the literature aim to address and over-
come these challenges, striving to effectively integrate contain-
ers within the HPC environment. Efforts in the literature, such
as the study conducted by Keller et al. [110], emphasize specif-
ic criteria for HPC container implementations. These criteria
include ensuring a secure implementation to safeguard the oper-
ating system in multitenant systems, guaranteeing minimal per-
formance overhead, and facilitating optimal system perfor-
mance through access to vendor-provided libraries and tools
tailored for specific HPC hardware. Noteworthy works, includ-
ing those by Ruiz et al. [111] and Torrez et al. [112], concen-
trate on the performance analysis within HPC. These studies
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highlight the gradual improvement in performance over time to
cater to the increasing demand for software flexibility in HPC.
Through experiments comparing container and bare-metal per-
formance using standard benchmarks, they contribute valuable
insights into the evolving landscape of HPC technologies. The
extensive efforts documented in the literature to address the
challenges of enabling containerized HPC applications, coupled
with studies on the integration between orchestrators and work-
load managers [113,114], underscore the promising trajectory
of this technology for HPC configurations. These collective
endeavors signify a significant step forward in achieving greater
flexibility and efficiency in HPC environments through
containerization. A particularly interesting use of containers,
especially Docker, can be found in the work of Franco-Ulloa et
al. [115], which discusses the development and capabilities of
NanoModeler, introducing it as the first webserver designed to
automate the construction and parametrization of nanoparticles
for molecular dynamics simulations. The NanoModeler
Webserver features a frontend built with Angular 6 and Boot-
strap for an enhanced, multidevice user experience. The
backend utilizes Docker containers, with NodeJS for the orches-
trator and data persistence layer.

To close this chapter, Figure 15 shows a SWOT analysis
applied to the infrastructural technologies.

Figure 15: SWOT analysis of infrastructural technologies applied to
materials science.

Workflows for Property Predictions
If put together, all the techniques and technologies highlighted
above can be used to build a general framework that is able to
represent and to execute entire research workflows that lead
from scientific questions to their answers. Moreover, the work-
flow and its corresponding results will be semantically linked,
improving the reproducibility of the workflow itself and helping
in assessing the soundness of the entire pipeline. In addition, the
underlying semantics enables us to transform the workflow, the

files that we need to perform it, and the final results into actual
data that can be stored and retrieved from a database technolo-
gy and, consequently, used to perform any kind of analysis on
them or to train ML models. In the next section, we will analyze
a specific case study related to computational workflows in ma-
terials and nanomaterials development and illustrate how we
envision the future of this approach through the integration of
digital technologies.

Predicting bulk properties of nanomaterials
from molecular properties by integrating
physical models and ML
In this section, we consider a specific workflow as an example
of implementation of the design schemes outlined above. The
use case considered consists in the computational modelling of
charge transport properties of bulk amorphous molecular mate-
rials. Namely, this application represents a typical scenario of
multiscale modelling of nanomaterials [116]. This example is
partially related to the use case introduced previously when
discussing possible applications of the MAMBO ontology. The
computational workflow uses the knowledge about the struc-
ture of the molecule and a set of procedures to compute the
properties of the resulting bulk. The standard workflow consid-
ered here is based on the evaluation of the electronic properties
of pairs of molecules in aggregates, which are subsequently
used in the evaluation of charge transport properties through
kinetic Monte Carlo simulations for the whole aggregate.
Further details on this approach are given in [117-119].

The whole computational experiment is structured as follows:
(i) We start from the information about the structure of a single
molecule (for example, a coordinate file in the standard xyz
format, with Cartesian coordinates and types of atoms). (ii) We
perform a set of molecular dynamics simulations on a set of
replica of the same molecule within a simulation box. The set of
simulations aims at reproducing the amorphous aggregation of
molecules within the bulk [2]. At the end of this process, we
obtain the morphology of a bulk aggregate. (iii) We extract
pairs of molecules from the morphology of the bulk aggregate.
To ensure a significant statistical coverage of intermolecular
pair configurations, the selection algorithm is biased towards
the extraction of pairs with a broad distribution of mutual dis-
tance and orientation. (iv) We perform DFT calculations on
each molecular pair extracted to compute the electronic cou-
pling. (v) We use the result of the DFT calculations to calculate
the charge transfer inside the bulk using kinetic Monte Carlo
methods.

As this list clearly shows, this experiment is built using many
different computational techniques and requires different infor-
mation, data structures, and knowledge across different domains
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and scales. The approach outlined in the previous sections can,
therefore, be used to achieve a higher degree of integration
across the whole workflow. The resulting integration should
lead to significant improvements both in efficiency and in the
realization of robust databases and infrastructures. One of the
main steps to be undertaken for the implementation of inte-
grated architectures concerns the definition of a shared and
unique way to represent all the different tasks of a given work-
flow in a uniform way. The definition and representation of
modular workflow tasks can also support interoperability and
the link between different stages of a complex workflow. The
development of an ontology, such as MAMBO, can be consid-
ered as an ingredient to support the consistent definition of
terms and relationships needed to describe a workflow. The ex-
ample shown in Figure 13 is an example of a possible represen-
tation of the content of files containing information on atom po-
sitions, encoding the structure of a molecule using different
concepts formalized within the reference ontology. Similarly,
we can also represent the workflow steps and simulations using
the corresponding concepts, thus semantically linking the indi-
vidual entities and steps to each other. The use of semantic
assets to define objects and relationships within the workflow
improves efficiency and interoperability and, at the same time,
enables modularity. We can then consider to use a workflow
building tool to automate the generation of a single executable
pipeline. In the example considered, we implemented the work-
flow within a local instance of the Galaxy platform. Namely, we
used both pre-defined blocks made available by the Galaxy
community and locally implemented modules. Once the work-
flow is defined, we can execute resource-intensive tasks on
HPC facilities. In the case of Galaxy implementation, we
connected the general workflow framework with the under-
lying HPC infrastructure by using a containerized (Docker)
deployment.

In principle, the implementation steps defined above could
connect the execution of workflows to centralized databases,
enabling the execution of queries. This is where the cloud tech-
nologies, if merged with actual database technologies, could
give an invaluable contribution to the field. Moreover, these
databases can be also realized to enforce the semantic assets
defined inside the chosen ontologies to make the queries even
more expressive.

The computational workflow defined above, however, exhibits
some significant computational bottlenecks. While the genera-
tion of the morphology of the bulk molecular aggregate is a rel-
atively quick computation, calculating the electronic coupling
for a substantial number of molecular pairs is rather expensive
and time-consuming since this computation can require several
minutes on a reasonably big HPC infrastructure. Therefore, we

also considered the connection of this workflow to ML plat-
forms to increase the overall time-to-solution efficiency.
Namely, we computed the electronic coupling only for a limited
number of pairs and then used those results to train a ML model
for predicting the coupling on the basis of the pair configura-
tion only. Once trained, the ML model is able to predict inter-
molecular couplings in a few milliseconds on a standard laptop,
enabling us to actually compute the electronic coupling for a
very large amount of molecules in few minutes. The ML-pre-
dicted electronic properties of molecular pairs can then be used
to compute the charge transfer in the bulk. We implemented the
corresponding tasks within the Galaxy workflow, leading to an
efficient and interoperable calculation pipeline. At the end of
the entire process, we have a fully automated pipeline, repre-
sented as a series of computation blocks and the sequential rela-
tions between them, that is able to calculate the charge transfer
of a bulk of a molecular materials in a few hours, while having
a standardized and logically consistent vocabulary to describe
workflow procedures and a unique access point for data.

Conclusion
In this article, we have explored the profound impact of digital
technologies on the realm of materials and nanomaterials,
encompassing both experimental and computational research.
Specifically, we analyzed the synergies among HPC infrastruc-
tures, ML, and data management technologies, elucidating how
these interactions empower materials scientists, enhancing the
efficiency and reproducibility of their workflows. Additionally,
we highlighted the ongoing research into advanced visualiza-
tion technologies, such as AR and VR, aimed at supporting de-
velopment in materials science. These technologies offer a
promising avenue for designing novel materials and devices by
providing intuitive visualizations. The semantic structuring of
data emerges as a pivotal capability, facilitating the creation of
expansive and comprehensive databases through integrated
semantic assets. Leveraging cloud technologies, these datasets
become globally accessible, fostering collaboration and facili-
tating the training of data-intensive neural networks. This, in
turn, accelerates investigations into materials properties and
expedites the discovery of new materials through enhanced
automation. The interconnected nature of these technologies
forms a virtuous cycle, each reinforcing and augmenting the
capabilities of the others. We showcased our in-house ontology,
MAMBO, as an illustrative example of the successful applica-
tion of such research activities. Notably, software tools such as
Jupyter notebooks, KNIME, and the Galaxy Project have signif-
icantly eased the interaction with computational infrastructures,
lowering entry barriers for researchers and innovators and
promoting the reproducibility of research across different areas.
Furthermore, the development of tools for building, deploying,
and maintaining diverse software components within an HPC
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facility is crucial. Virtualization and containerization technolo-
gies, exemplified by Docker and Apptainer, present promising
architectures for managing these intricate systems.

To provide a practical perspective, we introduced a research
workflow incorporating various digital technologies, including
ML, multiscale simulations, and workflow management. This
exemplifies a foundation for the realization of data-driven inte-
gration infrastructures, enhancing the efficiency and usability of
computational tools. This comprehensive approach has the
potential to establish consolidated and shared practices, leading
to robust standardization. Ultimately, it enables the implementa-
tion of technology transfer pathways for digitalization in nano-
materials development, fostering industrial uptake and paving
the way for the future of materials science.
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Abstract
A key step in building regulatory acceptance of alternative or non-animal test methods has long been the use of interlaboratory
comparisons or round-robins (RRs), in which a common test material and standard operating procedure is provided to all partici-
pants, who measure the specific endpoint and return their data for statistical comparison to demonstrate the reproducibility of the
method. While there is currently no standard approach for the comparison of modelling approaches, consensus modelling is
emerging as a “modelling equivalent” of a RR. We demonstrate here a novel approach to evaluate the performance of different
models for the same endpoint (nanomaterials’ zeta potential) trained using a common dataset, through generation of a consensus
model, leading to increased confidence in the model predictions and underlying models. Using a publicly available dataset, four
research groups (NovaMechanics Ltd. (NovaM)-Cyprus, National Technical University of Athens (NTUA)-Greece, QSAR Lab
Ltd.-Poland, and DTC Lab-India) built five distinct machine learning (ML) models for the in silico prediction of the zeta potential
of metal and metal oxide-nanomaterials (NMs) in aqueous media. The individual models were integrated into a consensus model-
ling scheme, enhancing their predictive accuracy and reducing their biases. The consensus models outperform the individual
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models, resulting in more reliable predictions. We propose this approach as a valuable method for increasing the validity of nanoin-
formatics models and driving regulatory acceptance of in silico new approach methodologies for the use within an “Integrated Ap-
proach to Testing and Assessment” (IATA) for risk assessment of NMs.
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Introduction
Nanotechnology, defined as the ability to manipulate matter at
the nanoscale, has opened an array of possibilities for multiple
applications that take advantage of the unique properties of
nanomaterials (NMs). From targeted drug delivery to environ-
mental sensing, the versatility of NMs makes them ideal candi-
dates for a broad range of innovative applications [1]. However,
the complexity and unique properties of these materials also
present significant challenges, especially when it comes to the
assessment of their potential adverse effects. The integration of
in silico new approach methodologies (NAMs) within the area
of nanotechnology has created a plethora of possibilities for the
assessment of NM properties and toxicity to support and/or
substitute traditional experimental methodologies [2,3].

The field of nanoinformatics covers a broad range of computa-
tional and data-driven methodologies for the exposure, hazard,
and risk assessment of NMs, such as quantitative structure–ac-
tivity relationship models adapted to the specificities of NMs
(nanoQSAR) and grouping/read-across models, specifically de-
veloped to accurately predict NMs’ properties when small
datasets are available [4-6]. These in silico methodologies can
be used in the early steps of the “safe-and-sustainable by
design” framework and in the development of novel NMs to
filter out unpromising candidates and prioritize NMs with
desired properties. The rational use of in silico methods allows
for the identification of potential hazardous effects caused by
NMs’ interactions with biological systems with a simultaneous
decrease of workload, cost, research duration, and use of labora-
tory animals. Several computational approaches [7-9] and
predictive models [10-12] have been presented recently for
predicting various NM properties and toxicity effects.

The combination of multiple NAMs, both experimental and
computational, within an “Integrated Approaches to Testing and
Assessment” (IATA) framework will further improve the entire
risk evaluation of NMs and accelerate regulatory decision-
making procedures [2,5,13]. An IATA scheme for the predic-
tion of the short-term regional lung-deposited dose of inhaled
inorganic NMs in humans following acute exposure and the
longer-term NM biodistribution after inhalation, has already
been presented [14]. Another example of an IATA is the combi-
nation of predictions from two or more individual models under
a consensus framework. Consensus models combine outputs
from several individual models built upon different sets of
descriptors and/or machine learning (ML) algorithms, leading to

more trustworthy results and enhancing stakeholders’ confi-
dence. In detail, as each individual model covers a specific area
of the descriptor/property space, by combining them it is
possible to capture a wider range of factors that influence the
relationship between the NMs’ independent variables and the
endpoint [15,16] and, thus, to approach the problem from differ-
ent perspectives. Furthermore, by combining different models,
it is possible to address the limitations of each model and to
achieve more precise predictions (e.g., by avoiding the overfit-
ting phenomenon when small training datasets are involved)
[15,16]. Prediction combination can be performed in a regres-
sion problem through an arithmetic average or via a weighted
average scheme [17]. It has been demonstrated that consensus
QSAR models exhibit lower variability than individual models,
resulting in more reliable and accurate predictions [18,19]. In
the area of nanoinformatics, various consensus approaches have
been proposed over the past years for the prediction of different
NM endpoints, such as NMs’ cellular uptake [20], zeta poten-
tial (ZP) [16], and electrophoretic mobility [21].

The complexity of predictive models requires the development
of standardized protocols to ensure their accuracy and robust-
ness. Just as laboratory experiments rely on repeatability and
reproducibility to validate results, computational methods
require similar validation processes. Special emphasis is given
to the predictive accuracy of models. For this purpose, it is
sought that nanoinformatics models comply with a set of prede-
fined criteria, often supplemented by statistical methods recom-
mended by the Organisation for Economic Co-operation and
Development (OECD) [22] and the European Chemicals
Agency (ECHA) [23]. In addition, there is a growing effort
from various groups to enhance the transparency and, conse-
quently, the reproducibility of their results by delivering stan-
dardized reports along with their models (e.g., QSAR model
reporting format (QMRF) [24] and modelling data (MODA)
[14,25] reports). By documenting computational steps through
the standardized reports, it is possible to deliver reproducible
models within and between computational groups, and over
time, and to conduct interlaboratory comparisons (ILC) or
round-robin (RR) tests on the models and their outputs, like
those performed in laboratory settings to validate a new test
method or protocol [26,27].

The computational prediction of the ZP of NMs (Figure 1) has
been of high interest in the area of nanoinformatics during the
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Figure 1: Schematic representation of a negatively charged uncoated spherical NM. The ZP corresponds to the electric charge at the slipping plane.

last decade, given the role of surface charge in determining
NMs interactions with membranes and in driving toxicity,
whereby positively charged particles are generally more toxic
than negatively charged particles of similar composition [28-
30]. In fact, several in silico models for the ZP have been de-
veloped based on different theoretical and experimental descrip-
tors employing a range of approaches, that is, quantitative struc-
ture–property/feature relationship (QSPR/QSFR) modelling,
read-across, and deep learning models. Mikolajczyk et al. [16]
implemented a consensus nano-QSPR scheme for the predic-
tion of the ZP of metal oxide nanoparticles (NPs) based on the
size and a quantum mechanical descriptor encoding the energy
of the highest occupied molecular orbital per metal atom of
15 metal oxide NPs. Toropov et al. [31] developed, for a set of
15 metal and metal oxide NPs, a QFPR model considering both
the NPs’ molecular structure and the experimental conditions,
encoded in quasi-SMILES. Furthermore, research has explored
the computational assessment of the ZP in media besides water.
Wyrzykowska et al. [32] proposed a nano-QSPR model for the
prediction of the ZP of 15 NPs in a low-concentration KCl solu-
tion considering the NPs’ ZP in water and the periodic number
of the NPs metal.

Read-across approaches presented to date include a k-nearest
neighbours (kNN) model developed by Varsou et al. [33] to
predict the ZP of 37 metal and metal oxide NPs based on their
core type and the NPs main elongation (image descriptor

derived from microscopy images). Papadiamantis et al. [34] de-
veloped a kNN/read-across model for the estimation of the ZP
of 69 pristine and aged NPs, considering the size, coating,
absolute electronegativity, and periodic table descriptors.
Finally, advances of artificial intelligence (AI) have been also
considered in the computational assessment of the ZP. Yan et
al. [35] employed deep learning techniques and developed a
convolutional neural network to predict the ZP of 119 NPs
based on their nanostructure images. The abovementioned
studies are indicative examples of models that have been used
for the computational assessment of NPs ZP. As research
progresses, such models are expected to become increasingly
sophisticated and accurate, contributing to a deeper under-
standing of NP behaviour in diverse environments.

The diversity of datasets and endpoints measured is chal-
lenging when comparing or combining results between differ-
ent studies, making it crucial to ensure that data are compatible
in terms of metadata (e.g., used experimental protocol). Simi-
larly, models developed using different sets of descriptors need
to have a basis for comparison in order to drive regulatory
acceptance of models. To address this challenge, under the
NanoSolveIT EU project (https://nanosolveit.eu/) the first RR
approach in nanoinformatics was implemented, to computation-
ally assess the ZP of NPs. The RR exercise involved four
groups (NovaM, NTUA, QSARLab and DTC Lab), from both
academia and industry, from four countries (Cyprus, Greece,
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Poland, and India) who were asked to develop individual
models for the prediction of the ZP based on a common dataset
of metal and metal oxide-cored NPs. In this way, different
descriptors were employed, and various modelling approaches
were applied, including QSAR type and read-across models.
The developed models were later integrated into a consensus
modelling scheme by combining the predictions of the indi-
vidual models through average and weighted average, to
acquire more robust and stable results. While the dataset’s
extent and, consequently, the generated models’ applicability
domain are rather limited, this initiative underscores the poten-
tial of synergistic approaches in the nanoinformatics field.
By leveraging the collective knowledge of diverse teams
and perspectives, these approaches can effectively assess
the properties and toxicity of NPs and democratize decision-
making processes in the assessment of NMs’ exposure, hazard,
and risk.

Materials and Methods
Data overview
A dataset of 71 pristine engineered NMs was explored in silico
in order to predict their ZP based on physicochemical and mo-
lecular descriptors. The physicochemical characterization of the
NMs was performed under the EU-FP7 NanoMILE project
(https://cordis.europa.eu/project/id/310451) [36]. From the
available descriptors/properties [36], the following four were
included in this study because of the completeness of the data
(absence of data gaps): the NMs’ core chemistry, coating, mor-
phology, and hydrodynamic diameter measured using dynamic
light scattering (DLS). The ZP of the NMs was measured in
water (pH 6.5–8.5). To enrich the library of the NMs’ physico-
chemical properties and increase the amount of available infor-
mation, the corresponding sphere diameter (the diameter of the
sphere with a surface area equal to the area of the NM) was
calculated, as well as three molecular descriptors commonly
used in nanoinformatics studies [37]. These descriptors were
chemical formula-related descriptors, specifically the numbers
of metal and oxygen atoms present in the core’s chemical
formula and the molecular weight of the core compound.

Finally, the Hamaker constants [38] of the NMs were calcu-
lated in vacuum and in water using the NanoSolveIT Hamaker
tool (https://hamaker.cloud.nanosolveit.eu/). The Hamaker con-
stant is a material-specific value that quantifies the strength of
van der Waals interactions between NPs, depending on the ma-
terials and the surrounding medium. A higher (positive)
Hamaker constant indicates stronger attractive forces, while a
negative value suggests repulsive interactions between the NPs,
preventing aggregation or agglomeration. These calculations
were performed considering spherical and uncoated NMs. The
balance between the Hamaker constants (expressing van der

Waals attraction between particles) and the ZP values of
particles (expressing their electrostatic repulsion) controls
the stability of colloidal dispersions according to the
Derjaguin–Landau–Verwey–Overbeek (DLVO) theory [39].
For the computational analysis, the TIP3P force field was em-
ployed for water, while the DREIDING force field was used for
the NMs. In the case of Zr-doped CeO2 NMs (CexZryO2), the
same density as for pure CeO2 NMs was considered to main-
tain consistency. It should be noted that the different working
groups were free to enrich or transform the above-described
dataset, as it is explained in the next sections, to cover a wider
feature space with each individual model. All the information
about the available descriptors is summarised in Table 1. The
entire dataset used in the models can be found in the Support-
ing Information File 1 of this publication.

Modelling techniques
kNN/read-across model
The kNN/read-across model employs the k-nearest neighbours
approach, an instance-based method that predicts the endpoint
of a sample based on its k nearest neighbours in the data space.
The proximity between samples is measured using Euclidean
distance, which is adjusted slightly for categorical descriptor
values using a binary value (0 in the case of same class data
points or otherwise 1) [40,41]. The endpoint prediction, in this
case the ZP value, is the weighted average of the endpoint
values of the k closest neighbours, with each neighbour’s
weighting factor inversely proportional to its distance from the
evaluated sample [33,40].

The kNN algorithm can be incorporated into the general NMs
read-across framework because it relies on the similarity of
neighbouring NMs to estimate the endpoint of interest. Specifi-
cally, by identifying and analysing the resulting groupings, it is
possible to map the prediction space into distinct clusters of k
neighbours that can subsequently be explored to identify
patterns and similarities within the neighbourhood space, in
accordance with the ECHA’s read-across framework. The
EnaloskNN functionality offers the advantage of not only deliv-
ering predictive results but also identifying the specific neigh-
bours and their Euclidean distances, as well as enabling visuali-
zation of the overall prediction space [33,34].

Random forest regression model
Random forest regressor is an ensemble learning, tree-based
method. It combines multiple decision tree predictors to create a
more robust and accurate prediction, which individual trees
cannot always provide. This algorithm constructs a forest of in-
dependent trees. Each tree is being trained on a random subset
of data and features. The regressor’s output is calculated based
on the average predictions from all individual trees. Some bene-
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Table 1: Available descriptors in the dataset used to build the individual ZP models (five models from four labs).

Descriptor Symbol Unit

chemical formula CF —
equivalent sphere diameter Dsph nm
shape group Shape —
coating CT —
hydrodynamic diameter measured by DLS DLS nm
molecular weight MW g/mol
Hamaker constant of NMs in vacuum A11 × 10−20 J
Hamaker constant of NMs in water A132 × 10−20 J
number of metal atoms Nmetal —
number of oxygen atoms Noxygen —
sum of ionization potential energy of metals Metals_SumIP kJ/mol
a read-across-derived composite function that encodes chemical information from all the selected
structural and physicochemical features

RA function

coefficient of variation of the similarity values of the close source compounds for a particular query
compound

CVsim

total number of atoms in a molecule Tot num atoms
weighted standard error of the observed response values of the close source compounds for a
particular query compound

SE

weighted standard deviation of the observed response values of the close source compounds for a
particular query compound

SD Activity

standard deviation of the similarity values of the close source compounds for a particular query
compound

SD Similarity

average similarity values of the positive close source compounds for a particular query compound Pos.Avg.Sim
average similarity values of the negative close source compounds for a particular query compound Neg.Avg.Sim
the log-transformed hydrodynamic diameter measured by DLS LOG_DLS
similarity value of the closest positive source compound MaxPos

Banerjee–Roy similarity coefficient 1

Banerjee–Roy similarity coefficient 2

fits of this algorithm besides its robustness include resistance to
overfitting and the ability to process datasets with numerous
variables without the need of feature scaling [42]. This algo-
rithm was implemented in Python, using scikit-learn package, a
widely used library for ML models.

Adaboost regression model
The development of the ZP QSPR model involved the utiliza-
tion of the Adaptive Boosting (AdaBoost) ML methodology,
implemented through Python 3.8.8 and the scikit-learn library
(version 0.24.1). AdaBoost represents an early instance of
leveraging boosting algorithms to address complex problem
types within the domain of ML [43]. Like its counterpart, the
random forest algorithm, AdaBoost employs a multitude of
elementary classifiers to enhance the model’s predictive ability.
In brief, the AdaBoost model comprises an ensemble of
multiple “weak” estimators, such as decision trees, each
possessing modest individual predictive prowess. However,
when integrated into an ensemble, they collectively augment the

predictive efficiency of the model. A notable distinction be-
tween the random forest algorithm and AdaBoost lies in their
operational frameworks. In the random forest, individual esti-
mators function independently of each other, operating in
parallel. In contrast, in AdaBoost, the prediction process within
the ensemble unfolds sequentially, with each subsequent esti-
mator’s outcome influenced by its predecessor.

Stacked PLS and MLP q-RASPR models
The q-RASPR approach, combining read-across and QSPR, has
been recently introduced and applied to the prediction of NM
cytotoxicity [44], power conversion efficiency of organic dyes
in dye-sensitized solar cells [45,46], detonation heat for
nitrogen containing compounds [47], and to the prediction of
surface area of perovskite materials [48]. Both the QSPR and
read-across approaches are extensively used for data gap filling
(predicting activity/property/toxicity values of compounds
devoid of experimentally derived endpoint values). Recently,
Luechtefeld et al. [49] introduced the concept of classification-
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based read-across structure–activity relationship (RASAR) by
combining the concepts of read-across and QSAR using ML
algorithms. Banerjee and Roy [50] merged chemical read-across
and regression-based QSAR into quantitative RASAR
(q-RASAR). Several ML models can be applied including
partial least squares (PLS), linear support vector regression
(LSVR), random forest regression, Adaboost, multiple layer
perceptron (MLP) regression, and kNN regression. This study
reports the first application of q-RASPR in a stacked modelling
framework.

Apart from the supplied structural and physicochemical infor-
mation of the engineered NMs, we have computed descriptors
based on the periodic table using the tool Elemental Descriptor
Calculator (https://sites.google.com/jadavpuruniversity.in/dtc-
lab-software/other-dtc-lab-tools). The complete descriptor pool
underwent feature selection using stepwise selection and a
genetic algorithm to obtain a reduced descriptor pool consisting
of 72 descriptors. A grid search/best subset selection was
applied to this reduced descriptor pool to obtain a combination
of ten different QSPR descriptors. Additionally, log-trans-
formed hydrodynamic diameter (LOG_DLS) was taken as an
additional descriptor. These eleven QSPR descriptors were used
to define similarity among the source and query compounds,
which is an integral part of the computation of the RASPR
descriptors using the tool RASAR-Desc-Calc-v3.0.2 available
from https://sites.google.com/jadavpuruniversity.in/dtc-lab-soft-
ware/home. This tool uses three different algorithms for
computing similarity, that is, Euclidean distance-based,
Gaussian kernel similarity-based and Laplacian kernel simi-
larity-based. The selection of the best similarity measure
and the optimization of the associated hyperparameters were
performed by dividing the training set into calibration and
validation sets, which were supplied as inputs for the
tool Auto_RA_Optimizer-v1.0 available from https://
sites.google.com/jadavpuruniversity.in/dtc-lab-software/home.
The combination of hyperparameters that generated the
best predictions for the validation set was selected as the
optimized hyperparameter setting and used to compute the
RASPR descriptors for the training and test sets. Clubbing
of the initially selected eleven QSPR descriptors with the
RASPR descriptors was performed, a process known as data
fusion [51]. This complete data pool underwent feature
selection to generate four different MLR q-RASPR models.
The predictions from these models were generated for
both the training and test sets since these predictive values will
serve as descriptors for the final stacking regressors. Finally,
PLS and MLP modelling algorithms were employed as the final
stacking regressors, where the optimized settings of the hyper-
parameters were obtained by grid search on the cross-valida-
tion statistics.

Consensus modelling
The meta-modelling approach allows one to use the output of
one modelling approach as an input to another or the use of a
few models/algorithms in parallel or in sequence, allowing for
the strengths of individual models to be combined and their lim-
itations to be circumvented [15,52]. Consensus modelling is
based on the parallel approach where multiple ML algorithms
are used to investigate the available dataset and to find relation-
ships between the considered NMs’ features and the physico-
chemical descriptors or biological activity of interest. Each ML
algorithm has its strengths and weaknesses; thus, there is no
universal solution for modelling regression or classification
cases. The choice of the adequate ML method depends on the
problem to be solved and the available data, and in some cases
multiple methods are employed to decide which one works best
for each case [53,54]. Depending on the amount of available
data, different methods may be applied. In general, support
vector machines, decision trees, random forests, and neural
networks are methods good in generalisation of trends or behav-
iours and can lead to accurate predictions. However, in cases of
small datasets, the same ML methods may lead to the overfit-
ting and low predictivity of the model for untested samples. The
idea of consensus modelling by combining a set of diverse algo-
rithms for the prediction endpoint of interest is an efficacious
manner to achieve reliable results of data-driven analysis. How-
ever, this approach is also open to criticism that it is even more
“black box” than the individual models; thus, even more care
needs to be taken to fully document the predictive models with
their QMRFs reports and to fully describe the underpinning
datasets.

Here, a consensus strategy was employed in addition to the
individually developed models, based on the combination of the
predictions from the initial models generated by the four groups
NovaM, NTUA, QSARLab, and DTC Lab. Two techniques
were used to derive consensus predictions, namely, the simple
average of the predictions of the individual models and the
weighted average of the original predictions. Simple averaging
combines the predictions of all individual models equally, while
weighted averaging assigns more weight to models with higher
individual performance. This combination aims to leverage
the strengths of each model, reducing individual biases and
enhancing overall prediction accuracy.

Validation
In line with the OECD QSAR model validation principles
[22,55], all models presented in this work were validated exter-
nally using the exact same training and test sets, which were
produced by randomly dividing the original dataset using a ratio
of 0.75:0.25. The training subset was used each time to calcu-
late and adjust the model parameters, whereas the test subset
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was not involved in model development, and it was used as an
external validation set to assess the model’s generalization on
new (previously unseen) data, which is crucial for its practical
application in regulatory settings.

According to the OECD’s fourth principle [22], statistical
model validation is indispensable for assessing a model’s per-
formance. To quantify the model’s accuracy, appropriate
“fitness” metrics were employed, ensuring that the models’
predictions closely align with their actual values. This valida-
tion process helped to prevent underfitting and overfitting phe-
nomena. Upon training, the models generated endpoint predic-
tions for both the training and test subsets. The training subset
predictions served to evaluate each model’s goodness-of-fit,
while predictions on the test subset assessed the model’s
predictability, for example, its ability to generalize well to new
data [22]. The statistical criteria used to evaluate model perfor-
mance are outlined below. These metrics collectively provide a
comprehensive assessment of model accuracy and reliability.

The mean absolute error (MAE, Equation 1) and the root mean
squared error (RMSE, Equation 2) were used to evaluate the
accuracy of the models applied on both train and test sets. MAE
measures the average magnitude of errors in predictions, while
RMSE provides a quadratic scoring rule that gives higher
weight to larger errors. When these indexes are used simulta-
neously, they permit a complete and thorough validation of
prediction accuracy, regardless of the training and test endpoint
values’ distribution level. MAE and RMSE values closer to 0,
correspond to more reliable models.

(1)

(2)

where N is the number of samples, and yi and  are the actual
and predicted endpoint values of the i-th sample, respectively.

The quality-of-fit between the predicted and experimental
values of the training and test sets was expressed by the coeffi-
cient of determination (R2, Equation 3), which indicates the
proportion of variance in the dependent variable that is
predictable from the independent variables. R2 values closer to
1, correspond to models that fit the dataset better.

(3)

where N is the number of samples, yi and  are the actual and
predicted endpoint values of the i-th sample, respectively, and

 is the average value of the experimental endpoint values.

To quantify the credibility of predictions on new data (includ-
ing the test set), the external explained variance [22] is used
(  or , Equation 4), which compares the predictions for
the test set samples with their actual endpoint values. 
values closer to 1, correspond to models with higher predictive
power.

(4)

where N is the number of test samples, yi and  are the actual
and predicted endpoint values of the i-th test sample, respective-
ly, and , is the averaged value of the experimental endpoints
of the training set.

Another variant of the external explained variance is 
(Equation 5) which uses the averaged value of the experimental
endpoints of the test set ( ).

(5)

The produced models were validated internally by employing
leave-one-out (LOO) cross-validation on the training set, to
ensure that the model is robust and no single data point is actu-
ally responsible for the enhanced quality of fit. The perfor-
mance in LOO cross-validation was assessed by calculating

 (leave-one-out Q2), a form of cross-validated R2 of the
predictions (Equation 6) [56].

(6)

where N is the number of training samples, yi and , are the
actual and predicted from LOO cross-validation endpoint values
of the i-th sample, respectively, and  is the average value of
the experimental training endpoint values.
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Finally, the quality-of-fit and the predictive ability of the
models is assessed using the statistical metrics proposed by
Golbraikh and Tropsha [57,58] (Equations 7–11, including

, Equation 6) on the test set. According to Golbraikh and
Tropsha [57,59,60] a regression model is considered predictive
if all of the conditions presented in Table 2 are satisfied.

(7)

(8)

(9)

(10)

(11)

where N is the number of samples, yi and  are the actual and
predicted endpoint values of the i-th sample, respectively, and

 and  are the average endpoint values of the experimental
and predicted values, respectively.

Table 2: Model acceptability criteria as defined by Golbraikh and
Tropsha [57,59,60].

Statistic Rule

r2 >0.6

>0.5

<0.1

k or k’ ∈[0.85,1.15]

<0.3

Applicability domain
To ensure the robustness and reliability of predictive models,
particularly adhering to the OECD guidelines, defining the ap-
plicability domain (AD) is crucial. The AD refers to the specif-
ic subset of the overall data space where a model can make reli-
able predictions through interpolation. When the model encoun-
ters data points beyond this designated domain, those predic-
tions should be flagged as unreliable because of their extrapola-
tion-based nature, which inherently carries more uncertainty
than interpolation [22].

In the present study, the leverage method [61] was employed to
assess the prediction reliability. This was done to empower
users to apply the models with greater confidence to external
datasets and real-world scenarios while having, at the same,
time a clear understanding of their optimal operating parame-
ters. The leverage method measures the similarity between the
query samples and the training set using the leverage values, h,
which are essentially the diagonal elements of the Hat matrix
[61,62] (Equation 12). These values quantify the distance of
each query sample from the centroid of the training set [61],
taking into account the descriptor values employed in model de-
velopment. The AD boundaries are determined by a predeter-
mined threshold leverage value h* (Equation 13). A test predic-
tion is deemed reliable if its corresponding leverage value falls
below this threshold (h < h*).

(12)

(13)

where X is the table containing the descriptor matrix, p is the
number of descriptors used in the model [60,61], and N is the
number of samples in the training dataset.

Results and Discussion
In the next paragraphs the five developed individual models are
briefly described. To ensure fair comparison, all models were
trained and tested on identical subsets of the data. More infor-
mation can be found in the respective QMRF reports, provided
as Supporting Information Files 2–5 to this publication.

kNN/read-across model
Data preprocessing
Initially, the z-score normalisation method was employed to
standardise the descriptors in the training set (53 NMs), en-
suring their equal contribution to the model. Each descriptor
was adjusted to have a mean of zero and a standard deviation of



Beilstein J. Nanotechnol. 2024, 15, 1536–1553.

1544

one [24]. Next, the identical normalisation parameters were
applied to the descriptors in the test set (18 NMs). To identify
the most relevant parameters, eliminate noise, and avoid overfit-
ting, the BestFirst method with the CfsSubset evaluator were
employed [40]. Four descriptors were selected to use in the
model (see below Table 15), that is, the NMs’ coating, their
equivalent sphere diameter, their hydrodynamic diameter, and
the number of oxygen atoms present in the core’s chemical
formula. To enhance the model’s performance and inter-
pretability, the Hamaker constant of the NMs calculated in
water and the shape group were added to the subset of the
selected descriptors. All analysis steps were performed in Isalos
Analytics Platform [63].

Model development and validation
The kNN algorithm with a value of k = 7 was selected to
perform a read-across assessment of the dataset. Similarly to the
preprocessing steps, modelling was implemented in Isalos
Analytics Platform using the Enalos+ tools and especially the
EnaloskNN function [24]. This function identifies the neigh-
bouring training samples for each test NM alongside the pre-
dicted values, facilitating a deeper understanding of the results
in terms of NM grouping and providing insights into the overall
samples space. The model was validated following the OECD
principles [22] to ensure robust and reliable predictive model-
ling. The key statistical metrics of internal (training set) and
external (test set) validation are presented in Table 3. The
Y-randomization test [24] was also performed ten times, giving
RMSE values on the test set in the range of 23.1–43.4,
confirming that the predictions were not a coincidental
outcome. In Table 4 the results of the Golbraikh and Tropsha
[57,59,60] test for the kNN/read-cross model are presented.

Table 3: Internal (training set) and external (test set) validation statis-
tics of the kNN/read-across model.

Training set Test set

MAE 0.29 7.81
RMSE 0.54 9.71
R2 0.99 0.88

0.62 —

— 0.88

Applicability domain
The area of reliable predictions for this model was defined
using the leverage method. The leverage threshold was calcu-
lated based on the training NMs subset and set to 0.226 (Equa-
tion 13). The test NM samples had values within the range of
0.031 to 0.191, indicating that their predictions were reliable

Table 4: Golbraikh and Tropsha [57,59,60] test results for the kNN/
read-cross model.

Criterion Assessment Result

r2 > 0.6 pass 0.894

pass 0.622

pass 0.001

pass 0.002

pass 0.001

0.85 < k < 1.15 pass 0.883
0.85 < k′ < 1.16 pass 1.012

except the one NM sample whose leverage value was equal to
0.859.

Random forest regression model
Data preprocessing
To facilitate data analysis, the unique string feature names of
the chemical formula descriptors were converted into a binary
variable. For this purpose, metal oxides (e.g., CeO2 and CuO)
were represented as 0 and metals (e.g., Ag, Au, and Cu) were
represented as 1. For the shape group descriptor, the string
names “Spherical”, “Square Plates” and “Rod” were one-hot
encoded. Lastly, out of 22 unique coatings, five categories were
created (sodium citrate, ʟ-arginine, PVP, uncoated, and “other”)
and were one-hot-encoded as well. This conversion ensured
consistency and uniformity in data representation, making
it easier to handle and analyse the data effectively. Next,
Pearson’s correlation value was computed for each pair of
descriptors. The two Hamaker constants (in water and in
vacuum) had a correlation value of 0.97, indicating that these
two features were linearly dependent. Thus, to avoid intro-
ducing redundancy and potential issues in the ML model, the
Hamaker constant in vacuum was removed.

Model development and validation
A random forest regressor was trained on the training set using
Jupyter notebook and the scikit-learn ML package. To optimize
the model’s performance, the grid search algorithm was imple-
mented to tune the model using the  metric for internal
validation. To further enhance the predictive power of the
model, recursive feature elimination (RFE) was employed to
identify and eliminate descriptors that contributed minimally to
the model’s prediction accuracy. After this extensive parameter
tuning, the optimal model was identified (128 estimators,
maximum depth of five and random state equal to 42) as well as
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the optimal features (DLS, coating, equivalent sphere diameter,
and MW) achieving  = 0.611 and R2 = 0.957 on the
training set and R2 = 0.941 on the test set. The key model statis-
tics are presented in Table 5, and the results of the Golbraikh
and Tropsha [57,59,60] tests for the random forest regression
model are presented in Table 6.

Table 5: Internal (training set) and external (test set) validation statis-
tics of the random forest regression model.

Training set Test set

MAE 4.43 5.43
RMSE 6.76 6.73
R2 0.96 0.94

0.61 —

— 0.94

Table 6: Golbraikh and Tropsha [57,59,60] test results for the random
forest regression model.

Criterion Assessment Result

r2 > 0.6 pass 0.941

pass 0.611

pass 0.0003

pass 0.0004

pass 0.0002

0.85 < k < 1.15 pass 1.006
0.85 < k’ < 1.16 pass 0.936

Applicability domain
For the applicability domain, leverage was used to see if the
NMs were within the area of reliable predictions. The leverage
threshold, calculated on the training set, was set to h* = 0.509.
In the training set, one compound had h = 0.54, and in the test
set one NM had h = 0.94. Thus, predictions of those two NMs
are not considered reliable.

AdaBoost regression model
Data preprocessing
The initial phase of feature selection involved categorizing
descriptors into those with continuous numerical values (e.g.,
hydrodynamic diameter) and those with qualitative or “descrip-
tive” details (e.g., chemical formula, shape group, and coating).
The collection of descriptors characterised by continuous nu-

merical values was subsequently delineated as the “continuous
set” for clarity purposes.

The transformation of the descriptive category of descriptors
into binary representations was carried out to facilitate the
inclusion of these qualitative descriptors in ML algorithms.
Binary encoding allows for the representation of categorical
variables as binary vectors, where each category variant is
encoded as 0 or 1, respectively. This transformation is essential
because many ML algorithms require input data to be in numer-
ical form. By converting descriptive features into binary format
using the OneHotEncoder from the scikit-learn library, we
ensure compatibility with these algorithms while retaining the
inherent information encoded within the descriptors. This ob-
tained set is denoted as the “binary set” including the “Chemi-
cal formula”, “Shape group”, and “Coating” descriptors. Con-
tinuous descriptors were standardized using z-score normaliza-
tion to ensure equal contribution to the model, using the Stan-
dardScaler module from the scikit-learn library. Next, the two
sets of data, that is, the standardised continuous set and the
binary set, were merged into a unified dataset that enabled us to
explore relationships between different types of descriptors and
their collective influence on the NMs ZP.

During the initial modelling phase, the AdaBoost algorithm,
integrated within the scikit-learn library, was utilized to analyse
the comprehensive dataset comprising all descriptors. The pri-
mary objective of this approach was to identify the descriptors
possessing the highest degree of influence for subsequent
modelling tasks. Additionally, pivotal parameters crucial for
refining the model’s performance, including “n_estimators”,
“random_state”, “learning_rate” were carefully selected during
this stage based on GridSearch algorithm for tuning hyperpara-
meters of the model [64]. Detailed insights into these parame-
ters can be accessed via the documentation provided on the offi-
cial scikit-learn website [65].

After the evaluation of the model’s feature importance, delin-
eated in the preceding stage, five descriptors emerged as the
most significant for the ZP prediction, namely, DLS, Dsph,
A11, MW, and CT [encoded as 0 = coated and 1 = uncoated].
Each descriptor offers crucial insights into different aspects of
the NMs’ composition, structure, and behaviour, thereby
serving as vital predictors for the model’s predictive accuracy
and interpretability.

Model development and validation
The selected descriptors were employed in the training of the
final model, which adhered to the methodological framework
outlined above. This model was instantiated with specific pa-
rameter settings, as elucidated in the previous point, where
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AdaBoost was configured with parameters: n_estimators = 9,
random_state = 786, and learning_rate = 0.997. A number of
estimators (n_estimators) were found to enhance the model’s
predictive power, while the specific random_state ensures
reproducibility of results. Additionally, the learning rate was
carefully tuned to strike a balance between model complexity
and generalization ability, ultimately resulting in a well-per-
forming model for the given task.

The model validation statistics and the results of the Golbraikh
and Tropsha [57,59,60] test are presented in Table 7 and
Table 8, respectively.

Table 7: Internal (training set) and external (test set) validation statis-
tics of the AdaBoost regression model.

Training set Test set

MAE 7.44 8.95
RMSE 9.98 9.91
R2 0.91 0.87

0.54 –

– 0.88

Table 8: Golbraikh and Tropsha [57,59,60] test results for the
AdaBoost regression model.

Criterion Assessment Result

r2 > 0.6 pass 0.906

pass 0.539

pass 0.027

pass 0.028

pass 0

0.85 < k < 1.15 pass 0.906
0.85 < k’ < 1.16 pass 0.974

Stacked PLS and MLP q-RASPR models
Data preprocessing
First- and second-generation periodic table descriptors were
calculated as described by Roy and Roy [66]. Some descriptors
were also calculated using elemental descriptors calculator soft-
ware (https://sites.google.com/jadavpuruniversity.in/dtc-lab-
software/other-dtc-lab-tools?authuser=0). Basic information

about the metals has been taken directly from the periodic table
to calculate descriptors for the reported metal oxide NMs.

Additional information on physicochemical features such as
coating, shape group, DLS (hydrodynamic diameter) [nm],
Hamaker (self/vacuum) A11 [× 10−20 J], Hamaker (self/water)
A132 [× 10−20 J] were also included for modelling purposes.
The selected QSPR descriptors (vide infra) were used to
compute the RASPR descriptors using the tool RASAR-Desc-
Calc-v3.0.2 (https://sites.google.com/jadavpuruniversity.in/dtc-
lab-software/home#h.x3k58bv4frb9) after optimization of the
associated read-across-based hyperparameters [67,68].

Model development and validation
The model development was performed following the basic
steps for the generation of the MLR model using the best subset
selection (BSS) method. The data division was kept identical to
the data partitioning used in the rest of the models to have a
clear comparison of results. Further, Stepwise Selection (using
F-value as the fitness function) and Genetic Algorithm (GA)
(using MAEtrain as the fitness function) were implemented for
feature selection followed by the BSS method to select the best
model based on the quality and prediction performance.

Initially selected QSAR descriptors (obtained by the grid
search algorithm). Ten descriptors (from a total of 72
descriptors) were obtained after Stepwise Selection, GA, and
BSS. These are Hamaker (self/water), amount of Ce, amount
of Zr, rod (shape), coating, the total number of atoms,
tot_metal_alpha, Metals_SumIP, X_ActivM, and Valence elec-
tron potential.

Additionally, we performed a correlation analysis of the
descriptor DLS (hydrodynamic diameter) and found that it had
a significant correlation with the training set response, except
for four data points. This was because, for these compounds, the
values of DLS were significantly higher than the rest of the
training data points, therefore hindering linear correlation. Thus,
we have converted the DLS descriptor to the corresponding log
unit, added this feature to the initially selected ten features, and
considered it for model development. Therefore, we have
proceeded toward further modelling analysis using eleven
QSAR descriptors.

RASPR descriptor computation. Using these selected fea-
tures, the read-across structure–property relationship (RASPR)
descriptors [67] for the training and test sets were computed
using the tool RASAR-Desc-Calc-v3.0.2, freely available from
the DTC Lab tools supplementary site (https://sites.google.com/
jadavpuruniversity.in/dtc-lab-software/home#h.x3k58bv4frb9).
The corresponding hyperparameter (similarity based on

https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab-tools?authuser=0
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab-tools?authuser=0
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home#h.x3k58bv4frb9
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home#h.x3k58bv4frb9
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home#h.x3k58bv4frb9
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home#h.x3k58bv4frb9
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Table 9: Descriptor combination of the MLR q-RASPR models.

Models Desc1 Desc2 Desc3 Desc4 Desc5 Desc6

M1 Metals_SumIP RA function CVsim Pos.Avg.Sim Neg.Avg.Sim sm
1

M2 LOG_DLS SE SD Similarity Pos.Avg.Sim Neg.Avg.Sim sm
2

M3 Tot num atoms LOG_DLS SD Activity MaxPos Neg.Avg.Sim sm
1

M4 LOG_DLS SD Activity MaxPos SD Similarity Neg.Avg.Sim sm
1

Table 10: Internal (training set) and external (test set) validation statistics of the individual MLR q-RASPR models.

Models Training set Test set

MAEtrain MAEtest RMSEP

M1 0.629 14.837 0.972 0.974 0.972 3.671 4.605
M2 0.694 11.937 0.930 0.881 0.873 7.539 9.833
M3 0.661 14.082 0.959 0.955 0.952 4.969 6.068
M4 0.652 13.712 0.942 0.944 0.941 5.276 6.730

Figure 2: Schematic workflow for the development of the stacked PLS and MLP q-RASPR models.

Euclidean distance with the number of close source compounds
equal to 5) settings were obtained from the optimized read-
across-based predictions for the validation set, using the calibra-
tion set as the source set (the calibration and validation sets
were obtained by the division of the training compounds). This
read-across hyperparameter optimization was done using the
tool Auto_RA_Optimizer-v1.0, freely available from the DTC
Lab tools supplementary site (https://sites.google.com/jadavpu-
runiversity.in/dtc-lab-software/home#h.ucbojxjcke1c).

The 18 different RASPR descriptors computed were fused with
the initially selected QSPR descriptors to generate complete
descriptor pools for the training and test sets, a process termed

Data Fusion [51]. This pool was subjected to feature selection
using a grid search algorithm.

From the results of the grid search, four different MLR
q-RASPR models were developed. The corresponding descrip-
tors associated with the four different MLR models have been
tabulated in Table 9, while the internal and external validation
metrics of these individual models have been reported in
Table 10. Their individual predictions were used to perform
stacking using a PLS algorithm (using the optimized number of
latent variables (LVs) based on LOO cross-validation) as the
final regressor (Figure 2), the results of which have been re-
ported in Table 11 and Table 12.

https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home#h.ucbojxjcke1c
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home#h.ucbojxjcke1c
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home#h.ucbojxjcke1c
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Table 11: Internal (training set) and external (test set) validation statistics of the stacked PLS q-RASPR regression models.a

Stacked PLS
q-RASPR (training
set statistics)

MARtrain MAELOO–CV RMSEC

0.681 0.657 13.255 13.766 18.417

Stacked PLS
q-RASPR (test set
statistics)

MAEtest RMSEP

0.960 0.951 0.948 4.402 6.320
aThe optimized hyperparameter setting for the Stacked PLS q-RASPR model is LV = 1.

Table 13: Internal (training set) and external (test set) validation statistics of the stacked MLP q-RASPR regression models.a

Stacked MLP q-RASPR (training set statistics) MAEtrain MAELOO–CV RMSEC

0.695 0.645 12.952 13.957 18.015

Stacked MLP q-RASPR (test set statistics) MAEtest RMSEP

0.961 0.963 0.960 4.038 5.500
aThe optimized hyperparameter settings for the Stacked MLP q-RASPR model are activation = “logistic”, alpha = 1, learning_rate_init = 0.01, max_iter
= 1000, random_state = 0, and solver = “lbfgs”.

Table 12: Golbraikh and Tropsha [57,59,60] test results for the
stacked PLS q-RASPR model.

Criterion Assessment Result

r2 > 0.6 pass 0.960

pass 0.657

pass 0.001

pass 0.001

pass 0

0.85 < k < 1.15 pass 0.902
0.85 < k’ < 1.16 pass 1.063

Apart from PLS, we have also used a MLP model as the final
regressor (Figure 2) after optimization of the hyperparameters
by the GridSearchCV approach. The validation statistics are
presented in Table 13 and Table 14.

Consensus models
The efficacy of the two proposed consensus approaches based
on averaging with equal weights or on weighted calculations

Table 14: Golbraikh and Tropsha [57,59,60] test results for the
stacked MLP q-RASPR model.

Criterion Assessment Result

r2 > 0.6 pass 0.961

pass 0.645

pass 0

pass 0

pass 0

0.85 < k < 1.15 pass 0.991
0.85 < k’ < 1.16 pass 0.970

(Equation 14), was assessed through comparing prediction
results for the test set, where the same training and test sets
were used for the five individual models, but using different
sets of descriptors (Table 15). The consensus predictions using
the averaging scheme were derived using the test set predic-
tions of the five individual models with equal weights in the
calculation of the final predictions. In this manner, averaged
statistical parameters were calculated (Table 16).
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Table 15: Selected descriptors per model.

kNN/read-across Random forest
regression

Adaboost regression Stacked PLS –
q-RASPR

Stacked MLP –
q-RASPR

Dsph Dsph Dsph
CT CT [unique integers] CT [binary]
DLS DLS DLS

MW MW
A132

A11
Noxygen
Shape

Ypred(M1)a Ypred(M1)
Ypred(M2)b Ypred(M2)
Ypred(M3)c Ypred(M3)
Ypred(M4)d Ypred(M4)

aPredicted values from the individual q-RASPR model M1. bPredicted values from the individual q-RASPR model M2. cPredicted values from the indi-
vidual q-RASPR model M3. dPredicted values from the individual q-RASPR model M4.

Table 16: Accuracy statistics on the test set for the five independent models and the two consensus models.

Statistic kNN/read-acro
ss

Random
forest
regression

Adaboost
regression

Stacked PLS
– q-RASPR

Stacked MLP
– q-RASPR

Consensus
average

Consensus
weighted
average

R2 0.88 0.94 0.87 0.95 0.96 0.97 0.97

0.88 0.94 0.88 0.95 0.96 0.97 0.97

MAE 7.81 5.43 8.95 4.40 4.04 4.01 4.35
RMSE 9.71 6.73 9.91 6.32 5.50 4.86 5.03

In the weighted average consensus scheme, the weights were
calculated based on the coefficient of determination  values
of the five models on the training set as follows:

(14)

The consensus predictions on the test set were validated for
their reliability using the same statistical metrics and the results
are presented in Table 16. The obtained results for both
consensus approaches are much better than those of the indi-
vidual models, that is, R2 and  are closer to 1, while RMSE
is closer to 0. This confirms the usefulness of integrating
diverse ML approaches for more reliable results. The results of
the RR exercise presented herein (Figure 3) show that the
diverse ML modelling techniques like read-across and QSPR

can be applied, and diverse sets of descriptors can be used, to
calculate key nanomaterials properties. Nevertheless, the best
results can be achieved through the combination of various
solutions via consensus modelling, which is recommended for
enhanced accuracy and reliability of the prediction of the most
important nanomaterials endpoints.

Conclusion
In this collaborative work we have implemented a round-robin
(RR) test focused on the creation of two consensus models for
the prediction of the zeta potential (ZP) of metal and metal
oxide NMs in aqueous environments. Four distinguished nano-
informatics groups participated in this exercise, each devel-
oping their own models based on a shared NMs dataset. The
models developed as part of the RR test included (i) a k-nearest
neighbours algorithm coupled with a read-across approach,
enabling a nuanced exploration of the similarity space among
the materials being studied, (ii) a random forest model, and (iii)
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Figure 3: Schematic representation of the individual and consensus models for the RR exercise. The five models were developed independently by
four different groups and were later combined into a simple average and a weighted average scheme (consensus models). The consensus models
present improved predictive accuracy compared to the individual initial models.

an AdaBoost regression model, both of which stand out for their
speed and computational efficiency. Last, two quantitative read-
across structure-property relationship (q-RASPR) models were
included that combine the advantages of read-across and QSAR
approaches. Each of these individual models has been rigor-
ously tested and validated, adhering to the OECD principles to
ensure their reliability and predictive accuracy, as described
herein.

The key innovation lies in the next step, that is, in the combina-
tion of these individually potent models into a consensus frame-
work. We created two different ensemble models for this
purpose. The first ensemble model was straightforward; it aver-
aged the predictions coming from all four individual models.
This averaging method effectively pooled the strengths of
the individual models to produce a more robust predictive
output. The second ensemble model took a more nuanced ap-
proach, utilising a weighted average scheme. Both consensus
models demonstrated an improvement in predictive accuracy
compared to their individual components. Moreover, by pooling
multiple predictive approaches, these consensus models also
minimised any biases or limitations that could be inherent in
single-algorithm models. The exercise showed that consensus
modelling, especially when involving a diversified set of ML
algorithms, can serve as a powerful tool for enhancing the relia-
bility and accuracy of predictions in the complex field of nano-
technology.
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Abstract
Nanosafety assessment, which seeks to evaluate the risks from exposure to nanoscale materials, spans materials synthesis and
characterisation, exposure science, toxicology, and computational approaches, resulting in complex experimental workflows and

https://www.beilstein-journals.org/bjnano/about/openAccess.htm
mailto:martin.himly@plus.ac.at
mailto:i.lynch@bham.ac.uk
mailto:thomas.exner@sevenpastnine.com
https://doi.org/10.3762/bjnano.16.7


Beilstein J. Nanotechnol. 2025, 16, 57–77.

58

diverse data types. Managing the data flows, with a focus on provenance (who generated the data and for what purpose) and quality
(how was the data generated, using which protocol with which controls), as part of good research output management, is necessary
to maximise the reuse potential and value of the data. Instance maps have been developed and evolved to visualise experimental
nanosafety workflows and to bridge the gap between the theoretical principles of FAIR (Findable, Accessible, Interoperable and
Re-usable) data and the everyday practice of experimental researchers. Instance maps are most effective when applied at the study
design stage to associate the workflow with the nanomaterials, environmental conditions, method descriptions, protocols, biologi-
cal and computational models to be used, and the data flows arising from study execution. Application of the InstanceMaps tool
(described herein) to research workflows of increasing complexity is presented to demonstrate its utility, starting from (i) documen-
tation of a nanomaterial’s synthesis, functionalisation, and characterisation, over (ii) assessment of a nanomaterial’s transformat-
ions in complex media, (iii) description of the culturing of ecotoxicity model organisms Daphnia magna and their use in standard-
ised tests for nanomaterials ecotoxicity assessment, and (iv) visualisation of complex workflows in human immunotoxicity assess-
ment using cell lines and primary cellular models, to (v) the use of the instance map approach for the coordination of materials and
data flows in complex multipartner collaborative projects and for the demonstration of case studies. Finally, areas for future devel-
opment of the instance map approach and the tool are highlighted.
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Introduction
The manipulation of matter at the nanoscale and the emergence
of nanoscale materials, whose properties can be tailored by
changing their size, shape, surface chemistry, and functionality,
have led to the designation of nanomaterials as a key enabling
technology and to their subsequent inclusion in the broader
categorisation of advanced materials [1,2]. Applications of
nanomaterials derive in many cases from their high surface re-
activity, which results from their small size and large surface
area. They include applications in catalysis [3,4] (e.g., as cata-
lytic converters in engines and for energy capture and storage)
and as sensors [5,6] (e.g., for bioremediation and environ-
mental monitoring). In medicine [7,8] and agriculture [9,10],
loading of nanomaterials with active ingredients and targeting
the materials to key sites for action are enabled through surface
functionalisation and the small size of nanomaterials, which
allows them to access all areas. An important consequence of
the reactive surface area of nanomaterials is the instantaneous
interaction with their surroundings through formation of an
acquired environmental or biomolecule corona [11,12] and/or
via physical or chemical transformations that can occur at any
of the nanomaterials’ life cycle stages [13,14].

The ability of engineered nanomaterials to change characteris-
tics based on the properties of their environment presents a
unique challenge for evaluating their potential environmental
and human risks [15,16]. This “context dependence” of many
nanomaterials’ properties requires distinction between extrinsic
nanomaterial properties, which can change as the surroundings
change (such as zeta potential, which depends on the pH value
and ionic strength of the surrounding medium [17]), and
intrinsic nanomaterial properties, which are not affected by the
surroundings (such as bandgap and structural arrangement)
[18]. This tendency of nanomaterials to change with their
surroundings, or even with time during storage [19], suggests

that the time between synthesis and initial characterisation and/
or toxicity analysis, as well as changes in conditions of the sur-
rounding medium, are important to document, although they are
not routinely reported in the literature [20]. Baer et al. sug-
gested that the essential history of a set of particles can be iden-
tified as provenance information that tells the origin of a batch
of nanoobjects along with information related to handling and
any changes that may have taken place since it was originated
[21]. This would be useful in decreasing the extent of particle
variability and the lack of reproducibility observed by many
researchers.

Efforts to capture and document batch-to-batch variability of
nanomaterials’ synthesis routes were made in the QualityNano
project [22]. Also, a uniform description system for nanomateri-
als is to be established to describe nanomaterials (batches)
uniquely and to determine when two (batches of) nanomaterials
are equivalent to whatever degree specified [23]. Given the fact
that nanomaterials’ similarity can only be verified through ex-
tensive physicochemical characterisation, which is often done in
parallel to toxicity testing, a work-around solution was pro-
posed, whereby projects could assign a unique identifier to their
batches of nanomaterials via the European Registry of Nanoma-
terials [24] and add the characterisation data later, thus enabling
batch similarity to be assessed by users wishing to integrate
datasets. However, it is not clear whether characterisation data
is added in practice, or whether any of the approaches sug-
gested to date have been applied in a practical sense by the
nanosafety research community. This could in part be due to the
breadth of the nanosafety research domain; often, the
researchers who produced or characterised the nanomaterials
are different from those undertaking the different steps of expo-
sure or hazard assessment. Indeed, this effect of specialisation
was observed in studies of nanomaterials’ protein coronas,
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where the documentation of the nanomaterials’ dispersion and
corona formation steps was very complete, but the description
of the protein isolation and informatics steps was much less
complete. This gap in documentation was attributed to the fact
that the omics analyses are often performed by core facilities,
and nanomaterials researchers do not know exactly what needs
to be documented about these steps to enable the study to be
reproduced [25].

Another frequently encountered challenge is the misconception
that a statement regarding the use of a standard test guideline or
guidance document is sufficient as metadata about a nanomate-
rial’s toxicity study to enable reuse of the resulting data.
Notably these standard tests, as developed by the Organisation
for Economic Cooperation and Development (OECD) are
usually quite broad, as they are globally agreed upon. Thus,
they allow users some flexibility in terms of medium, soil,
dispersion approach and so forth, meaning that detailed docu-
mentation of each step is still required to allow others to reuse
the data with confidence. This is especially important for nano-
materials, given that the test guidelines originally developed for
soluble chemicals are currently being revised for the use with
nanomaterials [26].

Development of the instance map concept
The complexity and transformability of nanomaterials also has
consequences for the databases used to organise and store nano-
material characterisation and (eco)toxicity data. Databases
needed to adapt to the nature of the data they were required to
store. One innovative approach, taken by the NanoInformatics
Knowledge Commons (NIKC) database [27], was to introduce
the concept of the “nanomaterial instance” to capture the trans-
formations that nanoscaled materials undergo in environmental
and biological compartments as a visual representation to guide
the data curation process [28], that is, to highlight where
changes to the nanomaterial may have occurred and, thus,
where additional characterisation information would be needed.
Instances were designed to capture the necessary metadata
needed to describe a material and its surrounding medium in
mesocosm experiments while keeping the sequence of transfor-
mations intact (e.g., a material deposited in soil resulting in the
material’s uptake by surrounding plants, which are then eaten
by insects). Material transformations are tracked through
connected instances. As originally conceived, the nanomaterial
instances were used to systematically retrofit experimental data
from published literature describing nanomaterials mesocosm
studies in order to capture the nanomaterial transformations in a
manner that sufficiently includes surrounding medium charac-
teristics, thus representing both intrinsic and extrinsic proper-
ties of the studied material [20]. Mesocosm studies are general-
ly complexly layered with multiple assays and characterisation

methods occurring sequentially or concurrently, often within a
larger encompassing study in order to gain a more complete
understanding of nanomaterial behaviour. The NIKC curation
team was tasked with translating these experimental studies into
nanomaterial instances and identifying important metadata asso-
ciated with each instance. This was done by categorising experi-
mental data into one of five categories, namely, instance, mate-
rial, medium, property, and supplementary; a property can
describe either a medium (e.g., environmental, biological, or ex-
perimental) or material, a supplementary provides a way to
include visual information about a property (e.g., image or
diagram), and the instance itself is the point in time when mate-
rial, medium, and properties are being described together. A
study could have as many instances as needed to describe each
of the potential material transformations. For quality assurance
and quality control (QA/QC) purposes, the curation team
needed a way to compare defined instances and transformat-
ions. After many trials, the most efficient method for curation
was a visualisation or map that the curators would follow during
the curation process; thus, instance mapping was created. More
information on the approach is available in [28].

The benefits of such a visual representation for study design to
guide researchers regarding which characterisation and system
metadata were needed for complete reporting of nanosafety
studies emerged quickly, with researchers using instance maps
independently of the NIKC for purposes beyond data curation.
As a project planning extensive mesocosm studies, NanoFASE
adopted the concept for their mesocosm study reporting. In
collaboration with their NanoCommons data shepherd [29], the
NanoFASE project adopted the instance map approach for proj-
ect-wide data management to structure the data reporting of the
complex mesocosm experiments; the researchers used a modi-
fied version of the NIKC file format and uploaded the data onto
the NanoCommons Knowledge Base [30]. These early instance
maps were drawn by hand, without tools specifically designed
to create these maps. Their use as an integral part of the overall
data management infrastructure emerged holistically and
bottom-up and evolved based on real applications by the
nanosafety research community.

Instance maps for on-the-fly data
FAIRification
Much of the potential benefit provided by instance maps arises
from removing the current separation of data production from
data curation, harmonisation, reporting, and FAIRification
(making data Findable, Accessible, Interoperable and Reuse-
able). Instance maps represent an integral part of data produc-
tion following an on-the-fly data management approach [31],
supporting all stages of the data management life cycle [29] by
allowing the easy creation of a visual draft of the experimental
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workflow at the study design phase and then associating this
workflow with the materials, environmental conditions, method
descriptions, protocols, biological and computational models
used, and the data produced during the study. Indeed, this use of
instance maps to inform the earliest parts of the data life cycle
was a primary goal of the NIKC team in developing the ap-
proach in order to generate “premeditated interoperability” of
resulting datasets and, therefore, enable broad integration of
datasets across multiple groups; however, the realisation of that
goal could only emerge upon adoption of the approach by other
research groups. The NanoCommons project pioneered the use
of instance maps for documenting study design and data capture
needs as part of the data shepherding approach and developed a
software tool for the creation of instance maps. The approach
has now been taken up and continued in MACRAMÉ and other
recently funded advanced materials projects. As demonstrated
here, the use of instance maps to visualise material transformat-
ions has evolved into a powerful tool that extends beyond cura-
tion and beyond engineered nanoscale materials. Indeed,
researchers have started using instance maps to aid the design
and planning of experiments, as communication and instruc-
tional tools at individual and collaborative levels, and in educa-
tional settings.

This paper presents examples of such new applications of
instance maps for planning, documenting, and sharing study
designs and associated data and metadata. The InstanceMaps
tool allows users to design workflows in a fully customised
manner and to connect the nodes (instances, properties, proto-
cols, and data) with protocols and data management tools such
as electronic laboratory notebooks (ELNs), which aids inter-
operability! While the focus of the cases presented here is
nanosafety and sustainability, the general utility and applicabili-
ty of the instance map concept to describe complex experimen-
tal and computational studies in other research areas and poten-
tially in regulatory settings and industrial development and
innovation processes is also evident.

Methodological Approach
Definition of the instance map concept
The original instance maps, used as organisational structure in
the data curation efforts for the NIKC database [27], enabled
users to visually document nanomaterial transformations while
capturing the necessary metadata [28]. The experimental data is
sorted into five categories, namely, instance, material, medium,
property, and supplementary, to catalogue the metadata
describing the nanomaterial and the exposure medium. An
instance is defined as the nanomaterial in a medium at a specif-
ic moment in time. The material and medium categories are
used to describe the instance. A physical or chemical change to
the nanomaterial that (potentially) alters the physicochemical or

biological properties of the material results in a new instance.
An instance map then represents a flow chart of the nanomateri-
al fate, represented as a directed, often tree-like graph of nodes
connected by edges, that is, arrows to show the directionality
[28]. The main branch(es) is (are) formed by consecutive
instances, and other branches connected to the main branch
describe the material and medium at this specific point in the
experiment and their properties (Figure 1).

In its original conception, the chosen categories (also called
nodes) and the strict set of rules on how to place and connect
the nodes was optimised for the needs of the NIKC data cura-
tors, and later for describing the mesocosm experiments of the
NanoFASE project and the corresponding data curation tem-
plate. The NanoCommons data shepherding services facilitated
other research groups to reuse instance maps to describe their
research [32,33]. These reuses also showed that a few exten-
sions and the provision of a specialised software tool to create
the maps would further facilitate and encourage the adoption for
other types of experiments and new use cases, and the applica-
tion of instance maps as a tool to optimise and document study
design.

The NanoCommons instance map tool
The first extension proposed to support study design was to
differentiate between different types of properties (see Figure 1
and Figure 2). In the NIKC curation efforts, all data were
extracted from scientific publications; thus, there was no
obvious separation in the eyes of the curator between data pro-
duced specifically within a paper (primary data) or data taken
from literature or public databases (secondary data). This
distinction becomes important, however, when using instance
maps for complex study design workflows, where primary data
can be further categorised into wet-lab and computationally pro-
duced data. To capture the complete experimental metadata, it
was also seen as beneficial to be able to explicitly refer to proto-
cols (exposure, characterisation, or toxicity) since going from
one instance to the next can be a multistep process involving the
application of numerous protocols and/or standard operating
procedures (SOPs) of different origin. While this could be
achieved by adding an instance for the resulting material state
after each sub-step, these intermediate instances are not typical-
ly characterised experimentally; thus, the instances would make
the maps more complex without adding much information.
Explicit protocol nodes, in contrast, can be linked to the corre-
sponding resources documenting the steps in the form of text
documents, protocol repository entries, or ELN pages. For data
produced in the study, a strong linkage between protocols and
data using a workflow with stages for sample preparation, mea-
surement, raw data (collection), data processing, and processed
data was utilised. Putting all this together, the InstanceMaps
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Figure 1: Comparison between (a) the original concept of an instance map using the original definition from NIKC, modified from Amos et al. [27] and
(b) an instance map generated using the InstanceMaps tool with its extended node library. The full instance map in (b) is available at https://
figshare.com/articles/software/25416040?file=51103502 for interactive inspection. (c) Comparison of the categories of instance map nodes between
the original version and the InstanceMaps tool and illustration of the new features available via the InstanceMaps tool.

https://figshare.com/articles/software/25416040?file=51103502
https://figshare.com/articles/software/25416040?file=51103502


Beilstein J. Nanotechnol. 2025, 16, 57–77.

62

tool supports twelve nodes, grouped into four categories, as
shown in Figure 2. The node taxonomy is presented in Table 1.

Figure 2: The nodes available in the InstanceMaps tool to represent a
study, grouped into four categories. An instance consists of the materi-
al and its medium (surroundings). Properties can be curated (from liter-
ature) or calculated (computed) or experimentally determined. Proto-
cols cover all steps of the workflow, including any transformations,
sample dispersion and exposure, measurement steps (e.g., physico-
chemical characterisation, (eco)toxicity evaluation, and functional
testing), and data processing such as gap-filling, data cleaning, and
statistical analyses. Data is then classified as raw (coming directly from
the measurement) or processed (following steps such as subtraction of
medium blanks or calculation of half maximal effect concentrations).

The refined instance map concept
implemented as a web application
A first prototype of an instance map service has been de-
veloped, which speeds up the creation of the maps and allows
for the linking of nodes to protocols and data sources. The tool
is located at https://instance-maps.stage.sevenpastnine.com and
can be accessed with a username and password (the maps of
this publication can be accessed under username: Supporting-
Info and password: maps-for-paper). The following functionali-
ties are available: (i) creation and modification of instance maps
and provision of basic metadata, (ii) linking of data and other
research outputs to individual nodes, and (iii) sharing of
instance maps with other users in the same user group, who can
view the map and all associated data and (meta)data by
accessing the InstanceMaps tool but cannot modify the maps.

The InstanceMaps tool was developed using a set of open-
source frameworks and libraries. At the heart of the tool is
ReactFlow for building node-based editors and interactive
diagrams. ReactFlow is incorporated into the tool using the
F#/Fable toolkit Feliz. For the backend, the Django framework

is used alongside a relational PostgreSQL database to handle
data storage and user management. During the NanoCommons
project, a group of test users were engaged in assessing the
tool’s usefulness and interface usability. Regular feedback
during all phases of the development was crucial in guiding the
development process with regards to defining and prioritising
the requirements in terms of nodes and edges.

An instance map can be created by simply dragging and drop-
ping items (nodes). Users can choose between the twelve differ-
ent types of nodes described above, which are grouped and
colour-coded for easier interpretation of map overviews. Indi-
vidual nodes can be connected with edges to represent com-
plete workflows. Data support is still limited in the current
version of the tool but will be improved in the future to support
the harmonised and interoperable on-the-fly data management
concept envisioned in the introduction and described in [3].
Users can provide further information such as descriptions,
keywords, version numbers, creation dates, licences, contribu-
tors, and references for the complete map as well as for indi-
vidual nodes, as well as links (URLs or relative paths) to data
files. This approach was chosen in the test phase to allow users
greater flexibility with respect to the format in which their data
is stored. Currently used formats for protocols and data include
data serialisation formats such as JSON and YAML, notebook
pages (e.g., electronic lab notebooks like SciNote, Jupyter, and
Colab computation notebooks), text documents (Microsoft
Word or Google Docs), spreadsheets (Microsoft Excel), and
provider-specific data files. Other possibilities include images,
videos, or links to public repositories. A demonstration
of the tool is available at https://figshare.com/articles/
software/25416040?file=51103502 along with a tutorial to
support users.

Results and Discussion
The utility of the instance map service is demonstrated on a
range of experimental workflows applied in nanosafety and
sustainability assessment, representing the assessment of nano-
materials or advanced materials via different endpoints and
workflows. Typically, the overall experimental workflow in
nanosafety assessment consists of (but is not limited to) some or
all of the following steps: (i) material synthesis or procurement,
(ii) further modifications (e.g., surface functionalisation), (iii) a
plethora of characterisation steps by physicochemical methods,
potentially also including the application of computational
modelling and prediction tools, (iv) determination of diverse bi-
ological endpoints in vitro and/or in vivo, which can also
consist of both experimental and computational approaches, and
(v) processing of the raw data and enrichment of the processed
data and its integration to support risk assessment and/or safe-
by-design applications.

https://instance-maps.stage.sevenpastnine.com
https://figshare.com/articles/software/25416040?file=51103502
https://figshare.com/articles/software/25416040?file=51103502


Beilstein J. Nanotechnol. 2025, 16, 57–77.

63

Table 1: Taxonomy of nodes available in the InstanceMaps tool, the subjects that each node captures, and a non-exhaustive list of supporting evi-
dence and metadata to be covered in the metadata and data files, and/or protocol descriptions associated with each node. Note that, depending on
the data reporting format, some of the nodes can point to the same data file (e.g., represented as different tabs); alternatively, a full study as repre-
sented by an instance map could be stored in a single file if it supports the instance map concept.

Node Captures Information to be covered in the associated data file

Instance nanomaterial (or other test compound or
object of interest) in its chemical, biological,
and/or product environment

listing of all components (materials and media)
defining the current life cycle stage of the
material/sample + bibliographic and provenance data
defining the setup

Material compositional and structural information
about test object

full characterisation of material including, e.g.,
chemical composition, size, shape/structure, and/or
NanoInChI

Medium (e.g. solvent,
biological model, or product
matrix)

description of the surroundings of the
nanomaterial (or object of interest)

recipe of medium and/or identifier of medium and its
constituents

TransformationProtocol experimental details of changes to the
nanomaterial’s/object’s surroundings that
drive a change in the nanomaterials
physicochemical properties

protocol document/video, SOP, and/or ELN workflow

SamplePreparationProtocol experimental details of sample preparation,
e.g., dispersion, mixing, or presentation to
test organisms/environment

protocol document/video, SOP, and/or ELN workflow

MeasurementProtocol experimental details of the measurement
performed

instrument metadata, software metadata, instrument
settings/input parameters, protocol document/video,
SOP, and/or ELN workflow

DataProcessingProtocol step-by-step description of the data
processing

data processing pipeline, software details, statistical
test details, equations utilised, and blanks/controls

CuratedProperty description of a nanomaterial/object property
extracted from a publication

bibliographic information and/or link to numeric
value/data

ComputedProperty description of a nanomaterial/object property
calculated/predicted using a model or
algorithm

model/algorithm name and software used to compute
the property, and/or link to numeric value/data

ExperimentalProperty description of a nanomaterial property
measured experimentally

assay name, instrument metadata (if relevant),
organism metadata (if relevant), metadata, and/or
link to numeric value/data

RawData data retrieved directly from
observation/measurement/computation

first set of data produced by a specific experiment;
what is considered “raw data” often depends on
assay, context, and/or community

ProcessedData data that has been produced following
processes such as , e.g., background
subtraction, normalisation, or calculation

second and any other downstream set of data
generated from raw data; as for raw data, what is
considered and reported here depends on assay,
context, and/or community

Example 1: Documenting nanomaterials
synthesis and provision of unique identifiers
for nanomaterials
Instance maps were used as a tool to visualise the synthesis of
different types of surface-modified nanomaterials. These maps
were used to highlight how slight changes in the synthesis
process can alter defining characteristics of the particle, which
may drastically change particle behaviour in environmental and
biological media and nanomaterial (eco)toxicity. Although
multiple instance maps were created for different types of sur-
face-modified nanomaterials, only one is presented here
(Figure 3). The synthesis method illustrated was published by
Levard et al. [34] and was chosen because of its thoroughly de-

scribed synthesis protocol and characterisation methods. It was
also chosen because the nanomaterials were later used in an ex-
tensive exposure study examining toxicity responses of organ-
isms based on differences in the particles’ sulfidation levels
[35]. We note that the same reasons underpinned its selection
for the discussion of instance maps in [28].

The instance map in Figure 3 delineates all steps of the synthe-
sis of sulfidised silver nanoparticles (AgNPs). AgNPs are syn-
thesised with a polyvinylpyrrolidone (PVP) surface by reduc-
tion of silver nitrate in ethylene glycol with 10k PVP. The PVP-
AgNPs are characterised regarding some of their physical attri-
butes such as the particles’ shape, size, and crystalline phase.



Beilstein J. Nanotechnol. 2025, 16, 57–77.

64

Figure 3: This part of an instance map shows the first steps of the synthesis protocol for the sulfidation of AgNPs originally published in [34]. The full
instance map is shown as a miniature on the top right and is available at https://figshare.com/articles/software/25416040?file=51103502 for interac-
tive inspection. The map can be divided in two phases. The first phase is the synthesis of silver nanoparticles (AgNPs) functionalised with polyvinyl-
pyrrolidone (PVP), which occurs in the first three instances (shown as light blue nodes). Once the NPs have been synthesised, physical and chemical
characterisation of the particles is performed. These characterisation endpoints can be seen in orange linked to the material in the third instance. The
second phase is the sulfidation process, which can be seen in the light purple boxes (only accessible in the interactive tool). Although there are three
“transformation protocols” listed, the protocol is the same except for the concentration of PVP-AgNPs used.

The particles are then sulfidised using different specified con-
centrations of the PVP-AgNPs resulting in increasing levels of
sulfidation measured by the S/Ag ratio. Thus, four different NPs
need to be distinguished and tracked in the subsequent toxicity
experiments, leading to a need for unique identifiers for the
nanomaterials.

Instance mapping is, thus, being extended to support and imple-
ment emerging standards to FAIRify nanomaterials data by
creating a common naming convention. An international and
interdisciplinary group is currently working on refining a stan-
dard nomenclature for nanomaterials, the “InChI for nano” or
NInChI [36], based on the International Chemical Identifier
(InChI). The objective is to create a notation that is readable to
both humans and machines and that encompasses chemical and
physical attributes of the material. As shown in the example in
Figure 3, nanomaterials are often layered, often with a core and
a functionalised surface, which can be engineered for specific
purposes and can modulate toxicity endpoints. Ideally, a
nomenclature would include details on chemical identities of
the nanoparticle’s core and surface, its transformation, where it
is the transformed form of the nanomaterial that is evaluated,
any impurities, and physical descriptors of the material’s mor-
phology, as well as the nature of the bonds between the surface
and core. This level of detail can only be gained by under-
standing how the nanomaterial is synthesised, which is where
instance maps will be a critical tool.

Example 2: Monitoring nanomaterial
transformation in complex environmental
media
Ecotoxicity exposures conducted in soil and mesocosm experi-
ments are often complex with multiple parameters and
endpoints (e.g., [37-40]). The diversity of data types required to
monitor soil, porewater, nanomaterials, and organisms requires
many sample collections and analyses; also pre-experiment data
and metadata need to be collected. The complexity of the exper-
iments is simplified by the use of instance maps, which allow
for an overview of biological and chemical sampling during the
mesocosm experiment. By detailing all relevant metadata and
post-exposure analyses, instance maps visualise the flow of data
collection and methodologies, including the biological culture
information and chemical pre- and post-exposure data
(Figure 4A).

The instances in the example in Figure 4 follow the timeline of
exposure; at each instance, the nodes depict the data pertaining
to that particular instance. Instances at the top of the map (see
Figure 4, “Set up – nanomaterial dispersion and soil spiking”)
occur before the exposure of organisms and include the nano-
material dispersion and their addition to soil, followed by
instances detailing the addition of organisms and then the time-
points of sample collection. Data was organised left to right to
visualise the distinction between curated data and/or any pre-ex-
periment information and data generated by the experiment

https://figshare.com/articles/software/25416040?file=51103502
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Figure 4: Instance map of a nanomaterial’s mesocosm experiment. (A) Representation of an instance map for a mesocosm exposure experiment. (B)
An expanded map region to visualise the experiment organisation and the flow of data collection. Instances (blue boxes outlined with a blue border)
are organised in time from the top of the map (blue arrow represents direction of time). Data is split on either side of the instances to distinguish its
origin. To the left are the green and yellow boxes that show curated data and pre-experiment information. Curated data and pre-experiment informa-
tion is further split across instances to show when it is applicable to pre- (green) or post- (yellow) exposure of organisms. To the right side of the
instances is an orange box that shows all data generated from a given instance. This data is also further split into two categories. First, raw data and
processed data (pink border) and, second, the methodologies and processing approaches used to derive that data (purple border). (C) Extension of a
sample node to include further analysis and data points. The full instance map is available at https://figshare.com/articles/software/
25416040?file=51103502 for interactive inspection.

itself (Figure 4B). The data and processes are visualised as
nodes attached to each instance. On the left side of this exam-
ple are nodes relating to the components prior to their addition
to the experiment, that is, information on the pristine nanomate-
rial, medium and soil, suppliers, batch numbers, CAS numbers,
pH, and any other pre-processing steps before the addition into
the experiment (mesocosm). For the first exposure instance,
also species information such as cultivars, suppliers, culture
maintenance information, and QC of organisms entering the ex-
periment are included.

On the right side of the close-up (Figure 4B), an organised
display of any data generated by the experiment itself is shown.
This is split into raw and processed data, as well as the pro-
cesses of their collection. The pink section nodes represent the

raw data sets collected, such as the pH value of soil after the ad-
dition of the nanomaterial, organism biomass data, metal con-
centrations in organism tissues, and any processed data derived
from this raw data, such as EC50s or metal bioaccumulation
rates into organisms. Information regarding the protocols and
methods used for data collection and how samples were
processed is also attached to the data. For example, soil pore-
water separation protocols, needed to help generate porewater
metal concentration data, and all tissue sample collection pro-
cesses are available.

The level of overview provided by instance maps greatly bene-
fits the complex, multi-endpoint experiments common to
ecotoxicology, ensuring metadata collection and optimal experi-
mental design, and informing sample processing schedules and

https://figshare.com/articles/software/25416040?file=51103502
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Figure 5: Instance map visualising the steps in maintaining continuous D. magna cultures. Daphnia typically produce brood from about ten days of
age and roughly every three days thereafter, with the third to seventh broods being the most genetically stable and, thus, suitable for ecotoxicity ex-
periments. Tracking of the number of offspring per brood is one of the essential QC measures to record, using the template shown in Table 2. Details
such as organism species, strain, and culturing conditions (temperature, pH, dissolved oxygen, light/dark cycle) can be captured here as well as the
specifics of, for example, the medium and the culturing vessels. The full instance map is available at https://figshare.com/articles/software/
25416040?file=51103502 for interactive inspection.

data management plans. The flexibility of the instance map
system means that maps can be extended to include any further
branching to processes, such as adding any later analysis of
collected samples by extending a branch for that sample, for ex-
ample, transcriptomic analysis on exposed organisms by real-
time polymerase chain reaction (Figure 4C).

Example 3: Linking assay QA/QC with SOPs
for running cultures of biological organisms
and standardised ecotoxicity testing
Keeping records of the normal organism behaviour in indi-
vidual labs is vital for regulatory testing, but it is not something
that is formalised in most academic laboratories. Thus, instance
maps can also be used to build awareness of the pre-experiment
steps and the importance of documenting these as they form
part of the provenance and QA/QC metadata that underpin
regulatory testing. This data supports demonstration of the trust-
worthiness of (hazard) data to others who may wish to reuse the
data (e.g., in modelling or as part of a risk assessment).

The model organism Daphnia magna is cultured in a high
hardness medium, which is aerated for a minimum of 8 h
prior to use in culturing; the dissolved oxygen content is
measured every 2–3 days to ensure it stays within the accept-
able range. The pH value of the medium is also measured and
moderated to within the defined parameters for the specific me-
dium before use for the ongoing culturing of daphnia. The
running cultures are typically in large (1 L) beakers with
900 mL medium and can contain 10–15 adults, with the medi-
um being refreshed three times per week. All cultures are fed
the same daily algal ration of Chlorella vulgaris (7.5 mg C days
0–7, 11.25 mg C days 7 onwards, with double rations on
Fridays to cover the weekend) and are kept in a 20 °C laborato-
ry under a 16:8 hours light/dark cycle. The steps involved in
maintaining the daphnia and the algae on which they feed are
shown in the instance map of Figure 5. Third-brood daphniids
are used for all ecotoxicity experiments (i.e., acute and chronic
toxicity testing) to ensure optimum genetic health of future
cultures.

https://figshare.com/articles/software/25416040?file=51103502
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Table 2: A simple data capture template for monitoring the health and performance of running daphnia cultures, wherein the amount of food and
dates of medium changes are reported along with the numbers of offspring measured per culture jar. Long term tracking of culture performance allows
for confidence in data generated in regulatory testing using standardised assays, as any deviations from normal behaviour can be confirmed as being
from the exposure rather than from any anomalies in how the test was performed.

Date Day of culture Culture (number in jar) Offspring Food (mL) Medium change Comments

1 2 3 4 5 6 1 2 3 4 5 6

02/01/24 1 12 12 12 12 12 12 0.75 √
03/01/24 2 12 12 12 12 12 12 0.5
04/01/24 3 12 12 12 12 12 12 0.75
05/01/24 4 12 11 12 12 12 12 1
06/01/24 5 12 11 12 12 12 12 1 √
07/01/24 6 12 11 12 12 12 12 2
08/01/24 7 12 11 12 12 12 12 0
09/01/24 8 12 11 12 12 12 12 1.5 √
10/01/24 9 12 11 12 12 12 12 1.5
11/01/24 10 12 11 12 12 12 12 1.5 eggs in brood pouch
12/01/24 11 12 11 12 12 11 12 √ √ √ √ √ 1.5 √ first brood
13/01/24 12 12 11 12 12 11 12 √ 3
14/01/24 13 12 11 12 12 11 12 0
15/01/24 14 12 11 12 12 11 12 √ √ √ √ √ 1.5 √
16/01/24 15 12 11 12 12 11 12 √ 1.5
17/01/24 16 12 11 12 12 11 12 1.5

The steps in the acute daphnia toxicity test performed accord-
ing to the OECD standard test guideline (OECD 202 “Daphnia
sp. acute immobilisation test” [41]) have been visualised using
an instance map (Figure 6). An intentional feature of the OECD
test guidelines is that they leave some flexibility for the users in
that they recommend a specific medium, but this is not essen-
tial (and indeed many labs use tap water or bore hole water).
Thus, each lab needs to prepare its own detailed SOP that
underpins the experiment. In the example shown, we have not
linked to other aspects of an overall study that would be re-
quired, such as characterisation of the stock solution and assess-
ment of the nanomaterials’ stability in the test medium. Howev-
er, the beauty of the instance map approach is that this linking
of experiments/experimental steps is easy. A related data
capture template has been developed and is linked to the raw
data node. The OECD 211 “Daphnia magna reproduction test“
(a reproductive assay) has also been mapped, as shown in
Figure 7, noting that the concentration used in the chronic test is
usually derived from the acute test (e.g., the EC30 or EC10 con-
centration). Thus, these instance maps can also be linked and
are indeed linked to the running culture instance map of
Figure 5.

In line with the QA/QC efforts presented here, initiatives are
ongoing at the European level, and to a certain extent even
global level, aiming, for example, at the harmonisation of nano-

materials characterisation reporting, its terminology, classifica-
tion, and metadata. A standard structure containing this type of
information relating to (i) materials characterisation (meta)data,
termed CHADA (CHAracterisation DAta and description of a
characterisation experiment), has recently been proposed [42].
Standardised or harmonised reporting formats had previously
been called for, such as a listing of minimal reporting standards
for biological assays studying the interactions of nanomaterials
with biological materials, termed MIRIBEL [43]. The prime
intention here is to improve future exchange of datasets among
materials characterisation experts, to facilitate collaboration
with industry end users, and to optimise the interoperability of
data and, thus, enable better data reuse by modelling experts.
Likewise, efforts are ongoing to harmonise the (ii) materials
MOdelling DAta terminology, resulting in templates for
physics-based model description, termed MODA [44], driven
by the activities of the European Materials Modelling Council
(EMMC), resulting in a workshop agreement of the European
Committee for Standardization (CEN). Instance maps can
support this effort by graphically resolving reporting docu-
ments as they enable a structural representation of the experi-
mental (or even computational) data workflow. In the context of
biological experimentation, we can link the instance maps to
(iii) biological data reporting that fulfils criteria such as advo-
cated by MIRIBEL. Analogous to the two aforementioned
reporting formats, such a biological documentation could be
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Figure 6: Representation of the OECD 202 “Daphnia sp. acute immobilisation test” guideline for acute toxicity to daphnia as an instance map. For
nanomaterials, there would be an additional link from the stock solution to the range of characterisation studies needed, such as size distribution, sur-
face charge, and stability over time. The full instance map is available at https://figshare.com/articles/software/25416040?file=51103502 for interac-
tive inspection.

Figure 7: Representation of the OECD 211 “Daphnia magna reproduction test” guideline for reproductive (chronic) toxicity to daphnia as an instance
map (b). The exposure concentration is determined from the acute dose–response curve (a), generated according to the instance map shown in
Figure 6, which will be fully integrated in a next iteration of the InstanceMaps tool. The instance map is available at https://figshare.com/articles/soft-
ware/25416040?file=51103502 for interactive inspection.

https://figshare.com/articles/software/25416040?file=51103502
https://figshare.com/articles/software/25416040?file=51103502
https://figshare.com/articles/software/25416040?file=51103502
https://figshare.com/articles/software/25416040?file=51103502
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Figure 8: Instance map of the immunotoxicity workflow to study the bio-nano interactions of differently functionalised SiO2 nanomaterials with immune
cells. The instance map is divided into sections A–E, based on the studies of Hasenkopf et al. [48], Mills-Goodlet et al. [49], Johnson et al. [50], and
Punz et al. [51], highlighting the different approaches and routes that were taken. Section A, which serves as a baseline for all studies, mainly focuses
on the nanomaterial synthesis and surface modification. The pathway towards more in-depth immunological investigations was chosen for section B,
while sections C and E cover alterations in the protein binding activity, depending on the physicochemical properties provided by chemical surface
functionalisation and also the observed structural alterations that occurred upon nanomaterial conjugation because of the nanotopography of the ma-
terials (mesoporous SiO2 nanomaterials). Section D depicts the integration of in silico predictive modelling approaches with quantitative and qualita-
tive in vitro determination of the protein corona (epitope rearrangement). The full instance map is available at https://figshare.com/articles/software/
25416040?file=51103502 for interactive inspection.

termed BIODA, a reporting structure for BIOlogical assay
DAta. Such concepts will prove useful when highly complex
workflows are built and data has to be aggregated from the dif-
ferent criteria. For example, regarding the regulatory readiness
of testing pipelines based on new approach methodologies,
batteries of more than 20 assays with over 50 individual
endpoints are compared and data (from different laboratories)
needs to be aggregated [45]. The offspring tracking presented in
Figure 5 may represent the first step towards implementation of
a BIODA to allow for benchmarking and interoperability of
data from different labs, similar to the CHADA and MODA
concepts.

Example 4: Showcasing complex workflows
in human immunotoxicity assessment using
cell lines and primary cellular models
In the context of studying bio-nano interactions of silica-based
nanomaterials with potential use as adjuvants in immunotherapy

and of allergens as active pharmaceutical ingredients (APIs), we
used the InstanceMaps tool to summarise and highlight differ-
ent workflows for investigating immunotoxicity and pharmaco-
logic efficacy endpoints. Regarding materials, the studies
focused on silica (SiO2) nanomaterials in the size range of
50–100 nm (depending on the method used, i.e., transmission
electron microscopy, nanoparticle tracking analysis, or dynamic
light scattering (intensity or number distribution)) with differ-
ent surface modifications, which are reported to be immunolog-
ically active in different ways but are overall considered to be
safe [46]. In some studies, the impact of material surface
(nanotopography) and functional modifications on API binding
(molecular initiating event according to the “adverse outcome
pathway” concept [47]) were investigated. In other studies, the
different steps involved in specific immune reaction mecha-
nisms (key events for beneficial vs adverse outcomes) were
analysed. Figure 8 illustrates the comprehensive experimental
workflow overarching several immunotoxicity studies, high-

https://figshare.com/articles/software/25416040?file=51103502
https://figshare.com/articles/software/25416040?file=51103502


Beilstein J. Nanotechnol. 2025, 16, 57–77.

70

lighting the different routes chosen for these studies, including
synthesis, surface functionalisation, and physicochemical char-
acterisation of the nanomaterials, the bio-nano interaction
studies, and the determination of different biological/immuno-
logical endpoints.

When studying bio-nano interactions the starting point is
typically the synthesis (or procurement) of the particles, which
for SiO2 nanomaterials is either the Stöber method or the emul-
sion method, followed by chemical modification. Here, nano-
material functionalisation was realised by addition of amino or
carboxyl groups with shorter or longer aliphatic linkers. Altera-
tion in the particles’ nanotopography was realised through pore
formation during synthesis using cetyltrimethylammonium bro-
mide. The non-covalent conjugations between nanomaterials
and proteins were quantitatively characterised, directly by gel
electrophoresis and indirectly by quantifying the amount of
unbound protein in the supernatant upon several washing steps.
“In Vitro Sedimentation, Diffusion and Dosimetry” studies
were undertaken to determine the cell-delivered dose for all cul-
ture conditions based on the specific density and size parame-
ters of the bio-nano conjugates [52]. Finally, comprehensive
physicochemical characterisation was performed by applying a
set of analyses according to the reporting standards for bio-nano
interactions [43], and (meta)data were uploaded to the
NanoCommons Knowledge Base [30], following the principles
for data FAIRness and metadata stewardship [29]. These were
the necessary baseline requirements to proceed with experi-
ments, which are defined as section A in Figure 8.

The sections concerning the biological and immunological read-
outs, as well pharmacological efficacy, independently expand
upon section A. The focus in Figure 8B is on mechanistic
studies following uptake and presentation by professional
antigen-presenting cell (APC) models using unmodified SiO2
nanomaterials [50] compared with differently surface-function-
alised particles [51]. As a model for APCs, monocyte-derived
dendritic cells were generated from human whole blood sam-
ples as a preliminary step, again building a BIODA-type of
reporting structure following SOPs. Afterwards, these APCs
were incubated with the materials generated in section A, and
their immunologic activation profile was investigated utilising
flow cytometry and enzyme-linked immunosorbent assay.
Sections C and E in Figure 8 are quite similar in concept [49]
and investigate the influence of nanotopography on the protein
binding capacity and its impact on epitope integrity. Johnson et
al. [53] reported that structural alterations of proteins bound to
nanomaterials impact the antigen-processing machinery in
APCs and could, thus, impact the outcome in terms of
immunomodulation. Here, it should be emphasised that during
immunotherapy against type-2 immune diseases, such as aller-

gies, a shift towards regulatory T cell activation is envisioned.
Finally, as depicted in section D, Hasenkopf et al. [48] tested
the proteins’ individual binding efficiencies on differently func-
tionalised SiO2 nanomaterials under varying conditions. They
also compared artificial and real allergen mixtures by applying
genuine detection assays suitable for allergenic molecules in
vitro and assessed two recently developed in silico protein
corona prediction tools regarding the results from experimental
studies.

The aforementioned studies are complex and individually
targeted to different endpoints. The InstanceMaps tool allows
users to generate large and intertwined workflows referring to
multiple research objectives. While a single experiment can
already be depicted by an instance map, we herewith displayed
their use for visualising integrated batteries of assays and
depicted their applicability as a structural representation of
larger collaborative research and development endeavours.
Instance maps have thus proven instrumental as a tool for
creating and illustrating workflows that combine several sophis-
ticated backgrounds, allowing even less experienced users to
capture the bigger picture and still perceive more detailed corre-
lations within a larger context.

Example 5: Using instance maps for
planning and refining data and material
workflows in large collaborative projects
As the last example of application and utilisation of instance
maps, their use for reporting of studies with complex work-
flows and as a tool for study design and planning and tracking
tool for materials, samples and data flows is presented. The
MACRAMÉ project aims to extent the coverage and widen the
applicability domains of harmonised OECD test guidelines,
OECD guidance documents, and international standards (CEN,
ISO) by refining existing and developing new advanced physi-
cochemical, human, and ecotoxicity characterisation methodol-
ogies for market-relevant nanomaterials and the wider group of
advanced materials [54] in their complex product matrices. Ap-
plicability, relevance, and reliability are tested in five industrial
use cases. To demonstrate the instance-map-based data manage-
ment approach of MACRAMÉ, the use case of antibiotics-
loaded polymeric nanomaterials is showcased. These nanomate-
rials are used for a proof-of-concept of the treatment of antibiot-
ic-resistant bacterial lung infections. In addition, controls are
prepared for imaging purposes to verify the suitability of the
MACRAMÉ approach to quantify and characterise the aerosols
upon exposure of in vitro lung models. Relevant exposure
points were identified and used to define the samples that need
to be taken from the industrial processes and sent to the charac-
terisation and testing partners. The combinations of advanced
materials and complex matrices to be studied include all
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Figure 9: Part of the instance map depicting the planning status of the human and ecotoxicology testing for the MACRAMÉ use case of antibiotics-
loaded polymeric nanomaterials. After the production of the loaded nanomaterials, they are sent to many experimental partners performing the differ-
ent assays. The instance map is crucial to describe the complexity of the workflow, which includes strong cross-partner dependencies such as sam-
ple preparation by one partner and measurement by another, which must be completed within a specific timeframe. The full instance map is available
at https://figshare.com/articles/software/25416040?file=51103502 for inspection.

life-cycle-relevant occurrences of (i) complex product matrices,
(ii) degraded complex product matrices at the product’s end of
life, (iii) regulatory relevant biological matrices for human tox-
icity testing, (iv) environmental matrices for ecotoxicity testing,
and (v) relevant forms of the different complex matrices, such
as soot and char, and aerosols generated from compounding,
machining, use, weathering, degradation, or incineration of
products.

To achieve such a full characterisation of the materials along
their complete life cycle and, at the same time, move the
methods forward on their road to standardisation – all in the
short time of the project – intensive collaboration and unhin-
dered knowledge exchange between all partners is essential.
Flows of material and data/information, from production to
sample preparation (simulating different end-of-life scenarios)
to collection of the characterisation data, need to be organised
effectively in order to satisfy the information requirements of

downstream experiments; also, all data needs to be integrated to
perform a safety and sustainability evaluation.

The InstanceMaps tool was used to visually map all exposure
points, the characterisation methods applied to these points, and
the workflows needed to create the materials and the life cycle
samples and to execute the experiments. This ensures that all
information required to perform the safety and life cycle assess-
ment is collected, with all steps documented as part of the plan-
ning status (see Figure 9).

Besides nodes representing the materials/samples (instances),
characteristics and endpoints to be collected (experimentally
and via text/database mining), and nodes describing modifica-
tion steps applied to materials and samples (transformation
protocols) and testing SOPs (sample preparation, measurement,
and data processing), as described in the previous examples,
instance maps also focus on and clearly define the chemical and

https://figshare.com/articles/software/25416040?file=51103502
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Figure 10: Part of the instance map for the MACRAMÉ use case of antibiotic-loaded nanoparticles representing the shipping of the pristine material to
partners performing the human and ecotoxicity testing. The full instance map is available at https://figshare.com/articles/software/
25416040?file=51103502 for interactive inspection.

physical treatment and processing steps performed as part of the
manufacturing process, as well as shipping of samples from one
partner to another (Figure 10).

By adding manufacturing and project management nodes, the
instance maps now offer options to collect and document all
digitalised information and results produced in upstream tasks
of the case studies at one central place for direct (re)use in
downstream tasks. In combination with the other components of
the MACRAMÉ data management infrastructure and data
harmonisation activities, the partners are able to adopt an
on-the-fly FAIRification approach [31], in which all research
output, including, but not limited to, sampling plans, study
designs, in vitro and in silico method specifications, protocols,
SOPs, and the data created, as well as guidelines, reports,
training materials, and publications are directly shared – even in
draft versions – by attaching them to instance maps nodes. The
maps are only available to the consortium (until/unless they are
made public by agreement of all involved parties). Hence, they
can be used, for example, to report very detailed partly confi-
dential information on the production processes needed for the
life cycle assessment to evaluate energy and water consump-
tion or as a basis to discuss the amounts of material needed to
be shipped to the partners and then the status of the shipment.
At the same time, the instance maps are continuously updated to
increasingly represent the real workflows performed in the use
cases with different versions, documenting the need and the
reasons for deviating from the original planning and when this
need became evident. We note here that instance maps could

potentially also be utilised to pinpoint where a particular experi-
ment has gone awry or deviated from prior results, including the
case of negative data. This demonstrates that the FAIR concept
is not only relevant for a secondary reuse of data. Instead, it
also supports data collection and sharing in large projects from
day 1, and the work invested in FAIRification at the planning
stages will immensely reduce the effort for FAIR storage and
sharing of data via agreed licences.

Finally, Figure 10 also demonstrates that misusing the colour
coding established for clear identification of the node’s purpose
can be beneficial during planning. Red colours, which are
normally used to represent data, were here applied to indicate
areas where further discussions were needed on how to perform
the experiments or if they are even possible in the time frame
and budget of the project. Extending the application of instance
maps to all the uses described in this paper, and potentially
many more, was only possible by not enforcing strict rules on
how different node types can be connected. However, some
more guidance might be needed to make the instance maps and
the linked data more comparable and interoperable. Now that
the applications are better defined and the use cases of the tool
have matured, this will be pursued through extending the design
guide published in the original instance map paper [28] and by
preparing standardised workflows as arrangements of nodes
and/or limiting the way nodes can be connected. To retain some
flexibility, the node library could then be extended, for exam-
ple, by adding specific planning nodes and/or by having
customisable nodes.

https://figshare.com/articles/software/25416040?file=51103502
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Key lessons from the implementation cases
and future directions
Through the collaboration across the different implementation
cases (presented here as examples 1–5) a number of additional
features arose, which could extend the functionality of the
InstanceMaps tool. To provide a concise, yet comprehensive,
overview of the lessons learned, Table S1 in Supporting Infor-
mation File 1 lists all data management features that were
captured in each of the examples 1–5 above across the data
management life cycle phases (collaboration planning, study
design, study execution, data analysis and enrichment, and data
validation and reuse, as defined in [29]), using an “X”. Some
features that had to be applied manually and retrospectively are
indicated as “(X)”. Requested features to be included in future
updates of the currently available version are given in purple
rows.

The modifications introduced during the development of the
InstanceMaps tool, especially the extension of the available
node types, opened up many new uses of instance maps for all
of the applications presented above, and potentially new ones in
the future. However, they also made defining rules on how to
connect different nodes less straightforward than in the original
approach, where the focus was completely on the fate of nano-
materials. Newer instance maps look into more detail of the bio-
logical testing system (see Figure 5). Transformation protocol
nodes helped to understand which object (e.g., nanomaterial, bi-
ological test system, or solvent/medium) underwent a modifica-
tion, but they made the separation between material and medi-
um less obvious. These circumstances also raised the question
as to whether materials and medium always have to be associat-
ed to an instance or if they can be independent entities when
they are used for the first time in a synthesis, functionalisation,
or exposure protocol (see Figure 4 and Figure 10).

Another example where different groupings of nodes have been
used in different applications was the use of properties in com-
bination with sample preparation, measurement, and processing
protocols, as well as the resulting data. For example, the combi-
nation of sample preparation → measurement → raw data →
processing → processed data, could be placed before or after
the node defining the measured property, or could even replace
this node completely. It was interesting to see how instance
maps describing the same study but created by different users
showed significant variations in how nodes were used and
connected. This was first recognised when the study from
Martinez et al. [32] was used in instance map training and then
compared to the original map presented in the publication. Such
deviations in instance map design do not cause a problem per
se. In most cases, it was easy for others to understand the design
and flow of the study and to easily identify important results

based on common sense. Only in a few early cases, the maps
needed to be corrected to avoid inconsistencies. The corre-
sponding data, protocols/SOPs, and other research outputs
could be linked to the maps independently of differences in
representation.

To demonstrate that such variations in how instance maps are
constructed and nodes are linked can be used to put the focus on
different parts of the instance maps, we decided to present all of
the examples in the way that the person(s) who performed the
experiments had created the maps; we did not force users to
comply with any specific set of rules. However, some more
standardisation and a limited set of rules for linking nodes could
speed up comparison (and interoperability) of workflows, one
of the main benefits stated during the NIKC curation process.
Standardisation would also facilitate the generation of
harmonised, comparable data packages combining all informa-
tion associated with one map, enabling upload of all data to
target databases.

There are a number of other areas where the instance maps and
the tool could be further extended. The highlighting of specific
areas in the maps shown in Figure 3 and Figure 8 was created
manually; but this clearly shows that integrating functionalities
to create such annotations directly in the tool would be very
beneficial. Additionally, better support to link different instance
maps or to show more detail when hovering over specific parts
could reduce the complexity of the maps, especially for com-
plex studies as visualised in Figure 9 and Figure 10, without the
need to remove important details. Finally, the data management
and sharing functionality need to be improved to show which
information is available and from where, to give access to
multiple information sources from one node, and to provide in-
tegration with important data management tools such as ELNs
and protocol repositories. Ways to implement these extensions
and improvements are currently under investigation.

It is worth stressing, however, that even if instance maps could
drastically change the way data is collected, they are not meant
to replace existing data management solutions. Instead, tools
implementing the instance map concept should be integrable
into existing data ecosystems. Instance maps address two very
specific purposes: (i) They provide a visual and structured
overview of a study, and (ii) they are an addition to the original
concept, linking to resources with additional information for a
specific part or component of the study. In this way, they can
become the link between different types of personal, institu-
tional, and public information resources (databases and data
warehouses, protocol and SOP repositories, software, and
source code repositories) and data input and curation services
including ELNs. Some ELNs already offer a somewhat similar
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functionality by allowing user to organise the different steps of
the experiments in a workflow. However, as shown in this
paper, the instance maps are one level above these workflows
since they can represent different levels of detail to show com-
plete, very complex studies, and then zoom into the details of
these studies to highlight the metadata and data required at each
step. Additionally, different solutions can be used for different
types of information customised to the needs of the user and/or
community recommendations and are not limited to what a spe-
cific ELN solution is offering.

Conclusion
From its initial conception as a way to track nanomaterials’
transformations as reported in literature studies, the instance
map approach has undergone very rapid development into a
multipurpose experimental visualisation tool with multiple ap-
plications. At its simplest, an instance map can be considered as
a graphical abstract summarising the steps in an experimental,
computational, or combined workflow, demonstrating the mate-
rials, their surroundings (medium, environment, and organism),
the endpoints being measured, and the data flows arising from
each step of the experiment (synthesis, dispersion, characterisa-
tion, exposure, and hazard assessment) and/or each stage of the
nanomaterials life cycle (production, formulation, application,
end of life, and disposal or recycling). When applied to stan-
dardised regulatory tests or production scenarios, instance maps
can be used to provide completeness checks for studies or pro-
duction batches, ensuring that all necessary parameters to be re-
corded are captured in the visual model. In this context, instance
maps can also be utilised as training tools to emphasise to
researchers and operators why specific parameters or checks are
essential and to ensure that the complete workflow is under-
stood, even when individuals are only responsible for small seg-
ments of a workflow. Application of instance mapping at the
study design stage can also provide critical insight into bottle-
necks and support management aspects, such as flows of sam-
ples between partners in collaborative research projects and
efforts to support FAIRification of metadata and data prior to
data collection, to save time and resources later.

Creation of the instance mapping software tool described here
has greatly enhanced the utility of instance maps, makes extend-
ed applications of instance mapping more accessible, and
mapping of highly complex and/or multipartner collaborative
workflows feasible and practical. The examples presented here
highlight the flexibility of the instance mapping software tool,
including the capacity for linking of instance maps, and for
inclusion of additional category nodes covering quality assur-
ance and quality control, industrial production, and manage-
ment of (planned and actual) materials flows. This flexibility
has allowed instance mapping to be used for designing experi-

ments, developing SOPs, and creating and sharing workflows
within projects, and as an additional data management tool.
However, as the user base expands, the risk of emerging diver-
gent approaches also increases, which will reduce its effective-
ness for comparing and integrating datasets. Thus, a balance be-
tween flexibility and standardisation will be implemented,
through guiding principles for the design of instance maps and
the optimal connection of nodes, to maximise its potential for
harmonisation and standardisation purposes. This would facili-
tate the generation of harmonised, comparable data packages
combining all information associated with one map and
enabling the upload of all data to target databases such as the
NanoCommons Knowledge Base. Integration of the instance
map tool with other data management solutions, such as elec-
tronic laboratory notebooks, protocols registries, and databases,
will further enhance its utility and position it as a key FAIR-
enabling resource for safety and sustainability assessment of
nanoscale and advanced materials, and beyond.

Supporting Information
All instance maps created in the new instance map tool are
available from
https://figshare.com/articles/software/25416040?file=51103
502.

Supporting Information File 1
Overview of lessons learned by applying the InstanceMaps
tool.
[https://www.beilstein-journals.org/bjnano/content/
supplementary/2190-4286-16-7-S1.pdf]
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Abstract
Nanotechnology is revolutionizing different sectors such as medicine, energy, defence, and environmental science by enabling the
development of materials and technologies with exceptional precision and efficiency. From advanced drug delivery systems to
clean energy solutions, the applications of nanotechnology are diverse and transformative. However, these innovations are accom-
panied by complex challenges regarding safety and sustainability for both the nanoscale materials themselves and for the products
containing them. The growing complexity of engineered nanomaterials calls for proactive strategies to mitigate potential risks while
maintaining their functional benefits. The "Safe and Sustainable by Design" (SSbD) concept addresses these challenges by embed-
ding safety measures and sustainability considerations into the earliest stages of material development. Advances in machine
learning (ML) and artificial intelligence (AI) have further enhanced the effectiveness of SSbD by providing predictive modelling,
risk assessment, decision-making tools, and the ability to computationally screen candidate materials before producing them. This
perspective article highlights how ML and AI are driving the evolution of SSbD in nanotechnology, focussing on predictive toxi-
cology, materials informatics, lifecycle analysis, and the pivotal role of digital twins. It also explores current challenges, emerging
opportunities, and the path forward for integrating ML/AI-driven SSbD frameworks into regulatory and industrial practices.
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Introduction
Nanotechnology has fundamentally changed the landscape of
materials science, offering unprecedented opportunities to
design and develop nanomaterials with unique, tailored proper-
ties. These advances have significantly impacted diverse indus-
trial sectors, including healthcare, energy, environmental reme-

diation, and defence. For instance, nanoparticle-based drug
delivery systems have enabled targeted therapies for cancer,
minimizing side effects while enhancing therapeutic efficacy
[1,2]. In the energy sector, nanostructured materials have en-
hanced the performance and energy density of batteries and
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solar cells, providing more sustainable and efficient solutions
[3]. Additionally, engineered nanomaterials (ENMs) have been
employed for environmental applications, such as water purifi-
cation and pollutant removal, addressing some of the most
pressing ecological challenges [4,5]. Nanotechnology has sig-
nificant applications in defence [6], particularly in the develop-
ment of lightweight, high-strength materials for advanced
armour systems and protective gear. For example, nanostruc-
tured ceramics and nanocomposites enhance ballistic protection
while reducing weight, improving mobility for soldiers [7]. Ad-
ditionally, nanosensors can detect chemical and biological
threats in real time, providing critical situational awareness on
the battlefield [8]. These innovations improve operational capa-
bilities and safety in defence environments.

However, the rapid development of ENMs and their wide-scale
application across sectors has introduced significant concerns
regarding their environmental, health, and safety (EHS) risks.
The unique physicochemical properties of ENMs, including
their high surface-to-volume ratio and reactivity, often result in
unpredictable interactions with, and transformations by, biologi-
cal and ecological systems [9,10]. Traditional risk assessment
approaches, while valuable, are resource intensive and inade-
quate to fully address the dynamic risks associated with ENMs
and their myriad nanoscale forms (i.e., different sizes, geome-
tries, coatings) [11]. The need for more proactive and efficient
methodologies has led to the emergence of the Safe and Sus-
tainable by Design (SSbD) framework, which integrates safety
considerations throughout the nanomaterial lifecycle, from
design to disposal [12-14].

The SSbD concept is closely aligned with the EC Joint
Research Centre SSbD framework , the European Chemical
Industry Council (Cefic) “Safe and Sustainable by Design”
initiative [15-18], the broader agenda of the European Commis-
sion on safe and sustainable design for chemicals and advanced
materials as part of the EU Green Deal [19] and the EU Chemi-
cals Strategy for Sustainability [20], as well as the work of the
OECD Working Party on Manufactured Nanomaterials
(WPMN) Steering Group [21].

These frameworks strive to ensure that ENMs and chemicals
undergo rigorous evaluation and transparent reporting of
hazards, exposures, and life cycle impacts from the earliest
stages of product conception. Recent advances in machine
learning (ML) and artificial intelligence (AI) have significantly
expanded the capabilities of SSbD by enabling high-throughput
and automated approaches that can quickly evaluate the safety
profile of candidate materials [22] as well as multi-criteria deci-
sion analysis in which several parameters (e.g., functionality,
safety, sustainability, and cost) are optimised in parallel,

thereby accelerating the design of both safe and sustainable
nanomaterials [23]. Good data management approaches are of
paramount importance to maximise and verify the applicability
of novel approaches involving AI and ML.

On a practical level, ML/AI offers several complementary bene-
fits within SSbD. First, predictive modelling tools, such as
quantitative structure–activity relationship (QSAR) models, can
forecast toxicological and physicochemical properties of
emerging substances, reducing the reliance on time-consuming
and costly experimental assays [24,25]. The effectiveness of
ML/AI models for nanomaterials is often hindered by inconsis-
tent and non-harmonized physicochemical data. Thus, improv-
ing data quality through standardization, metadata annotation,
and curated databases is crucial to enhance the reliability and
regulatory acceptance of predictions. Second, AI-driven plat-
forms utilizing deep learning techniques enable real-time pro-
cessing of dynamic sensor data within Internet-of-Things (IoT)
environments, facilitating enhanced monitoring and analysis
across various applications, including industrial processes [26].
These insights help identify and mitigate potential EHS risks as
they evolve, ensuring proactive rather than reactive risk
management. Third, dynamic simulations – including digital
twin technologies – provide a virtual environment for
researchers to run “what if” scenarios, allowing them to explore
the impact of variable parameters (e.g., pH, temperature, sur-
face coating) on nanomaterial behaviour in complex biological
or ecological systems [27]. Examples of AI implications within
the NM life cycle are depicted in Figure 1.

Crucially, these AI-driven methods harmonize with the SSbD
frameworks by embedding safety and sustainability considera-
tions within computational workflows, ensuring that industries
are better positioned to meet evolving regulatory requirements,
fulfil societal expectations for sustainable innovation, and
streamline product development cycles [28]. Such integration
also paves the way for collaborative, transparent data-sharing
networks, where standardized information on nanomaterial
properties and toxicity profiles can be used to train increasingly
robust ML models. Overall, the synergy between the SSbD
concept, advanced ML/AI algorithms, and comprehensive regu-
latory directives fosters a future-oriented model of nanotechnol-
ogy development – one that secures both innovation and safety.

Perspective
Safe and sustainable by design
Safe and sustainable by design can be defined as “a pre-market
approach to chemicals and materials design that focuses on pro-
viding a function (or service), while avoiding volumes and
chemical and material properties that may be harmful to human
health or the environment in particular groups of chemicals
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Figure 1: Nanomaterial life cycle underpinned by AI.

likely to be (eco)toxic, persistent, bio-accumulative, or mobile.
Overall sustainability should be ensured by minimizing the
environmental footprint of chemicals and materials in particu-
lar in relation to climate change, resource use, and protecting
ecosystems and biodiversity, adopting a lifecycle perspective”
(adapted from [12]). Emphasis on early-stage risk assessment
contrasts with more reactive approaches [29], which often iden-
tify and attempt to address safety issues only after a material or
product has already been designed and introduced to the market.
By integrating toxicological, ecological, and exposure consider-
ations upfront, SSbD endeavours to minimize hazards while
preserving – or even enhancing – functional performance.

In addition to aligning with global regulatory frameworks such
as the European Union’s chemical safety regulations and inter-
national guidelines for nanomaterials, efforts to operationalize
the SSbD framework continue to evolve across research,
industry, and regulatory domains. Several key areas require
further attention to ensure the effective integration of safety and
sustainability considerations into nanomaterial development.

Need for harmonized testing protocols
Establishing standardized and reproducible methodologies for
characterizing nanomaterial properties – such as size distribu-
tion, surface chemistry, and toxicity profiles – is essential. A
unified approach to testing under controlled laboratory condi-
tions would enable more reliable cross-comparison of data and

enhance confidence among researchers, industry stakeholders,
and regulatory bodies [21,30,31].

Development of standardized data-sharing
frameworks
A major challenge in SSbD implementation is the ability to
integrate and share vast amounts of experimental and computa-
tional data for diverse ENMs. There is a growing need for inter-
operable databases and digital platforms that adhere to the
FAIR (findable, accessible, interoperable, and reusable) princi-
ples, ensuring seamless access to information for researchers
and policymakers and ensuring transparency and thereby trust
in the assessment outcomes [32-34].

Strengthening interdisciplinary collaboration
Greater coordination between academia, industry, and regula-
tory agencies is needed to comprehensively address environ-
mental, health, and safety concerns. Bringing together toxicolo-
gists, materials scientists, engineers, and policymakers would
support the alignment of SSbD strategies with evolving legisla-
tive requirements, including classification and labelling regula-
tions for chemical substances, including facilitating the devel-
opment of a common understanding of SSbD with clear defini-
tions, terminology, and criteria [35].

Advancing these areas would contribute to the safe and sustain-
able development of nanomaterials, ensuring that innovation
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progresses in a way that meets regulatory expectations and
public health priorities.

Role of ML/AI for scalability and complexity
The increasing complexity of ENMs calls for advanced, data-
driven computational tools to enhance analysis and decision-
making. ML and AI play a crucial role in this effort, offering
powerful capabilities for: (1) Predictive toxicology: AI-driven
quantitative structure–activity relationship (QSAR) models can
identify potentially hazardous properties of new ENMs before
they are synthesized, reducing the need for extensive animal
testing and accelerating the design cycle [36,37]. Similarly, AI
can support the development of sustainable ENMs through inte-
gration of environmental and climate data with information on
the production, release, exposure, and toxicity of materials with
many complex descriptors [38]. (2) Big data analytics: Ad-
vanced algorithms can carefully analyse high-dimensional
datasets, identifying patterns between physicochemical charac-
teristics of ENMs, their interactions with biomolecules and tox-
icity endpoints that may be overlooked by traditional methods
[39-41]. (3) Lifecycle modelling: AI-assisted simulations and
probabilistic methods support comprehensive lifecycle analyses
including prospective approaches, evaluating environmental
fate and transport of ENMs, as well as potential occupational
and consumer exposures across production, use, and disposal
stages [42-44].

Predictive toxicology
Predictive toxicology is pivotal to SSbD strategies because it
enables early-stage assessments of potential nanomaterial
hazards, thereby minimizing reliance on time-consuming and
ethically challenging animal studies. ML and AI methods form
the backbone of these predictive capabilities, allowing
researchers to exploit large datasets encompassing everything
from physicochemical descriptors to biomolecule interactions to
transcriptomic and proteomic information.

QSAR models, for instance, rely on known correlations be-
tween specific nanomaterial properties – such as size, shape,
and surface chemistry – and various toxicity endpoints. By
identifying hazardous materials well before synthesis, QSAR-
based screening saves resources, decreases late-stage failures,
and aligns with the 3Rs principle (Replacement, Reduction and
Refinement), favouring in silico and in vitro approaches over
animal testing. The emergence of deep learning techniques, in-
cluding convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), has further heightened the power of
predictive toxicology. These advanced algorithms excel in
handling high-dimensional data, often integrating transcrip-
tomic and proteomic information to pinpoint molecular path-
ways responsible for adverse biological outcomes, and linking

these molecular changes as a sequence of key events into an
adverse outcome pathway [45]. This mechanistic insight, in
turn, guides the design of safer nanomaterials by helping
researchers engineer specific surface modifications or tailor
release profiles to mitigate toxicity. A particularly notable
impact of ML/AI models in this arena is their capacity to reduce
the extent of in vivo testing while enhancing both the speed and
reliability of risk assessments. This capability not only acceler-
ates the innovation cycle but also aligns with regulatory and
ethical pressures to identify alternatives to animal experimenta-
tion. These tools seamlessly integrate into the SSbD framework,
offering proactive detection of potentially hazardous materials
or formulations at the earliest stages of research and develop-
ment. By providing rapid, data-driven feedback on the probable
safety profile of a material, predictive toxicology ensures that
corrective measures – such as surface functionalization, doping
strategies, or substituting alternative compounds – are imple-
mented prior to commercialization. Overall, the synergy be-
tween predictive toxicology and SSbD underscores a forward-
looking commitment to responsible, sustainable nanotechnolo-
gy, as these computational methods help deliver materials that
meet performance demands without compromising human
health or the environment.

Materials informatics
To date, materials informatics has been predominantly focussed
on optimizing functionality, largely through materials accelera-
tion platforms (MAPs) that combine automation, high-through-
put experimentation, and ML to accelerate materials discovery
[46]. In addition, materials informatics applies advanced data-
driven techniques to systematically search the vast chemical and
structural design space of engineered nanomaterials, allowing
researchers to pinpoint formulations that offer both optimal per-
formance and a reduced risk profile [47,48]. By combining
high-throughput computational screening with experimental
data, this approach enables rapid candidate selection for diverse
applications, from catalysis to targeted drug delivery [49,50].
One of the most powerful aspects of materials informatics lies
in its ability to integrate machine learning with multiscale simu-
lation tools – ranging from molecular dynamics to density func-
tional theory – which helps researchers correlate nanoscale fea-
tures such as particle size, shape, and surface functionalization
with macroscopic properties such as catalytic efficiency, bio-
compatibility, or environmental persistence. This synergy not
only speeds up the discovery process but also allows for contin-
uous refinement of computational models as new data emerge
from iterative experimental validation. Moreover, inverse
design techniques push this paradigm further by autonomously
generating candidate compositions that meet predefined targets
for both functionality and safety, thereby reducing the trial-and-
error components of materials development [51]. In practice,
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these AI-driven methods can flag potentially hazardous attri-
butes early in the design cycle, enabling prompt adjustments to
chemical composition or synthesis protocols that mitigate toxic-
ity without compromising performance. Through such feed-
back loops, materials informatics cultivates a forward-looking
approach to nanomaterial innovation, where safety considera-
tions are integrated at the outset, streamlining the path from
virtual screening to commercial deployment.

Lifecycle analysis
Lifecycle analysis (LCA) offers a holistic framework for
assessing environmental, health, and safety implications of
engineered nanomaterials at every stage of their existence,
beginning with raw material synthesis and continuing through
usage, recycling, and eventual disposal. ENMs may undergo
transformations such as agglomeration, chemical reactions, or
changes in surface properties. These transformations may
happen in different environmental and biological contexts, in-
cluding in air and water under high temperature and pressures
and following release and uptake by biota [9]. Therefore, LCA
must account for the entire lifecycle of these materials, from
production and usage for which industrial materials can often be
under extreme conditions (high temperatures, pressures and/or
cycling of these) to disposal or recycling, while also capturing
the associated uncertainties.

The use of ex-ante and prospective LCA represents a signifi-
cant advance in sustainability analysis, particularly for
emerging technologies such as engineered nanomaterials.
Unlike conventional retrospective LCAs, these forward-looking
approaches allow researchers and policymakers to anticipate
environmental and health impacts before full-scale production
or commercialization, enabling more informed design and
investment decisions. They are especially relevant in the
context of SSbD, where early-stage assessments help minimize
environmental burdens and align innovation with long-term
sustainability goals. Integrating scenario development, uncer-
tainty analysis, and dynamic system modelling, prospective
LCAs support strategic planning and risk mitigation throughout
the innovation lifecycle [52].

In parallel, Bayesian models and probabilistic methods have
become essential for handling incomplete or fluctuating
datasets, allowing analysts to quantify the uncertainty around
key factors such as release rates, exposure scenarios, and degra-
dation kinetics [53]. These advanced statistical techniques yield
more reliable and transparent LCA outcomes, which in turn
enable regulators, industries, and other stakeholders to make
informed decisions about the safety and sustainability of nano-
material applications. Complementing the probabilistic ap-
proaches, dynamic modelling tools enable researchers and poli-

cymakers to simulate how ENMs behave over time, guiding
strategies for safe disposal and recycling [54]. Such tools
consider factors such as nanomaterial persistence, potential
bioaccumulation in ecosystems, and the efficacy of waste treat-
ment processes, helping to pinpoint when and where SSbD
interventions may be most critical. By integrating real-time data
on ENM fate and transport, these models provide the flexibility
to adapt to new evidence or change regulatory thresholds.
Taken together, LCA methodologies – particularly those en-
hanced by Bayesian and dynamic modelling – support a preven-
tative, SSbD mindset. By illuminating the hidden risks that can
arise across the lifespan of a material, they help ensure that
nanotechnological innovations do not inadvertently compro-
mise human health or ecological balance.

Digital twins in safe by design
Digital twins represent a significant leap in SSbD methodolo-
gies because they function as high-fidelity, dynamic replicas of
physical systems, allowing researchers to explore the behaviour
of nanomaterials across a spectrum of virtual scenarios [55]. By
pairing experimental inputs (e.g., physicochemical data, toxici-
ty endpoints) with computational models (ranging from
physics-based to data-driven models), these digital counterparts
evolve in real time as new data and conditions are introduced.
This continuous feedback loop not only reduces the need for ex-
tensive lab testing, but also accelerates design iterations by
highlighting, early on, the potential interactions and risks asso-
ciated with specific ENMs [56]. One illustrative application
involves modelling nanoparticle–protein interactions, a critical
factor in drug delivery systems, where digital twins can accu-
rately predict protein adsorption patterns on nanoparticle sur-
faces through read-across and interpolation from limited experi-
mental datasets [57]. Given that protein corona formation [58]
can drastically alter the biodistribution and immunological
profile of a nanoparticle, digital twins help pinpoint safer design
parameters – such as surface coatings or particle size modifica-
tions – which improve biocompatibility. Similarly, in the field
of environmental risk assessment, digital twins simulate how
ENMs disperse under varying climatic and ecological condi-
tions and advanced environmental fate models can be utilised to
explore the impact of changing conditions or application of
mitigation or environmental remediation measures on the parti-
cle concentrations in specific environmental compartments
(e.g., [59] and made accessible via a web application at https://
sb4n.cloud.nanosolveit.eu/). These models integrate geospatial
data, fluid dynamics, and chemical reactivity, offering a
geographically and temporally detailed picture of how ENMs
move through – and possibly accumulate in – soil, water, and
air. By enabling stakeholders to test “what-if” scenarios, such as
accidental spills or long-term usage in consumer products,
digital twins enhance predictive accuracy and decision-making
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regarding waste management, recycling, and potential remedia-
tion strategies. Collectively, digital twin technologies embody
the core principles of SSbD: prevention, iteration, and informa-
tion. They provide a living laboratory in silico, where scientists,
industry representatives, and policymakers can validate and
refine nanomaterial safety profiles long before real-world
deployment, fostering a more responsible and sustainable inno-
vation landscape. A number of web applications for construc-
tion of digital nanomaterials have also been made available
recently to support the implementation of digital twins and
enable users with limited programming or informatics skills to
apply these technologies, including NanoConstruct [36],
ASCOT [60], and NanoTubeConstruct [61]. Beyond material
design, digital twins can also be applied to simulate and predict
occupational exposure scenarios, helping ensure that manufac-
turing processes are not only efficient but also protective of
worker health and safety. This makes them a valuable asset
across the full SSbD framework, addressing both environ-
mental and human health dimensions [62].

Challenges and opportunities
The integration of ML/AI and digital twin technologies within
SSbD paradigms presents both significant challenges and op-
portunities, particularly as the field moves from conceptual
demonstrations to large-scale industrial implementation and
regulatory adoption. One of the most pressing issues is the
availability and quality of data, as many current nanomaterial
datasets are fragmented, inconsistently formatted, and insuffi-
ciently annotated for robust ML/AI model training [63,64].
Moreover, these datasets often arise from disparate sources –
academic research labs, industrial R&D facilities, and public
databases – each with its own protocols and measurement stan-
dards. Such heterogeneity complicates efforts to systematically
integrate and compare results, thereby limiting the accuracy and
generalizability of predictive models. Addressing this challenge
necessitates concerted efforts to create FAIR-compliant nanoin-
formatics databases [63]. By adopting standardized metadata
schemas, controlled vocabularies, and transparent data-sharing
agreements, stakeholders can facilitate more seamless collabo-
ration and unlock the full potential of AI-driven risk assess-
ment. Progress is being made in this direction through applica-
tion of big data curation and development of modelling friendly
nanostructure annotations [65] and modelling-ready nanomate-
rials EHS and SSbD relevant databases including VINAS [66]
and NanoPharos [67].

Another major hurdle is model interpretability, particularly for
deep learning approaches that often function as “black boxes”.
Despite their high predictive power, complex architectures such
as convolutional neural networks or recurrent neural networks
can obscure how a model reaches specific toxicity or exposure

predictions. This lack of transparency can undermine regula-
tory trust and slow adoption in safety-critical domains, as stake-
holders – including policymakers, industry representatives, and
the broader public – require a clear understanding of the origin
and quality of (in silico) results and how decisions are made.
The emerging field of explainable AI (XAI) offers promising
solutions by developing methods (e.g., SHAP values, LIME,
and gradient-based techniques) that highlight which input vari-
ables most strongly influence the output of a model. Adopting
XAI frameworks also presents an opportunity to refine model
architectures by ensuring they align more closely with known
mechanistic or toxicological pathways, thereby bridging the gap
between computational insights and domain expertise. Despite
these obstacles, the future holds considerable opportunities. As
the volume of high-quality, standardized data grows, ML algo-
rithms will become more capable of identifying complex struc-
ture–property–toxicity relationships, potentially accelerating the
safe commercialization of next-generation nanomaterials [68].
Similarly, advances in XAI approaches will strengthen regula-
tory acceptance by providing transparent, well-justified predic-
tions that can be validated against experimental data or well-
established mechanistic models. It has been suggested that the
current regulatory approach, relying on animal tests that
measure outcomes such as mortality without explaining the
underlying mechanisms, is effectively a “black box.” In
contrast, using AI and XAI can provide mechanistic insights,
leading to greater transparency for regulators and improved
protection for the public [69]. Increasing the standardisation of
approaches for documenting models is essential for regulatory
acceptance. Towards this goal, the Easy-MODA tool [70] used
to describe ML/AI models, serves a similar purpose to the
QSAR Model Reporting Forms used for QSAR models. At the
same time, ongoing progress in digital twin technologies – par-
ticularly those incorporating real-time sensor data – enables
adaptive feedback mechanisms that support proactive decision
making. This comprehensive integration of data standards,
explainable AI, and digital twins has the potential to not only
optimize product development cycles but also to enhance public
confidence, fostering an innovation ecosystem where safety and
sustainability are fundamental to technological progress. While
ML models are often referred to as being a black box, a recent
paper up-ended this conception, suggesting that the current
gold-standard of in vivo apical end-point tests are the black box
(see Figure 2). They provide no mechanistic insights to explain
the observed impacts. However, extending traditional animal
tests with approaches such as toxicogenomics analyses in-
creases the transparency of the box (system). Incorporating al-
ternative test methods (also called new-approach methodolo-
gies or NAMs), and which include in silico (computational)
assessment, can fully “open the box”, revealing mechanistic
drivers and enabling establishment of dose-response relation-
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Figure 2: A schematic representing how adding new endpoints or using alternative (non-animal) test methods, including in silico approaches, can help
reveal the underlying mode of action. These additional methods make it possible to “open the black box” of traditional apical endpoints, which only
show the effects but not their causes. Figure 2 reproduced from [69] (© 2021 S. I. L. Gomes et al., published by Elsevier Ltd., distributed under the
terms of the Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International Public License, https://creativecommons.org/licenses/by-
nc-nd/4.0/). This content is not subject to CC BY 4.0.".

ships, read-across, and other insights that allows regulators to
gain a deeper understanding in comparison to what is possible
with the standard approach alone.

The future of SSbD in nanotechnology will likely be driven by
hybrid modelling frameworks that unite ML/AI techniques with
physics-based simulations, creating a more precise and scalable
approach to nanomaterial risk assessment [71]. By coupling
data-driven algorithms – capable of rapidly processing high-
dimensional, heterogeneous datasets – with the fundamental
insights provided by mechanistic and thermodynamic models,
these hybrid systems will enable researchers to predict both per-
formance and toxicity under a broader range of conditions. This
exchange of knowledge between computational paradigms not
only improves predictive accuracy but also enhances generaliz-
ability, as models can be continuously updated with new empir-
ical data. In parallel, the development of interconnected digital
twin ecosystems has the potential to significantly streamline
SSbD workflows, from initial design concepts all the way to
industrial-scale manufacturing [1]. Rather than working in iso-
lated environments, researchers, engineers, and quality-control
teams will be able to share real-time, sensor-driven data within
dynamic virtual platforms, allowing for rapid adjustments to
nanomaterial formulations or processing parameters in response
to emerging safety or efficacy concerns. By simulating how
nanomaterials behave across varying operational scenarios – in-
corporating factors like temperature, pH, or mechanical stress –
digital twins will facilitate safer and more efficient scaling of
novel ENMs. Achieving these goals – namely, safer nanomate-
rial design, more efficient SSbD workflows, and scalable imple-
mentation – requires well-defined policy frameworks that incor-
porate AI-derived insights to ensure transparency, foster regula-

tory trust, and align technological innovation with public health
and environmental protection.

Policymakers must work closely with industry and academic
partners to implement adaptive regulations. Collaborative initia-
tives – in which stakeholders openly share data, best practices,
and methodologies – will be essential to fostering a transparent,
socially responsible nanotechnology landscape. Through the
convergence of hybrid modelling, digital twins, and informed
policy, SSbD can continue to evolve into a powerful catalyst for
safer, more sustainable innovation in the nanoscale area.

Conclusion
ML and AI, in concert with digital twin technologies, are funda-
mentally reshaping the SSbD paradigm by elevating the speed,
depth, and precision of nanomaterial risk assessment. Through
predictive toxicology, these computational tools can rapidly
forecast hazardous characteristics of newly conceived materials,
reducing both resource expenditures and ethical concerns asso-
ciated with animal testing. Materials informatics extends this
impact by applying ML to analyse large chemical and struc-
tural datasets, enabling the efficient discovery of nanomaterials
that achieve an optimal balance between high performance,
green synthesis routes, and minimized toxicity. Moreover,
digital twins contribute a real-time, iterative layer of validation
and optimization, enabling researchers to virtually explore a
variety of scenarios – from nanoparticle–protein interactions to
environmental dispersion without ever having to synthesize the
candidate materials until the final optimised one – while contin-
uously refining design parameters in response to new data.
However, this technologically advanced ecosystem still faces
some critical hurdles to implementation. One major challenge is
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the complex and interdisciplinary nature of nanotechnology,
which demands not only advanced computational models but
also a deep mechanistic understanding of nano–bio interactions,
environmental fate, and lifecycle behaviour – areas where cur-
rent models often fall short. Additionally, implementation of the
SSbD framework requires a holistic integration and optimiza-
tion of functionality, safety, and sustainability across the entire
life cycle of a material, from design and production to use and
disposal. Realizing this vision requires more than FAIR data
principles alone; it necessitates harmonized data sheets for key
toxicological and ecotoxicological endpoints, standardized test
methods, and physicochemical characterization protocols, and
the development of nano-specific life cycle inventory data suit-
able for reliable LCAs. Without these foundational elements,
even the most sophisticated ML models may yield biased or
non-transferable results. Efforts to develop FAIR-compliant
data infrastructures and interpretable ML models will thus be
critical to accelerating the adoption of the SSbD principles at
industrial and policy levels. Interdisciplinary collaboration
among academia, government agencies, and private industry
can turn computational advances into real-world solutions that
protect both people and the environment. The future of safer,
sustainable nanotechnology depends on this collaboration –
using predictive tools, digital twins, and smart regulations to
create high-performing materials that are produced in ethical
and responsible ways.
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