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Metal and metal oxide nanoparticle toxicity:
moving towards a more holistic structure–activity
approach†

G. P. Gakis, I. G. Aviziotis and C. A. Charitidis *

The recent emergence of nanotechnology has led to the rapid increase of intentional and unintentional

exposure to engineered nanoparticles (NPs), raising concerns over their impact on humans, animals and

ecosystems. The demanding experimental assessment of toxicity, compared with NP innovation and time

to market, has led to the extensive development of in silico methods, such as SAR models, aiming at

providing a more rapid toxicity screening of such NPs. However, such models are usually built upon a

limited number of data, making the different approaches case-sensitive. Furthermore, the focus on the

predictive capabilities of the models, deem the extraction of scientific knowledge secondary, hindering the

mechanistic understanding of toxicity mechanisms. In this paper, we instead shift the focus by using the

models as a first step towards induction and extraction of valuable mechanistic information, once the

predictive ability of the model has been validated. For this reason, we use a large dataset consisting of 935

toxicity measurements for 45 metal and metal oxide NPs, to build classification nano-SAR models. To the

best of the authors' knowledge, this is the largest dataset of individual toxicity measurements for such NPs.

Although the dataset is heterogeneous, the models developed are able to accurately classify the NPs based

on their toxicity towards a variety of cells and organisms, using the same descriptors. Based on the quality

of the results, the potential mechanisms of toxicity are identified and discussed in depth, providing a more

holistic approach towards metal and metal oxide NP toxicity. The presented approach aims to trigger a

discussion regarding information that could be derived from nano-SAR models, that could pave the way

towards a more knowledge-based risk assessment of NPs and guide researchers towards the synthesis of

safe-by-design NPs.

1. Introduction

During the last decades, the field of nanotechnology has
emerged as an increasingly important part of today's
technology and economy.1–3 The plethora of applications in
electronics,4 medicine,5 food,6 energy7 and catalysis,8 have

made engineered nanomaterials (ENMs) an indispensable
part of everyday life. As a consequence, scientific research
has focused towards the synthesis and investigation of the
properties of such ENMs in the form of nanofilms,9–11

nanoparticles (NPs)12 and nanomaterials in other promising
forms, such as nanotubes.13,14

The increased use and production of ENMs has led to an
increasing exposure to such materials, especially in the form
of NPs. Such exposure can be intentional, for example
through the use of nanoparticles as carriers or
radiosensitizers,15,16 or through vaccines, as demonstrated in
the case of COVID-19 vaccines.17–19 The exposure to NPs can
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Environmental significance

The emerging applications of nanotechnology have increased the intentional and unintentional exposure to engineered nanoparticles (NPs), raising
concerns over their impact on humans, animals and ecosystems. Furthermore, in vitro and in vivo toxicity assessment methods are very demanding
compared with innovation and time-to-market of NPs. In this work, an in silico classification approach is presented for the toxicity of metal and metal oxide
NPs towards a variety of cells and organisms, namely human and mammalian cells, eukaryotes, crustaceans, bacteria, fish and plants. This holistic
approach provides a general understanding regarding the toxicity mechanisms of metal and metal oxide NPs, assisting the production of safe-by-design
NPs, thus minimizing their hazard towards humans, animals and organisms in the environment.
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also be non-intentional, occurring in workplaces,20

households,21 atmospheric air,22 as well as through the use
of common consumer products.23 It is evident that this
increased production, use and exposure has raised concerns
regarding the safety of such NPs, not only for humans, but
also for ecosystems.24

The hazard and risk of NPs exposure is usually addressed by
assessing the NP toxicity. The toxicity of a given NP can be
investigated using in vitro or in vivo assessments. In vitro
toxicity methods are widely used for the toxicity screening of
NPs, as they provide a lower cost, less time consuming, and
include less ethical concerns.25 Using such methods, the acute
toxicity of NPs can be estimated using different methods and
assays, towards different cell lines.25 On the other hand, in vivo
methods constitute the most reliable methods to determine
toxicity, as such a study includes the absorption, distribution,
metabolism and excretion (ADME), that play a significant role
for the human, animal and organism exposure to NPs.26

However, in vivo assessments have a high cost, are more time
consuming and include ethical concerns regarding animal
testing. For this reason, in vitro studies are usually the first step
of the toxicity assessment, by conducting dose–response
studies to find the NP concentrations for which toxic effects
arise, followed by in vivo assessments under controlled
exposure.26 In any case, the toxicity assessment of a large
number of NPs, under a wide range of concentrations, towards
various cell lines and organisms, is very time consuming and
experimentally demanding compared with innovation and
time-to-market of nanomaterials.27

In this context, in silico approaches have emerged as an
alternative toxicity assessment method, during the last
decade.27–29 Within those approaches, structure–activity
relationship (SAR) models have been widely developed for NP
toxicity assessment,30 especially for the case of metal oxide
NPs. Being data-driven models, they use correlations between
physicochemical or structural properties of the NPs, known
as descriptors, and toxicity endpoint data, in order to build
predictive models for the NPs toxicity.31 These models can be
either quantitative, predicting the value of the toxicity
endpoint for a given NP,32 or classification models, where the
toxic class of a NP is predicted.27,29 These approaches offer
the potential of a low-cost and time-efficient way to obtain a
rapid toxicity screening of NPs, which is a promising tool in
the effort to reduce the time and cost of experiments, as well
as to minimize animal testing. Although still limited in
regulatory use, the potential of nano-SAR is a key subject of
present research, and a potential future technology and tool
for the risk assessment of NPs.1

The toxicity of metal oxide nanoparticles has been
extensively studied, with series of different NPs being tested
towards various cells and organisms.33–35 This has led to the
extensive development of nano-SAR models for metal oxides,
built using several descriptors and toxicological
endpoints.32,36,37 The interested reader is referred to the
reviews of Buglak et al.30 and Li et al.,38 concerning developed
SAR models for various metal and metal oxide NPs. Using such

models, important insights regarding the mechanisms of
action of metal oxide NPs can be provided.39,40

However, the majority of the developed models are built
on individual datasets from a certain study, dealing with the
toxicity of a series of metal oxide NPs, on a specific cell line,
under the same experimental conditions. This has led to
models being built on a limited number of data points
(usually less than 30), dealing with a limited number of
different NPs.32,36,41,42 Nonetheless, attempts have been
made to build nano-SAR models using toxicity data for a
wider number of NPs, towards various cell lines and
organisms under different experimental conditions. In
particular, Kleandrova et al., developed classification models
for a dataset of 84 measurements, regarding the ecotoxicity
of 18 different metal and metal oxide NPs towards 20
different organisms,43 showing that the toxicity of multiple
NPs could be predicted towards these organisms with a high
accuracy. The same group of researchers also used a similar
approach for the prediction of cytotoxic effects of NPs, using
a dataset of 40 measurements for the cytotoxicity towards
mammalian cell lines.44 The simultaneous prediction of
toxicity towards various organisms and cells of different kind
under different experimental conditions was also realized,
providing high accuracy models, using datasets consisting of
up to 260 measurements.45,46 However, the combination of
descriptors used in larger datasets is often complex,47

rendering the mechanistic interpretation of the model results
a rather challenging task.

Although the predictive ability of SAR models is a primary
goal of such model development, the mechanistic
interpretation of the model results should also be of high
importance, as stated in the OECD standards for the
validation of (Q)SAR models.48 Many QSAR models, built for
limited datasets, have used several combinations of
descriptors to predict toxicity of metal oxide NPs,32,37,42

providing different information regarding the toxicity
mechanisms. Furthermore, other works have used complex
descriptors, that can render the understanding and extraction
of toxicity mechanisms challenging.41,43,45,47,49–52 All the
above have rendered the interpretation of QSARs case-
sensitive, often failing to extrapolate the models to other
datasets, even in a qualitative way. On the other hand,
Burello and Worth suggested a framework to approach the
metal oxide NP toxicity in a more mechanistic way.39,53 This
approach has since been used to explain experimental results
regarding the toxicity of different sets of metal oxide
NPs.27,35,36,40,54 Although these different toxicity
measurements have a somewhat limited number of NPs and
are applied in each case separately, they deal with metal
oxide toxicity towards a variety of cell lines and organisms,
and the results could consistently be explained by the
framework proposed by Burello and Worth.53 This could hint
that (Q)SAR models could indeed be used successfully to
extract information regarding the toxicity mechanisms in a
more holistic way, and not in a case-dependent manner. This
is something that is often overlooked in (Q)SAR models,
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where the intent towards a more global mechanistic
explanation is deemed secondary to a better predictive ability
towards the dataset of the specific study. However, in order
to proceed with a more holistic approach towards metal oxide
NP toxicity, extensive datasets for a wide number of NPs with
toxicity measurements towards different cell lines/organisms
under different experimental conditions need to be built, in
order to test more global hypotheses.

In the present manuscript, we aim at investigating whether
mechanistic information regarding NPs toxicity can be drawn
using large datasets for a wide number of NPs and
measurements towards different cell lines and organisms. For
this reason, a dataset that consists of 935 individual
measurements for half maximal concentrations of 45 different
metal and metal oxide NPs, towards various cell lines and
organisms, is built. This dataset is, to the best of the authors'
knowledge, the largest set of individual half maximal
concentration measurements used for the development of a
metal oxide nano-SAR model. Using this dataset, toxicity
classification models are built for individual cell lines and
organisms, as well as cell and organism groups, namely human
cells, mammalian cells, bacteria, crustaceans, fish, plants and
eukaryotes. A predictive model is also built for the complete
dataset, providing a toxicity assessment for all 45 NPs.

The novelty of the approach lies in the size and
heterogeneous nature of the dataset which is used to build
the models. Furthermore, the fact that the same combination
of descriptors is used for the models built for all the different
cell lines, as well as the cell and organism groups, allows a
more general description of the key NP properties that induce
toxicity, along with an insight on the toxicity mechanism of
metal oxide NPs. Although such mechanisms have been
previously addressed for the toxicity of certain metal oxides
towards a limited number of cell lines, the large and
heterogeneous dataset of the present work allows a more
holistic understanding of the metal oxide toxicity towards
various cells and organisms. It is also shown that the
approach can be extended to account for the case of metal
NPs. To this end, the presented approach aims at triggering a
discussion regarding information that could be derived from
nano-(Q)SAR modelling methods and it may pave the way
towards a more holistic understanding of metal and metal
oxide NPs toxicity, as well as their safe application to the
different fields of daily life.

2. Methods
2.1 Dataset

The dataset used in this work consists of 935 measurements
for half maximal effective (EC50), inhibitory (IC50), and lethal
(LC50) concentration toxicity endpoints, obtained from 70
published research papers.32–37,40–42,55–115 Although most SAR
models are built using a specific endpoint, the inclusion of
these different half maximal concentrations within the same
dataset has been previously addressed.43,46 The data
incorporates measurements for 35 different metal/semimetal

oxide and 10 metal nanoparticles (NPs). The endpoints were
measured after the exposure of different cells and organisms to
NPs, using different assays. The cell types in the dataset
measurements are divided into cell groups: crustaceans,
eukaryotes, plants, fish, bacteria, mammalian cells, and human
cells. The measurements as well as the corresponding
experimental exposure times, can be found in the ESI† of the
paper (ESI† file 2). It is noted here that SAR models are usually
built using a given endpoint, towards a specific cell line, under
the same experimental conditions. However, the inclusion of
different half maximal concentration endpoints, towards
different cells and organisms, under different experimental
conditions within the same dataset for the development of SAR
models has been previously addressed.43–47

2.2 Toxicity classification

The classification of each NP measurement as toxic or non-
toxic was based on previous published works. In particular,
the measurement was classified as toxic if the logarithm of
the half maximal concentration endpoint, in molar
concentration units (mol L−1) was lower than −2.5 (log(C50) ≤
−2.5), based on the work of Simeone and Costa.27 Usually,
the reported values for the half maximal concentrations are
reported in mass concentrations and a conversion to molar
units needs to be conducted. The threshold mass
concentration value for each NP (leading to a molar log(C50)
= −2.5) is presented in the ESI† of the paper (ESI† file 3).
However, in many cases, the range of experimental
concentrations tested is limited, and the half maximal
concentrations are reported as just being higher than the
maximum tested concentrations (C50 > Cmax,tested) (e.g. EC50

> 100 mg L−1). Hence, a framework for the classification of
such kind of measurements is needed.

In the present work, this is done as follows: If the maximum
concentration (in molar units) tested yields a logarithm value
higher than the threshold (log(Cmax) > −2.5), then the half
maximal concentration was set to the maximum tested
concentration, and the NP is classified as non-toxic. Otherwise,
if the logarithm value is lower than the threshold (log(Cmax) ≤
−2.5), then the following procedure is adopted: If the maximum
concentration tested is more than 40% of the threshold
concentration, the NP is classified as non-toxic. For example,
the EC50 TiO2 was estimated to be >200 mg L−1 against BEAS-
2B and RAW 264.7 cells in,35 which is below the threshold
value for TiO2 (∼253 mg L−1). However, the maximum
concentration tested is more than 40% the threshold value.
Hence, the measurement of EC50 > 200 mg L−1 for TiO2 is
classified as non-toxic. On the other hand, if the maximum
concentration tested is less than 40% of the threshold value,
the measurement is omitted from the dataset. The value of
40% was arbitrarily chosen, so that a significant amount of NP
has been exposed experimentally in order to classify the NP as
non-toxic, as well as to reduce the number of data omitted
from the dataset. The effect of this arbitrary value is presented
in the Results section (section 3.7).
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2.3 Descriptors

The initial descriptor matrix consisted from a list of 41
descriptors for each NP. The initial descriptors used were the
metal cation charge (z) of the NP as well as the ionic radius
(r), taken from ref. 116. The hydration energy (HE) of the
metal ion was computed using Latimer's equation:40

HE ¼ −631:184·z
2

r þ 50ð Þ (1)

The metal ion (χme) and oxide (χoxide) electronegativity was
computed as described in ref. 117, 53 and 35. The band gap
(Eg) was computed with an exponential equation as in ref. 53
and 40, using the pre-exponential terms presented in ref. 118.
For metal oxide NPs, the conduction band energy (Ec) was
computed with the equation suggested by Burello and Worth,53

with the point of zero zeta potential obtained from ref. 119. For
metal NPs, as there is no band gap, this descriptor took the
value of the Fermi level energy, estimated by the Mulliken
electronegativity of metals, taken from ref. 120. Burello and
Worth provided a theoretical framework to assess metal oxide
nanomaterial toxicity by comparing the conduction bands of
the nanomaterials with the redox potential of couples active in
biological media.53 This redox potential has been previously
reported to be between −4.12 and −4.84 eV,35,40,53,121,122 that
leads to an average value of −4.48 eV. This comparison between
the conduction band energy and the redox potential in
biological media is represented by a separate descriptor (Dbio),
which is calculated as the absolute value of the difference
between the conduction band and the average value of the
redox potential in biological media:

Dbio = abs(Ec − (−4.48) eV) (2)

Size of the NPs was also part of the initial descriptor matrix.
Finally, a set of 31 elemental descriptors are obtained using
the program Elemental Descriptor 1.0.123

2.4 Descriptor selection

Once the complete set of descriptors is obtained, feature
selection methods are employed in order to reduce the
number of descriptors to be tested by the model, by
discarding redundant descriptors. This is done to reduce the
complexity of the model and increase the interpretability of
the results. First, intercorrelated descriptors are identified
using Pearson's correlation coefficient,124 so that only one of
intercorrelated descriptors is used. Then, ReliefF,125

minimum redundancy maximum relevance (MRMR)126 and
chi-square127 were used as feature selection methods to rank
the different descriptors based on their relevance for the
prediction of the endpoints. Using the above methods, the
list of 4 most relevant descriptors were obtained. Finally,
combinations of these descriptors were tested to develop the
optimal models for the toxicity classification of NPs.

2.5 Model implementation, training and validation

The total dataset is divided in subsets based on the cell or
organism on which the NP toxicity was tested. A minimum of
30 measurements was set as a criterion for the creation of each
dataset. From the above data division, seven different subsets
of data were built for individual cell lines or organisms. Then,
datasets were built for cells that belong to the same type of
organisms. This resulted to seven different groups, namely
mammalian cells, human (and human cancer) cells, fish,
plants, bacteria, crustacean, and eukaryotes. Finally, the total
set of measurements was also used as a dataset. The details for
each dataset are given in Table 1.

For datasets with a lower number of measurements (n <

100), a five-fold cross validation was used. For datasets with a
higher number of observations (n ≥ 100), a hold-out validation
was performed by using 80% of the data as a training set and
20% as a validation set. The data splitting was random and
performed using MATLAB®. The resulting sets and folds of
data can be found in the ESI† of the paper (ESI† files 4–6). The
model training was performed in MATLAB®, with the
classification learner toolkit, using different classification
algorithms, such as support vector machines (SVM), k-nearest-
neighbors (kNN), and random forests (RF). The optimal models
were selected for each dataset using different statistical
metrics, based on the confusion matrix of the model results
over the validation set. The metrics used for the model
performance are shown below:

Accuracy (ACC):

ACC ¼ TPþ TN
P þ N

(3)

Precision (Prec):

Prec ¼ TP
TPþ FP

(4)

Table 1 Details for the different data subsets in the present work

Cell
type/cell type

No of
measurements

No of
NPs

% of toxic
measurements

% of non-toxic
measurements

Individual cell lines and organisms

A549 168 31 55.9 44.1
BEAS-2B 39 13 54.5 45.5
Caco-2 39 8 61.5 38.5
Danio rerio 62 18 46.8 53.2
E. coli 135 30 60.7 39.3
Daphnia
magna

41 8 78 22

HaCaT 42 25 47.6 52.4

Cell line and organism groups

Human cells 408 35 58.6 41.4
Mammalian cells 58 18 53.4 46.6
Fish 73 18 47.9 52.1
Plants 63 14 54 46
Crustaceans 64 12 84.4 15.6
Bacteria 190 35 63.1 36.9
Eukaryotes 68 20 39.7 60.3
Complete dataset 935 45 58.6 41.4
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Sensitivity, or recall (Sens):

Sens ¼ TP
P

(5)

Specificity, or selectivity (Sel):

Sel ¼ TN
N

(6)

In eqn (3)–(6), P and N correspond to the total number of
positive and negative predictions, in this case being toxic and
non-toxic predictions, respectively. TP and TN are the number
of correctly predicted toxic and non-toxic measurements,
respectively. FP and FN are the number of falsely classified
toxic and non-toxic measurements, respectively. Furthermore,
the area under curve (AUC) of the receiver operating
characteristic (ROC) curve was also used to compare the
different model predictions. The models were characterized to
be acceptable when the accuracy was above 85%.

2.6 Applicability domain

According to the OECD standards, an applicability domain
should be defined for a developed SAR model.48 The
applicability domain defines the descriptor space within
which the developed model is applicable. Any NP tested with
the model should therefore be within the applicability
domain defined for the particular model. Many different
techniques and methods have been developed and used for
the definition of the applicability domain in quantitative and
classification SAR models.128 In this work, the applicability
domain is defined using the bounding box PCA, convex hull
and Euclidean distance from centroid methods.128 The above
analysis is performed using the Applicability Domain toolbox
developed for MATLAB by the Milano Chemometrics and
QSAR Research Group.128,129

3. Results
3.1 Descriptor selection

The first step of the descriptor selection is the
identification of intercorrelated descriptors. As previously
discussed, this analysis is performed using Pearson's
correlation coefficient.124 The absolute Pearson correlation
coefficient matrix is presented in Fig. S1, in ESI† (ESI† file
1). The threshold value for a set of descriptors to be
deemed as correlated was set to 0.95, based on the
findings of Rácz et al.130 From this process, 29 descriptors
are eliminated from the initial set, presented in Table S1
of the ESI† (ESI† file 1).

Following the intercorrelation analysis, the remaining set
of descriptors are analyzed using the ReliefF,125 MRMR126

and chi-square127 methods. These methods rank the
descriptors based on their relevance towards the response
variable (i.e. the toxicity classification). Using these methods,
the four most relevant descriptors are identified. The
resulting descriptors and their impact scores, as identified by
the applied methods, are presented in Fig. 1, below.

Results of Fig. 1 show that HE, Dbio and the sum of
electrons of the metals and semimetals (E_MSM) are ranked
among the four most relevant descriptors, using all of the
methods mentioned above. The electrons of the metals
(E_M), and the metal ionization potential (IP_M) are also
identified within the most relevant descriptors, using ReliefF,
MRMR and chi-square methods, respectively. However, from
the correlation analysis, E_M and E_MSM showed a
correlation of 0.89. Although this correlation value is below

Fig. 1 Results for the four most relevant descriptors, as derived from
a) ReliefF, b) MRMR, c) chi-square methods.
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the threshold of 0.95, E_M and E_MSM are very similar in
their physical meaning, and differ only for the semimetal
oxides. For this reason, only E_MSM is chosen for the
subsequent analysis, while E_M is omitted.

3.2 Individual cell lines and organisms

The first part of this investigation presents the results of the
models built on datasets consisting of measurements on the
NP toxicity on one particular cell line or organism. The
models are built by using different combinations of the four
NP descriptors obtained from the results of the previous
section to identify the optimal descriptor combination.
Descriptors were omitted from the model development when
the statistical metrics were not significantly affected by their
inclusion. The results of the different models built with
various descriptor combinations are presented in the ESI† of
the paper, for the representative case of A549 cells, which is
the most populous dataset (ESI† file 1). The optimal
classification models derived for the individual cell lines and
organisms are presented in Table 2, along with the model
details and statistical metrics. The model accuracy for the
different models is also plotted in Fig. 2.

As presented in Table 2, for all datasets, the optimal
combination of descriptors was found to be the hydration
enthalpy (HE) and the energy difference between the
conduction band and the average value of the redox potential
in biological media pairs (Dbio). The statistical metrics
computed had acceptable values, with an accuracy percentage
higher than 92% being computed for all models (Fig. 2). The
Caco-2 model produced a 100% accuracy due to the different
measurements of NP toxicity within the dataset, which are
well described and separated by the two descriptors used.
The high accuracy of the model could be mainly assigned to
the nature of the initial dataset and not only the model
predictive ability. The developed models showed acceptable
values for the rest of the statistical metrics. The model for
HaCaT cells showed a slightly lower selectivity (85%) than the
other models, nevertheless it still exhibited acceptable values
for those metrics.

For the two datasets that were validated using hold-out
validation, the model was able to accurately predict the toxicity
of NPs that did not have a measurement for toxicity within the
training set of the respective model. In particular, for the A549

model, Yb2O3 and Bi2O3 were accurately classified as toxic,
while MoO3 and HfO2 as non-toxic. For the E. coli model,
Co2O3, Ag2O and Er2O3 were correctly classified as toxic.

The above classification model results show that the
metal/semimetal oxide and metal NPs toxicity towards the
different cell lines and organisms can be predicted using two
descriptors. Also, the high accuracy of the developed models
shows that the hydration energy and the energy difference
between the conduction band of the NPs and the redox
potential of biological pairs can describe the toxicity of the
NPs towards various cells, which can assist towards
mechanistic interpretations of the model results regarding
the NP toxicity pathways.

3.3 Cell and organism groups

Once the models for the individual cell lines and organisms
have been built, the focus is shifted towards the development
of models with the datasets consisting of measurements for
the different cell and organism groups. The same procedure
was followed as in the case of models built for individual cell
lines and organisms. The optimal classification models
developed for the different cell and organism groups are
presented in Table 3, along with the model details and
statistical metrics. The model accuracy for the different
models is also plotted in Fig. 3.

Table 2 Results of the classification models built for individual cell lines and organisms

Cell line/organism Model Descriptors Validation scheme Acc (%) Prec (%) Sens (%) Sel (%)

A549 SVM HE, Dbio Training (n = 134) 94.1 94.1 94.1 94.1
Validation (n = 34)

BEAS-2B kNN, RF HE, Dbio 5-fold cross validation 96.7 100 94.4 100
Caco-2 SVM HE, Dbio 5-fold cross validation 100 100 100 100
Danio rerio SVM, RF HE, Dbio 5-fold cross validation 95.1 93.3 96.5 93.4
E. coli SVM, RF HE, Dbio Training (n = 108) 92.6 100 90.9 100

Validation (n = 27)
Daphnia magna SVM, kNN, RF HE, Dbio 5-fold cross validation 95.1 100 93.7 100
HaCaT kNN, RF HE, Dbio 5-fold cross validation 92.9 100 85 100

Fig. 2 Accuracy of the optimal developed models for the individual
cell line datasets.
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As in the case of models built for individual cell lines and
organisms, HE and Dbio were found to be the optimal
combination of descriptors. The optimal models were
developed using RF, SVM and kNN methods, as shown in
Table 3. The accuracy of all models was found to be above
92% (Fig. 3). Precision, sensitivity and selectivity were also
above 90%, except from the eukaryotes data, where the
classifier showed an 88.9% sensitivity, the selectivity for the
mammalian cells model, which was 88.9%, and the selectivity
of the bacteria model, which was 84.6%.

For the two datasets that were validated using hold-out
validation, namely for human cells and bacteria, the model
was able to accurately classify the NPs that did not have a
measurement for toxicity within the training set of the
respective model. Specifically, the human cell model
classified HfO2 as non-toxic, consistent with the
measurements of HfO2 toxicity in the validation set. The
bacteria model classified Bi2O3 and Ni2O3 as toxic, consistent
with the measurements for these NPs in the validation set.

Results of Table 3 show that a classification model can be
built to predict the toxicity class of various metal oxide and
metal NPs towards cell lines and organisms belonging to the
same group. The hydration energy and conduction bang
energy of the NPs can classify the NPs to toxic or not toxic
with a high accuracy, for the cell and organism groups of
Table 3. The fact that the same descriptors were found to be
the most relevant to the toxicity class, as in the case of
individual cell lines, along with the high accuracy of the
models, show that these descriptors could be indicative of at
least some of the toxicity mechanisms of the NPs. This will
be further elaborated in the Discussion section.

3.4 Complete dataset

The complete dataset of 935 measurements of toxicity for 45
different NPs was also used to build a toxicity classification
model with the aim to investigate whether or not the toxic
class can be predicted using toxicity measurements of several
NPs towards different cell lines and organisms under
different toxicity assays. The same procedure was followed as
in the case of models built for individual cell lines and
organisms. The optimal classification model developed for
the complete NP toxicity dataset is presented in Table 4,
along with the model details and statistical metrics.

As for the previous cases, the optimal model for the
complete dataset was built using the combination of HE and
Dbio as descriptors. The models built using kNN and SVM
methods showed the same class predictions for the validation
set of data. The accuracy, precision, sensitivity were all above
90%, while selectivity is 86.6%.

The results presented in Tables 2–4 show that the
hydration enthalpy and the descriptor Dbio can classify the
NPs in the datasets with a high accuracy for individual cell
lines and organisms, cell and organism groups, as well as the
complete toxicity dataset of all NP toxicity measurements,
irrespective of the cell or organism on which the toxicity was
tested. This shows that the two descriptors used to build the
model can be used for a mechanistic interpretation of the
model results thus, assisting in the understanding of the
mode of action of the different metal and metal/semimetal
oxide NPs towards different type of cells.

3.5 Model extrapolation

Based on the results of the previous sections, the developed
models for the individual cell lines and organisms, as well as
the different cell and organism groups showed a good
accuracy for the toxicity classification. Furthermore, the same

Table 3 Results of the classification models built for cell and organism groups

Cell/organism group Model Descriptors Validation scheme ACC (%) Prec (%) Sens (%) Sel (%)

Human cells SVM HE, Dbio Train. (n = 327) 95.06 100 90.1 100
Val. (n = 81)

Mammalian cells SVM HE, Dbio 5-fold cross validation 94.8 91.2 100 88.9
Crustaceans RF HE, Dbio 5-fold cross validation 96.9 100 96.3 100
Bacteria SVM HE, Dbio Training (n = 152) 94.7 92.6 100 84.6

Validation (n = 38)
Eukaryotes RF HE, Dbio 5-fold cross validation 92.6 92.3 88.9 95.1
Fish SVM HE, Dbio 5-fold cross validation 95.9 94.4 97.1 94.7
Plants SVM, kNN HE, Dbio 5-fold cross validation 98.4 97.1 100 96.6

Fig. 3 Accuracy of the optimal developed models for the cell and
organism group datasets.
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set of descriptors, HE and Dbio, were used to classify the NPs
as toxic or non-toxic, for all datasets. Based on these
findings, the possibility of a model developed for a specific
cell line being extrapolated to classify the NPs toxicity class
towards other individual cells and organisms, cell and
organism groups, as well as the complete set of data was
investigated. This was done by using the model built for the
A549 cells to predict the toxicity class of the NPs in the rest
of the datasets presented in Table 1. The choice of the A549
model is due to the fact that it is the individual cell model
built with the largest dataset, both in terms of training data
points (134 toxicity measurements) and number of NPs (27
NPs from the total of 45 from the complete set of data). The
results of the A549 model extrapolation are presented in
Table 5.

The results of Table 5 show that the predictions of the
model built for A549 cells can classify the NPs based on their
toxicity towards different cell lines and groups with an
acceptable accuracy, for all datasets. Overall, the good
accuracy towards the datasets, as well as the good accuracy
towards the complete dataset, allows the conclusion that the
two descriptors (HE, Dbio) can classify the NPs based on
their toxicity against a large variety of cell and organism
groups. Furthermore, the A549 model was trained over 27
different NPs. The model extrapolation to predict the
measurements in the complete dataset (45 NPs) was used to
assess the predictive capacity of the model for the

classification of 18 NPs that were not part of the training set.
The results are shown in Table 6.

Table 6 shows that all 18 NPs that were classified by the
A549 model agree with the majority of the measurement
classifications. The toxicity class is consistent for the majority
of toxicity measurements in the complete dataset. The good
predictive ability of the A549 model for the NP toxicity
classification towards different cells and organisms, even for
NPs that were not in the model training set, allows us to
conclude that the two descriptors used for the model training
can classify the NPs based on their toxicity. Hence the model
can be used to predict the toxicity class for a variety of
different NPs, as well as to provide mechanistic
interpretations regarding metal and metal oxide NPs toxicity
towards cells and organisms. Furthermore, the extrapolation
of the model developed for a specific cell line to predict the
toxicity class towards other cell lines and organisms, shows
the possibility of SAR analyses to unravel more holistic
trends, as well as to suggest dominant mechanistic pathways
in metal and metal oxide toxicity. This will be addressed in
the discussion section.

3.6 Applicability domain

In order to explore the descriptor space over which the
developed models are applicable, the applicability domain is
determined. As discussed in section 2.6, the applicability
domain was assessed using bounding box PCA, convex hull,

Table 4 Results of the classification model built for the complete dataset

Cell/organism group Model Descriptors Validation scheme ACC (%) Prec (%) Sens (%) Sel (%)

Complete dataset SVM, RF HE, Dbio Train. (n = 748) 92.5 90.2 97.1 86.6
Val. (n = 187)

Table 5 Prediction results of the model built for A549 cells, for toxicity
measurements towards other cell and organism datasets

Cell/organism dataset ACC (%) Prec (%) Sens (%) Sel (%)

Individual cells and organisms

BEAS-2B 93.9 90 100 86.7
Caco-2 100 100 100 100
Danio rerio 88.7 82.4 96.6 81.8
E. coli 89.6 90.5 92.7 84.9
Daphnia magna 92.7 100 90.6 100
HaCaT 88.1 85.7 90 86.4

Cell and organism groups

Human cells 92.4 92.6 94.6 89.4
Mammalian cells 98.3 96.9 100 96.2
Fish 90.4 85 97.1 84.2
Plants 91.9 88.9 97 86.2
Crustaceans 93.8 100 92.6 100
Bacteria 90.5 91.8 93.3 85.7
Eukaryotes 92.6 92.3 88.9 95.1

Complete dataset

Complete dataset 92.5 92.8 94.5 89.7

Table 6 Toxicity class prediction (from A549 model) and measurements
for the NPs that are not in the A549 training set

NP
Model
classification

No of toxic
measurements

No of non-toxic
measurements

Ag2O Toxic 7 0
Al Non-toxic 1 3
Au Toxic 8 0
Bi2O3 Toxic 12 2
CaO Non-toxic 0 2
Co2O3 Toxic 1 0
Er2O3 Toxic 1 0
Fe3O4 Non-toxic 1 12
Ga2O3 Non-toxic 0 2
HfO2 Non-toxic 0 5
MoO3 Non-toxic 0 2
Ni2O3 Toxic 5 0
Pd Toxic 3 0
Sn Non-toxic 0 2
V2O3 Toxic 3 1
W Non-toxic 0 2
Yb2O3 Toxic 3 1
Zn Toxic 4 0
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and centroid distance methods. The NPs present in the
validation sets for each model were tested in order to see if
any NP is outside the applicability domain. The NPs that
were deemed to be outside the applicability domain of the
respective model, using the different methods for the
applicability domain definition, are shown in Table 7.

The bounding box PCA and convex hull methods yielded
applicability domains that included all the NPs in the
validation set of each model, as seen in Table 7, except from
the A549 and HaCaT datasets, where MoO3 was found to be
outside the applicability domain. However, the centroid
distance showed that WO3 and MoO3 were deemed to be
outside the applicability domain of most datasets, when
present in the validation set. SiO2 was also deemed to be
outside the applicability domain for certain datasets. Hence,
the applicability domain of a developed model depends on
the method by which it is defined. The different methods
have advantages and shortcomings and the issue of
applicability domain definition has been a subject in relevant
scientific works.128 In our approach, we used three methods
to assess the applicability domain. From the results of
Table 7, it is seen that oxides with a high metal oxidation
number (+6) are situated mostly outside the applicability
domain of the models. This is due to the more negative value
of the HE descriptor value for these oxides, as will be shown
in the next sections. Such applicability domains have been
presented in works that used classification SARs built using
similar descriptor combinations, with WO3 and SiO2 being
deemed outside the applicability domain.54 This should be
taken into account when the model results are discussed.

3.7 NP toxicity classification

As all the developed models in sections 3.2–3.4 classified the
NPs with good accuracy over the different datasets using the
same descriptors, the complete dataset model was used to
present the toxicity classification of the 45 different NPs over
the descriptor space. The different NP classification, as a

functions of the two descriptors used for the model
development (HE, Dbio), is presented in Fig. 4a. The
percentage of toxic measurements for each NP in the
complete dataset is also plotted as a function of the two
descriptors, in Fig. 4b, for comparison.

Fig. 4 shows that the two descriptors are successful in
classifying the different NPs in the toxic or non-toxic classes
based on the mapping of the NPs over the two descriptors
space. In particular, toxic NPs are characterized by a lower
Dbio value as well as a low absolute value of the hydration
enthalpy (less negative). According to the definition of the
two descriptors in section 2.3, this shows that NPs that have
a conduction band energy (Ec) close or within the range of
the redox potential of couples in biological media along with
a low energy release from the respective metal cation
hydration, are more probable to be toxic.

The limiting values of the descriptor space for the toxicity
classification, as derived from the model, are a hydration
enthalpy of ≃55 eV, and a value of Dbio ∼1.1 eV. A less
negative hydration enthalpy and a smaller Dbio value lead to
a higher toxic probability of the NPs. On the other hand,
more negative hydration enthalpies and higher Dbio values,
lead to the NP being less probable to be toxic. From the
results in Fig. 4b, it is seen that the percentage of toxic

Table 7 NPs in the data set that fall outside the applicability domain of
each model

Dataset
Bounding
box PCA Convex hull

Centroid
distance

A549 MoO3 MoO3 SiO2, MoO3, WO3

BEAS-2B — — SiO2

Caco-2 — — SiO2

Danio rerio — — —
E. coli — — —
Daphnia magna — — SiO2

HaCaT MoO3 MoO3 MoO3

Human cells MoO3, WO3 — MoO3, WO3

Mammalian cells — — —
Fish — — WO3

Plants — — —
Crustaceans — — SiO2

Bacteria — — —
Eukaryotes — — —
Complete dataset MoO3, WO3 SiO2, MoO3, WO3 SiO2, MoO3, WO3

Fig. 4 a) Toxicity classification by the developed model of the 45
different NPs, as a function of the two descriptors, Dbio and HE b)
percentage of toxic measurements for each of the 45 NPs in the
complete dataset.

Environmental Science: Nano Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 3

0 
 2

02
3.

 D
ow

nl
oa

de
d 

on
 0

3-
08

-2
02

4 
08

:2
0:

45
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2en00897a


770 | Environ. Sci.: Nano, 2023, 10, 761–780 This journal is © The Royal Society of Chemistry 2023

measurements for each NP follows the same trend over the
descriptor space of the HE and Dbio descriptors. This means
that for a lower absolute value of HE and Dbio for a given
NP, there is a higher probability of the measurement being
toxic. This validates the model classification of NPs based on
their toxicity by applying the same descriptors.

As seen in the results of Fig. 4, the majority of the studied
NPs exhibit a hydration enthalpy of ≥100 eV. The vast
majority of NPs are situated in the region of 0 > HE ≥ 100,
except from SiO2 (≃112 eV), WO3 (≃206 eV) and MoO3 (≃250
eV), which show a more negative hydration enthalpy.
Similarly, most of the NPs have a value of Dbio < 2.5 eV, with
only 5 NPs showing a higher value. Finally, Fig. 4 shows that
MoO3, with a hydration energy of ≃250 eV, has the highest
distance from the rest of the NPs, followed by WO3 and SiO2.
This explains the results of the previous section, where
MoO3, WO3, and SiO2 were predicted to be outside the
applicability domain of most models, when distance from
centroid was used to estimate the applicability domain.

Regarding the metallic NPs, using the complete dataset
model, Ag, Au, Cu, Pd, Zn were classified as toxic NPs,
validated by the vast majority of the measurements in the
dataset. Co and Ni NPs have also been classified as toxic from
the model, which is also consistent with the measurements.
On the other hand, W, Sn and Al NPs were classified as non-
toxic, consistent with the majority of measurements.

For the metal oxide NPs, Ag2O, Co2O3, CoO, CuO, Cu2O,
Mn2O3, Mn3O4, Er2O3, Ni2O3, Yb2O3 and ZnO were all
classified as toxic by the complete dataset model and
validated by the vast majority of measurements. On the other
hand, Al2O3, CaO, CeO2, Fe2O3, Ga2O3, Gd2O3, HfO2, MgO,
MoO3, SiO2, SnO2, TiO2, WO3, Y2O3 and ZrO2 were all
correctly classified as non-toxic, as shown from the vast
majority of measurements. Bi2O3 and Cr2O3 have been
classified as toxic, and agrees with the majority of
measurements. However they have been shown to be non-
toxic towards Danio rerio.82 Co3O4 has also been classified as
toxic, consistently with most measurements, but it has been
also found to be non-toxic towards plants.106 Fe3O4 has been
found to be non-toxic towards bacteria,40 as well as
mammalian and human cells35 and was characterized non-
toxic by the model. Even though NiO and Sb2O3 have been
deemed as non-toxic in some measurements towards BEAS-
2B cells,35 the majority of measurements show that they are
toxic towards human cells41,72,84,102 and classified as toxic by
the model. The models classified V2O3 as toxic, although it
has a hydration enthalpy value close to the limit for its
classification as toxic. It has been reported to be toxic against
E. coli.32,37 It was found non-toxic towards HaCaT cells in one
study,36 however, other studies have found it to be toxic
towards other human cells.131 Finally, La2O3, and In2O3 have
a more balanced percentage of toxic measurements, with
their Dbio values being close to the threshold between the
toxicity classes. Nonetheless, for the model trained over the
complete dataset, La2O3, and In2O3 were classified as toxic,
consistent with the majority of the measurements.

This classification of the total 45 NPs on the basis of those
two descriptors shows that the overall approach can be used
not only as a predictive tool for the assessment of the metal
and metal oxide NPs toxic class, but also as a starting point
for the understanding of the mechanism of action of the
different NPs towards different cells and/or organisms.

3.8 Effect of data classification scheme

In section 2.2, we presented the framework used to
characterized the measurements in the datasets as toxic or
non-toxic. The measurements that did not present an
absolute value for a half maximal concentration (C50 > Cmax,

tested) were characterized as non-toxic only if the maximum
concentration tested was 40% of the threshold value that
yields logC50 = −2.5. The 40% value is arbitrarily selected so
that a significant amount of NP has been exposed
experimentally to classify the NP as non-toxic. In this section,
the effect of this arbitrary approach is investigated, by
removing all non-absolute values of half maximal
concentration endpoints. Hence, only endpoints with a
reported value for C50 or for maximum tested concentrations
that yield logCmax > −2.5 are kept. Using this approach, the
complete dataset consists of 783 measurements. The dataset
is also more imbalanced, with 69.8% of measurements being
toxic, as all the measurements that were removed, were non-
toxic measurements. The model developed for the dataset
consisting of only absolute endpoint values is developed and
the results are presented in Table 8.

Results of Table 8 show that acceptable statistical metrics
are obtained for the classification model built for the dataset
consisting of only absolute endpoint values, with accuracy,
precision and sensitivity all being above 91%, and selectivity
being computed equal to 86%. The fact that the model
showed HE and Dbio as the optimal descriptor combination,
with good accuracy, precision sensitivity and selectivity,
shows that the approach we used for the data
characterization in section 2.2 did not affect the optimal
descriptor combination or the model prediction statistical
metrics qualitatively. However, the incorporation of the
approach of section 2.2 allowed the addition of
measurements, making the dataset larger and more balanced
as the measurements of the type C50 > Cmax,tested are
classified as non-toxic.

4. Discussion

The results presented in section 3 allow a mechanistic
interpretation of the toxicity classification of the 45 NPs that
are included in the different model datasets. All the models
exhibited an acceptable accuracy for the individual models
built for the respective datasets (section 3.2–3.4), while the
model built with the data for A549 cells could be extrapolated
to predict the toxicity class of NPs against other cells and
organism groups, with an acceptable accuracy (section 3.5).
All of the developed models used HE and Dbio as descriptors.
The good overall accuracy of the models thus, allows to drive
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the deduction that these two descriptors can be applied to
explain the NPs toxicity and predict their toxicity class.

The descriptor Dbio represents the absolute energy
difference between the conduction band of the NP and the
mean value of standard redox potential of couples in
biological media, as described in eqn (2). Hence, the
descriptor Dbio indirectly represents the conduction band
energy of the NPs. From the results of the presented models,
NPs that are classified as toxic show a lower value for Dbio
(Fig. 4), hence a conduction band energy that is within or
close to the range of the redox potential of couples in
biological media. This energy difference determines whether
an electron transfer occurs between the NP and the redox
pairs in biological media. NPs that show an overlapping
conduction band energy and redox pair potential can transfer
electrons from biological media, thus unbalancing the
reducing capacity of a cell and resulting to increased
oxidative stress in the cells.53

The energy difference between the conduction band and
the redox potential of biological redox pairs has been
previously used to describe the toxicity of metal oxide NPs.
Burello and Worth developed a theoretical framework to
predict the oxidative stress potential of metal oxide NPs.39,53

They correlated this energy difference with toxicity studies
from literature for 6 such nanomaterials. This approach was
then used from Zhang et al., to explain the different oxidative
stress of 24 metal oxide NPs towards BEAS-2B and RAW 264.7
cells,35 showing a correlation between the experimental
findings and the developed theoretical findings for the
energy difference between the conduction band and the
redox potential of the pairs in the cell cultures. Liu et al.,
subsequently used this data to build a nano-SAR model,
predicting the probability of a metal oxide NP to be toxic.54

The developed model adopted the conduction band energy as
one of the descriptors and it showed that the NPs were more
probable to be toxic when the conduction band energy was
within or close to the range of the redox potential of
biological couples. Kaweeteerawat applied a similar approach
to build a classification nano-SAR model for the toxicity class
prediction of the same series of metal oxide NPs towards
Escherichia coli.40 The developed model was able to reproduce
the experimental findings regarding the membrane damage
and generation of biotic and abiotic reactive oxygen species
(ROS).40 Gajewicz et al., used the conduction band energy to
explain a possible mechanism for metal oxide toxicity,
following the experimental toxicity assessment of 18 metal
oxide NPs toward HaCaT cell lines.36 Finally, a similar
descriptor of reduction potential was implemented for the
metal oxide NP grouping based on their redox activity.27

The exposure to metal oxide NPs has been previously
reported to induce oxidative stress in cells.132 The generation
of various ROS under UV irradiation has been investigated
towards E. coli and was correlated with the relative position
of the conduction band and redox potential of biological
pairs.133 The main ROS produced were OH radicals and
hydrogen peroxides. Similar results have been observed for
metal oxides without irradiation,35,76,132,134–138 towards
various cell lines. Several mechanisms have been presented
for the production of ROS species upon exposure to metal
oxide NPs, either by direct production of radicals and
superoxides,133 or by catalyzing their production.53

Furthermore, the transfer of electrons between the metal
oxide and the biological redox pair can result to a decreased
efficiency of the reducing potential of antioxidants in the
cells, leading to increased oxidative stress.53 This increase of
oxidative stress through ROS generation or decrease of the
reducing capacity of redox pairs in biological media can be
expressed by the descriptor Dbio. The good accuracy of the
model regarding the toxicity classification of 45 NPs, using
935 toxicity measurements towards various cells and
organisms as well as the correlation between similar
descriptors and ROS generation in previous works for a more
limited number of measurements35,133 allows this
interpretation.

Beside the conduction band relative energy to the
biological redox potential, the hydration enthalpy of the
metal cation was also deemed as an optimal descriptor for
the toxicity classification of metal and metal oxide NPs. The
hydration enthalpy descriptor expresses the energy released
form the hydration of a metal ion, or the affinity of water
molecules to the metal ion.40 A higher absolute value (more
negative hydration enthalpy) for a given metal cation shows
that the water molecules have more affinity towards this
cation thus, making the hydration more probable. The value
of the hydration enthalpy also reflects the residence time of
water molecules near a cation and it is inversely proportional
to the water substitution rate.139 Hence, the hydration
enthalpy can also be used to express the permeation of a
cation through the cell membrane, as ions with a higher
hydration enthalpy attract more water molecules, increasing
their hydration shell and hindering the adsorption and
transport of ions through membranes.139–143

The oxidation number or cation charge (z) and ionic
potential (z/r) have been previously used to classify and group
metal oxide NPs into toxicity classes.27 The oxidation number
has been correlated with the metal oxide NP solubility and
metal ion release, with lower oxidation numbers leading to
more soluble oxides.27,38,144 In turn, the cation charge has

Table 8 Results of the classification model built for the dataset consisting of only absolute endpoint values

Cell/organism group Model Descriptors Validation scheme ACC (%) Prec (%) Sens (%) Sel (%)

Complete dataset (absolute endpoints) RF HE, Dbio Train. (n = 627) 91.7 93.5 95.3 86
Val. (n = 156)
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been correlated with toxicity.71 The ionic potential expresses
the charge potential or electronegativity of the metal cation
released.27,38 It has been previously correlated with the
toxicity of metal oxide NPs.145 The product of oxidation
number and ionic potential, z2/r, has been successfully used
by Liu et al. as a descriptor to classify 24 NPs based on their
toxicity54 against RAW264.7 and BEAS-2B cells, showing that
both these mechanisms attribute to NP toxicity. The
hydration enthalpy computed with Latimer's equation (eqn
(1)) in our work is computed using a similar term. This
hydration enthalpy has been used by Kaweeteerawat et al., for
the same 24 metal oxide NPs toxicity classification towards E.
coli, yielding accurate results.40 In the present work, the
hydration enthalpy was able to classify 45 different NPs
regarding their toxicity towards various cells and organisms,
with an acceptable accuracy. Based on the above discussion,
the HE descriptor indirectly expresses the contribution from
the NP solubility and release of metal ions, as well as their
ionic potential. Moreover, it directly describes the affinity of
water molecules to the released metal ions. Hence this
descriptor highlights the effect of the release of metal cations
and their interaction with aqueous media on the toxicity of
metal and metal oxide NPs.

The toxicity of metallic and metal oxide NPs has been widely
attributed to the release of metal ions.132 Metal ions released in
biological media can induce oxidative stress,146–150 lead to
enzyme inactivation,146,149 replace essential elements in
proteins and enzymes,146,147 affect the cell membrane
integrity,35,151 or even lead to DNA damage.146,152,153 The initial
release of metal ions from the NPs can be expressed by the
solubility of the metal/metal oxide, or by surface defects of the
metal oxide structure.27 More soluble NPs lead to more released
ions and thus, are more probable to be toxic towards cells. The
solubility has been also correlated with the metal oxide toxicity,
in previous works.27,154,155 However, the solubility of NPs per se
is not possible to explain the toxicity of all the NPs, in previously
reported works.33–35,70 For example, although the toxicity of
CuO and ZnO NPs has been attributed to their solubility,33–35,155

MgO (ref. 33, 70 and 155) NPs have been found to be soluble,
but non-toxic. In this work, the toxicity of metal ions is
expressed by the hydration enthalpy, which indirectly
incorporates the contributions of solubility and charge potential
of the released ions, while it directly reflects the affinity of water
molecules to the metal ion and thus, the hindering of the ion
transport through the cell membrane.40,139

The combination of the two descriptors (Dbio and HE)
used in the present study were able to classify the 45 NPs
based on their toxicity, as shown in the results of Tables 1–4,
towards various cells and organisms. The model built for the
most populous individual cell dataset (A549 cells) was also
capable of predicting the toxicity class of NPs towards the
different datasets, showing the robustness of the approach.
As discussed above, these two descriptors reflect different
mechanisms of action, with Dbio expressing direct electron
transfer between the NP and the biological media, and HE
showing metal ion release, reactivity, and transport. These

can result to various mechanisms of toxicity, through the
increase of oxidative stress, decrease of the membrane
integrity, enzyme inactivation and DNA damage, amongst
others. From the model results, it is not obvious which
mechanism prevails regarding the NP toxicity, as can be seen
in Fig. 4. NPs that have a higher Dbio are more probable to
be non-toxic even with a less negative HE, while NPs with a
more negative HE are more probable to be non-toxic even for
a low Dbio. Hence, the combination of the two mechanisms
yields the toxicity of the corresponding NP: the NP needs to
be able to undergo electron exchange with the biological
pairs and to release ions that are able to permeate the cell
before undergoing hydration. The above analysis of these
mechanisms hints that electron transfer and metal ion
release are both necessary, but not sufficient conditions for
the toxicity pathway.

Identifying which mechanism prevails over the other has
been the topic of discussion in relevant works35,36,156 and
should take into account the morphology of the cell, and the
size and shape of the NP.36 The present model yielded
acceptable predictions towards various cells of different kind,
leading to similar conclusions. Hence, from the results of
present work, the effect of the cell morphology seems to be
less significant than the two descriptors (Dbio, HE) for the
toxicity classification. It should be noted, however, that this
could be due to the method and concentration thresholds
used to classify the NP measurements as toxic and non-toxic.

The size and shape of the NPs were not taken into account
in the final models of the present work. The NPs in the
datasets varied from 5–200 nm, and their inclusion as
descriptors in the models did not improve the results,
showing that the size effect was not that significant. Various
predictive models have been built for NPs with an extended
size variation, that yielded the same conclusion.27,32,35–37,40

However, this does not mean that size does not play a role in
the toxicity of NPs. The size and shape of the NPs define their
surface area, which in turn is the area that interacts with the
biological media and cells. Hence, although size may have a
less significant effect on the mechanisms qualitatively
(determining which mechanisms take place), it could
significantly affect them quantitatively, by affecting their
kinetics.27 This has led some published works to suggest the
expression of NP doses in terms surface area instead of molar
or mass concentrations.157

It should be noted here that in the present work, the
influence of the exposure time is not included in the
modelling. This does not mean, however, that the exposure
time does not have an influence on the toxicity endpoints. As
the half maximal concentration endpoints used in this work
are obtained by studies that test different NP concentrations
under the same conditions (including exposure time), the
final endpoint differs under different exposure times.
However, in our analysis, the endpoints used and predicted
by the developed models are not directly the half maximal
concentration endpoints, but rather a toxic class for the
different NPs. The toxic class is, in turn, assigned to each

Environmental Science: NanoPaper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 3

0 
 2

02
3.

 D
ow

nl
oa

de
d 

on
 0

3-
08

-2
02

4 
08

:2
0:

45
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2en00897a


Environ. Sci.: Nano, 2023, 10, 761–780 | 773This journal is © The Royal Society of Chemistry 2023

measurement in the dataset based on a threshold value for
the half maximal concentration endpoints, based on a
previous work.27

The good accuracy of the models for the prediction of the
NP toxic class, despite data heterogeneity in terms of the
exposure time, can be assigned in part to the classification
scheme. Given this classification scheme, the influence of
the exposure time may not affect the half maximal
concentration endpoints enough, so that the toxic class of
NPs changes from toxic to non-toxic or vice versa. However,
the fact that the model can predict the toxic class (under the
same classification scheme) based on the values of some
physicochemical properties of the NPs, shows that these
properties can significantly affect the toxicological behavior
of a metal or metal oxide NP. Whether or not this particular
set of descriptors can directly predict quantitative
experimental results (i.e. the half maximal concentration
endpoint) can be the subject of future research. In that case,
however, the data should be more homogenous in terms of
tested cell lines and organisms and experimental conditions,
or be included as a direct or indirect input to the model.

From the above discussion, it is clear that the described
mechanisms for metal oxide NP toxicity have been studied
individually and have been recognized as a pathway for metal
oxide toxicity. The combination of these mechanisms has
also been addressed, however, in a more limited number of
works and concerning the toxicity towards a specific kind of
cells. Nonetheless, in this work, it is shown that such
mechanistic explanation can arise when dealing with data for
NP toxicity towards an extensive variety of cell lines and
organisms. Furthermore, the approach can be extended to
include metal NPs, by using the Fermi level energy of the
metal compared to the redox potential of biological pairs
(Dbio for metals) providing accurate predictions.

The accuracy of the classification models built for all the
different cell lines and organisms, illuminates the possibility
of classification SAR models to possibly explain NPs toxicity
in a more holistic way and brings the question of whether
such models could and should assist in the understanding of
toxicity mechanisms. This means that besides building SAR
models as predicting tools for toxicity screening, such models
could also focus on their inductive capabilities, with their
results being the first step towards a mechanistic explanation
of toxicity pathways. Such an approach could lead to a more
knowledge-based development of NP toxicity models and
could, in turn, guide scientific research towards the safe-by-
design NP synthesis and production. Indicatively, Feng et al.,
used the previously mentioned observations for the
correlation between conduction bands and toxicity to design
multi-component NPs, with control over their toxicity.158

Such aspects of SAR models for nanomaterials are often
undermined, with studies focusing more on the predictive
capabilities of such models. This leads to models often
incorporating complex descriptors, which makes the
extraction of scientific information challenging. The results
presented in this work can serve as a basis to guide SAR

model development towards incorporating descriptors
describing certain toxicity pathways when possible, paving
the way for the understanding of metal oxide NPs toxicity in
a more global way.

Finally, it is important to note the significance of the dose
metrics when the toxicity on NPs is tested towards cells and/or
organisms. In most of the published works used to build the
datasets presented here, the dose–response studies were mostly
conducted in terms of mass concentration of NPs, with the
dose–response study being conducted over a certain range of
mass concentrations in each study. However, when testing
multiple NPs, the molar concentration dose metric is more
adequate, as it expresses the dose in terms of active species per
volume.27 As different NPs have a different molar mass, a given
mass concentration could mean that a very significant
difference between the quantity of active species could be
exposed to the cells or organisms. For example, an upper
concentration of 100 mg L−1 tested for Bi2O3, Sb2O3, and ZnO
are equivalent of 0.215 mM of Bi2O3, 0.342 mM of Sb2O3, and
1.235 mM of ZnO. This means that the tested concentration
range of ZnO is around six times larger than the concentration
range of Bi2O3, rendering measurements comparison out of
discussion. Hence, when assessing or comparing the toxicity of
a series of NPs, the range of concentrations tested should be
adjusted in a way that expresses the same range of
concentration of active species, based on the molecular weights
of the species constituting the NPs. In this work, we used a
threshold value for the molar half maximal concentration as a
criterion for toxicity classification, based on an approach
presented in a previous published scientific work.27 Based on
this threshold value, we calculated the threshold value for each
NP in terms of mass concentration (ESI,† file 3), for the 45 NPs
investigated in this work, which could help researchers adjust
the experimental range of tested concentrations and/or
interpret the results of published dose–response studies for
metal oxide NPs.

5. Conclusions

In this work, classification nano-SAR models are developed to
investigate the possible extension of such approaches
towards larger and more heterogeneous datasets to extract
mechanistic information regarding the toxicity pathways of
metal and metal oxide NPs. For this reason, an extensive
dataset consisting of half maximal concentration endpoints
for 45 metal and metal oxide NPs is built, using published
data from scientific papers. The dataset consists of 935
individual measurements, which at the best of the author's
knowledge, is the largest dataset consisting of such kind of
measurements. Classification models are then built for the
data consisting of measurements for specific cell lines, cell
and organism groups, as well as the whole dataset.

The different models developed showed a high accuracy
(>90%), while the same combination of descriptors led to
the optimal classification, for all the different subsets of data,
allowing the extraction of important mechanistic knowledge
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from such an approach. Furthermore, the model built for the
most populous of the individual cell line dataset could be
extrapolated to accurately classify the complete dataset.

The analysis of the classification results showed that the
energy difference between the conduction band of the NP and
the redox potential of the biological pairs (Dbio) as well as the
hydration enthalpy of the released metal cation (HE) were the
optimal descriptors, revealing potential dominant mechanistic
pathways for metal and metal oxide NP toxicity. In particular,
Dbio reflects the electron transfer between biological media
and NPs, affecting the reducing capability of cells thus,
increasing the oxidative stress from reactive oxygen species. On
the other hand, HE indirectly reflects the release and charge
potential of metal ions, while it directly expresses the water
affinity towards the released metal cation, which affects the
transport of cations through cells' membrane.

The results presented in this work highlight the potential
of nano-SAR approaches to be used not only as predictive
tools, as is often the case, but also as inductive ones, as a
first step towards the understanding of the mechanisms for
the biological activity of NPs, in a more holistic way. Such
studies can assist in the synthesis of NPs for targeted
biological applications. Furthermore, the incorporation of
such approaches can pave the way towards a more
knowledge-based risk assessment of nanomaterials using
computational tools along with experiments and guide
researchers towards the synthesis of safe-by-design NPs.
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