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Abstract

Creating suitable chemical categories and developing read-across methods,
supported by quantum-mechanical calculations, can be an effective solution solving
key problems related to current scarcity of data on the toxicity of various
nanoparticles. This study has demonstrated that by applying a nano-read-across, the
cytotoxicity of nano-sized metal oxides could be estimated with a similar level of
accuracy as provided by nano-QSAR model(s). The method presented is a suitable
computational tool for the preliminary hazard assessment of nanomaterials. It also
could be used for the identification of nanomaterials that may pose potential negative
impact to the human health and the environment. Such approaches are especially
necessary, when there is paucity of relevant and reliable data points to develop and

validate nano-QSAR models.
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1. Introduction

There is a large number of engineered nanomaterials of varying structure as
well as those of the same chemical formula that differs only in terms of their physico-
chemical properties. The differences in the physico-chemical properties of
nanoparticles often determine the changes in their hazardous properties [1].
Unfortunately, it is still largely unknown, which properties determine and/or influence
the toxicity of particular nanoparticles [2-4]. Therefore, effort should be placed into
defining and developing methods for characterization, exposure, engineering control,
potential toxicity, fate and transport, and life cycle assessment of engineered
nanoparticles [5]. This leads to an increase in testing, and thus animal use, when
traditional human health and the environment hazard assessments are conducted for all
different nanomaterials. According to the recent report of the European Commission
Joint Research Centre approximately 3.9 million additional test animals could
potentially be used as a consequence of the introduction of REACH (Registration,
Evaluation, Authorisation and Restriction of CHemicals) program [6] if the use of
alternative methods would not be available. However, if these techniques would be
applied in a maximal extend, a reduction in animal use could be obtained with
potential savings of 1.9 million test animals [7]. Therefore, with regard to the ethical
aspects, and following the recommendations by the REACH system and new
European Directive 2010/63/EU [8], testing should be performed by means other than
vertebrate animal tests, whenever possible. This requirement specifically encourages
the use of alternative approaches, for example, in vitro methods or qualitative or

quantitative  structure-activity and  structure-property  relationship  models
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(QSAR/QSPR), or from information arising from the grouping of structurally related

substances (chemical category formation leading to read-across) [6].

The concept of using (Q)SAR methodologies in the risk assessment of
engineered nanomaterials has been discussed extensively for at least five years by
many national and international bodies (e.g., World Health Organization (WHO),
Organization for Economic Co-operation and Development (OECD), European
Commission (REACH, NanoSafety Cluster), European Food Safety Authority
(EFSA), Scientific Committee on Consumer Products (SCCP), Environmental
Protection Agency (EPA), etc.). (Q)SSAR/QSPR approaches are based on defining
mathematical dependencies between the variation in molecular structures (encoded by
so-called molecular descriptors) and a given physico-chemical or biological property
(so-called endpoint). It is usually done for a series of often related compounds - the
dataset. These approaches have been applied successfully to predict the toxicity and
selected physico-chemical properties of a number of different types of nanoparticles
[9-15]. However, since (Q)SAR/QSPR algorithms are based on various
statistical/probabilistic approaches, sufficiently large data set must be obtained for
those methods to be functional [16]. On the other hand, engineered nanoparticles
represent very structurally diverse groups of chemicals (organic, inorganic, metal,
carbon-based nanoparticles etc.). Thus, it is difficult to build a significant dataset of
structurally related nanoparticles. In addition, since nanoparticles are not structurally
homogenous, a common mechanism of toxicity (which is a fundamental requirement
for modeling) cannot be expected for all of them. As a consequence, toxicity and other

properties should be assessed within specific applicability domains, i.e. groups of
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sufficiently similar nanoparticles that can be expected to have similar properties.
Examples of such groups include metal oxides, various modifications of a single metal
oxide, carbon nanostructures etc. Furthermore, systematic data available in the
literature for specific groups of nanomaterials are usually of limited use in the context
of (Q)SAR/QSPR modeling and risk assessment purposes. Very often, even if the
quality of the measurements is very high, the number of data points (i.e., given
property measured for a series of differing nanoparticles) is insufficient to allow for

the development of robust models [17].

In the absence of relevant, reliable and sufficient data to build an appropriately
validated (Q)SAR/QSPR model, the read-across approach is an attractive and
pragmatic technique to fill data gaps [6]. The read-across has been successfully
applied to predict many properties and toxicity (i.e., teratogenicity, mutagenicity, skin
and respiratory tract sensitization effects, fish acute toxicity, etc.) of compounds, such
as carbonyl compounds, phospho-organic pesticides and polar organic compounds
[18-20]. However, so far this computational technique has not been used to fill data

gaps for nanoparticles.

The focus of this work is to provide an efficient methodology that will
eliminate shortcomings of the dataset scarcity for nanomaterials. Our approach
provides a capable tool allowing for predictions of various properties (physico-
chemical as well as toxicological) of unknown nanomaterials based on information
extracted from very few known species. It opens new opportunities to evaluate their
properties without necessity of performing expensive experimental studies on large

pool of nanomaterials.
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2. Read-across - general approach

The read-across concept has received much attention in recent years since is a
non-testing approach that can be used for data gap filling. In principle, read-across can
be used to predict endpoint information for one, or more, chemical(s) (the so-called
“target chemical(s)””) by using data from the same endpoint from another substance(s)
(the “source chemical(s)”), which are considered to be ‘similar’ in some way.
Similarity is usually based on structural and/or physico-chemical properties of new
molecules [21]. The similarities may be based on common functional groups, common
constituents or the likelihood of common precursors and/or breakdown products [21].
In other words, the known activity of one substance could be used to estimate the
unknown value, for the same activity, for another substance if they have a similar
chemical structure. According to OECD Guidance [21] read-across may be performed
in a qualitative or quantitative manner, depending on the data used (discrete or
numerical). If the presence (or absence) of a property/activity for the source
chemical(s) is expressed on a discrete scale, then qualitative read-across is used to
obtain a ‘yes/no’ answer for the presence (or absence) of the same property/activity for
one or more target chemical(s). Whereas, quantitative read-across is used to predict
the unknown value of the property/activity for the target chemical(s) based on the
known value(s) of the same property/activity for source chemical(s) expressed on a
numerical scale. Furthermore, as already mentioned, read-across may be performed
between two chemicals or for a group of chemicals in one of four ways shown

schematically in Figure 1.
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[INSERT FIGURE 1]

Regardless of whether the property/activity is expressed in a quantitative or
qualitative manner, the procedure of read-across involves two following steps: the
identification of a structural feature that is common to two substances or a group of
substances (which are considered to be similar) and the assumption that the known
value of a physico-chemical property, toxicological effect or environmental fate
property for one chemical can be used to assess the unknown value of the same
property or activity for another chemical. However, as already mentioned, read-across

approach has not been yet applied to fill data gaps for nanoparticles.

3. Materials and methods

The methodology applied in this study involves the following steps: (i)
exploration of the multidimensional space of calculated molecular descriptors in order
to obtain the preliminary information on structural similarities and dissimilarities on
the studied datasets; (ii) grouping of nanoparticles with pattern recognition techniques
based on structural features; (iii) performing nano-read-across analysis in a variant of

the many-to-many approach.

Metal oxide nanoparticles were selected as the target group for the study.
These compounds are of the highest priority due to the fact that metal oxide
nanoparticles are commonly used in nanotechnology. Cytotoxicity data (the

concentration of metal oxide nanoparticles that reduces bacteria viability of 50%,
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ECsp) for 17 nano-sized metal oxides to the bacterium Escherichia coli were taken
from our previous study [9]. Whereas the toxicity data (the concentration of metal
oxide nanoparticles that caused a 50% reduction of the cells after 24h exposure, LCsq)
for 18 nano-metal oxides to a human keratinocyte (HaCaT) cell line were taken from
[15]. To make the current study directly comparable with the results obtained from the
previously described nano-QSAR models [9, 15], we utilized the same method to split
the data into training and validation sets (for more details, please refer to the
Electronic Supplementary Material, Table S3 and Table S9). The training set was later
used to identify of MeOx or a group of MeOx(s) (which are considered to be similar)
and an external validation set to evaluate the predictive ability of the nano-read-across
models. Finally, the models were applied to predict the cytotoxicity towards bacteria
E. coli and human keratinocyte (HaCaT) cell line respectively for untested metal oxide

nanoparticles from the selected groups.

The structural characteristics that quantitatively describe the variation of the
nanoparticles’ structure (structural descriptors) also were taken from our previous
studies [9, 15]. Detailed lists of the descriptors calculated on the basis of small,
stoichiometric clusters, reflecting all the characteristics of fragments of the crystal
structures of particular oxides are provided in the Electronic Supplementary Material
(Table S1 and Table S7). To ensure that the influence of each variable was equivalent
(i.e. the same scale and range of all variables), the descriptors were standardized,
which means that the average value of the descriptor for the set of compounds
considered was substracted from the descriptors and the resultant values divided by

the standard deviation, according to the formula:
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= (H

where:

z; - is the transformed value of a given variable,

x; - 1s the original value of a given variable,

X;j - is the mean value of a given variable calculated across a group of all studied
compounds,

sj - is the standard deviation of a given variable calculated across a group of all studied

compounds.

Two-dimensional hierarchical cluster analysis (t-HCA) was employed to
search for similarities between the nanoparticles in the feature space, assuming that
two NPs are similar when located close (i.e., in terms of a measure of distance) to each
other [22, 23]. The similarities (and dissimilarities) of the MeOx nanoparticles studied
were explored using the multidimensional space of the calculated molecular
descriptors and experimentally measured cytotoxicity to bacteria E. coli and human
keratinocyte (HaCaT) cell line, respectively. Two or more objects may form clusters
indicating groups of NPs having similar property and, thus, similar biological
activity/toxicity. An important advantage of applying such methods is that it enables
simultaneously analyze similarities of compounds and variables, being able to identify
categories (classes) of NPs. These classes may be used to predict biological
activity/toxicity of other NPs that could be assigned to the same family, based on its
structural similarity to other members. Two-way hierarchical cluster analysis was

conducted using Euclidean distance as similarity measure and Ward's method of
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linkage. The Euclidean distance, defined as the geometric distance in the

multidimensional space, was computed according to the formula:

2
d(ij):\/ Zizl (XikX(jK) ()
where x ()i, X(jyk are k-coordinate values for i and j object respectively.

Ward's method of clustering (also known as the Ward's minimum variance) is
based on the inner squared distance of clusters, so that at each stage these two clusters
are grouped together, for which the minimum increase in the total within a group error
sums of squares is observed [24]. The final number of clusters was defined based on

Sneath’s criterion of distance measure relation, i.e. 1/2D,,,y, Where Dy, is the

maximal distance in the similarity matrix [25]. The Sneath index of cluster
significance implies that only clusters remaining compact after breaking the linkage at

1/2Dy,, 4 are considered significant and should be interpreted.

On the basis of these clusters, the MeOx nanoparticles from the training set
were divided into groups with similar cytotoxicity profiles. After the identification of
the chemicals considered to be analogues, the information on cytotoxicity of MeOx
available for members of each class was utilized to estimate the cytotoxicity for the
compounds from the validation set. Therefore, the data from validation set were
rescaled, using the mean and standard deviation values from the predefined similarity

classes, in order to incorporate them into the classes.

10
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Finally, it was hypothesized that the cytotoxicity of metal oxide nanoparticles
to bacteria E. coli and human keratinocyte (HaCaT) cell line obtained from the nano-
read-across techniques should not be substantially different than the values obtained
experimentally, as well as those predicted from the nano-QSAR models. To verify
whether the hypothesis and conclusions can be extended to other properties and
groups of nanoparticles, a comparison of predictive power was performed for both
techniques. Since the method proposed in this study to fill data gaps is qualitative
rather than quantitative, the non-parametric Spearman rank correlation test [26] was
applied as a measure of the strength of the relationship between the two variables.
Spearman’s rho (ps), based on rank orderings, describes whether two variables are

correlated and is defined as (eq. 3):

6xd?

TN\ - 1) )

Ps=1

where:

ps— is Spearman's rank correlation coefficient;
d? - is the square of the difference between ranks;
N - is the number of data pairs.

Therefore, to verify whether the predictions from the nano-read-across
technique differ significantly from the experimental values of log(ECso)" as well as
those predicted from the nano-QSAR modeling, the Spearman's rank correlation
coefficient was calculated as an alternative to Pearson's correlation coefficient. All
calculations within this study were carried out with the Statistics Toolbox for
MATLAB v. 7.6.0.324 [27].

11
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4. Results

4.1. Case study 1

Since the general concept of read-across methods is based on the assumption
that nanoparticles with similarities in their chemical structure will give similar toxic
responses, we decided to identify those structural features that can be related to the

toxicity of metal oxide nanoparticles to bacteria E. coli.

The starting point for estimating the mutual similarity of MeOx in terms of the
toxicity of metal oxide nanoparticles to bacteria E. coli was a matrix of 11 structural
descriptors (Table S2). Selection of independent variable(s) that define the similarity
of MeOx was conducted based on the value of the Perason's correlation coefficient
calculated between the matrix of all descriptors (X) and the vector of the dependent
variable (y) for training set. The size of the training set for the identification of
structure-based categories (i.e. developing a model) was n=10. In contrast, the size of
the test set for carrying out the external validation and estimating the error of
classification for novel NPs (not previously utilized for training the model) was k=7.
To eliminate redundancy in the structural data, we utilized for further modeling only
those descriptors which had been found by us to contribute significantly to
understanding the mechanism of toxicity and have a Pearson correlation coefficient
with the endpoint (i.e. cytotoxicity) with an absolute value greater than 0.8. It should
be mentioned, however, that sometimes a model can include several descriptors which
may have a low individual correlation with activity, but in combination provide a good

model. Nevertheless, we generally assume that the proposed nano-read-across

12
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approach should be maximally simplified and based on minimal number of utilized
descriptor(s). Finally, we selected only one molecular descriptor: the enthalpy of
formation of a gaseous cation having the same oxidation state as that in the metal
oxide structure (AHpe+). The correlation coefficient for the AHy,+ (describing
ionization enthalpy of the (detached) metal atoms) with the toxicity was -0.92. This
means the descriptor AHy,+ can explain approximately 85% of the variability of the

toxicity data for the oxides (R*=0.85).

The selected descriptor i.e., enthalpy of formation of the metal cation in the gas
phase, has been used to define groups of similar chemical species for the read-across
of E. coli toxicity. The Hierarchical Cluster Analysis (t-HCA) was performed using
the data matrix, where the first column corresponded to the experimentally determined
cytotoxicity of MeOx to E. coli, and the second represented the theoretically
calculated values of enthalpy of formation of the metal cation in the gas phase, for all
individual metal oxides from the training set. As a result, a dendrogram - a tree-like
graphic, shown graphically in Figure 2, was derived. This dendrogram displays the

linkages between the clustered objects with respect to their similarity.

[INSERT FIGURE 2]

Based on the structural similarities derived from the selected quantum-
mechanical descriptor of the compounds studied, three classes (groups) of metal nano-

oxides were identified. The classes consist of compounds with similar values of

13
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cytotoxicity. The first class contained the following oxides: ZnO, CuO and Y,Os;,
second: Bi,03, In,O3, Al,O3 and Fe,0;, while the third group includes: SiO;, SnO,
and TiO,. By analyzing the results obtained, it can be seen that compounds from class
I seem to have the highest toxicity, whereas the majority of compounds in class II and
all compounds from class III qualify as being non-toxic. The observed trends are in
accordance with the results of previous studies by other groups. For instance, Heinlaan
et al. [28] observed that the toxicity rank order for ZnO, TiO,, and CuO to bacteria
Vibrio fisheri and to crustaceans D. magna and Thamnocephalus platyurus was as

follows: ZnO > CuO > TiO,.

In the next step the predictive ability of the nano-read-across model has been
evaluated. The set of seven metal oxides (i.e., CoO, Cr,03, LayO3, NiO, Sb,03, V,0s3,
ZrOQ;) from the validation set, which have not been previously applied for
classification was used for this task. The AH.+ values for the compounds in the
validation set were rescaled in order to incorporate them into the previously identified
classes, which contained MeOx with similar values of cytotoxicity (Table S4). Based
on information on the cytotoxicity of MeOx available for training set members of each
class, as well as on the rescaled values of the selected descriptor, the cytotoxicity of
each metal oxide in the validation set was estimated. NiO and CoO were assigned to
the first class, while the rest of the metal oxides (i.e., Cr,O3, La;O3, Sb,O3, V.03 and
ZrO;) were included in the second class, as determined by the limit values of

log(ECso)™", which were respectively 2.29 and 2.82 log unit [mol/dm’] (Table S4).

The final stage of the evaluation of the accuracy of the data estimation was to

perform two-dimensional hierarchical cluster analysis for all 17 metal oxide

14

Page 14 of 33



Page 15 of 33

CoNOOCO~WN =

CONFIDENTIAL - FOR REVIEW ONLY draft

nanoparticles from the training and validation sets. The result obtained is the

dendrogram, which is shown graphically in Figure 3.

[INSERT FIGURE 3]

The dendrogram confirms that the distribution of the validation set of oxides
into the toxicity classes, based on the rescaled descriptor values, is highly consistent
with the class assignation we obtained by performing the t-HCA analysis on the
experimental data for the training and validation sets. It should be also highlighted that
based on the rescaled value of AH,.+ relevant predictions were made even for CoO -
the metal oxide with toxicity (log(ECso)”" = 3.51) slightly exceeding the cytotoxicity
range covered by the training compounds (3.45 > log(ECso)" > 1.74). Thus the
validation stage confirmed the significance of our nano-read-across model. After
positive validation, the nano-read-across model was applied to estimate the
cytotoxicity to E. coli for 19 untested metal oxide nanoparticles. The predicted results
(Figure 4) suggest that toxicity of 19 metal oxides increases in the following order:
GeO; < Ga,03 < TLO3 < Au03 < Yb,03 = Mn,03 < Er,O3 < Ho,03 < EuyO3 < Th,0s

< Gdy03 < Smy0O3; < Nd,0O5 < Ag203 <FeO < AuO <MnO < MgO < PbO.

[INSERT FIGURE 4]

In summary, the results obtained (for compounds from training and validation

sets) that are presented in Figure 4 indicate a very good agreement with both the

15
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experimental data and previously predicted with nano-QSAR model results.

A more detailed comparison between the classes provides interesting
information. Figure 4 shows how the cytotoxicity of MeOx to E. coli varies with the
oxidation state of the metal for each class. Metal cations are formed by the initial loss
of electron(s) and many metals can form cations in several oxidation states. Since
cations of the metals in lower oxidation states (+2) are much less chemically stable
than the corresponding cation of the metal in the +4 oxidation state, thus the release of
metal cations having a smaller charge (n) is energetically more favorable than the
release of cations with larger n. This explains why the metal oxides containing a cation
with lower oxidation numbers (i.e., +2) exhibit the highest cytotoxicity to E. coli,
whereas the nano-sized metal oxides in the +4 oxidation state of the metal - not. The
above observation sheds light on the mechanism of cytotoxicity to bacteria E. coli.
However, since to the identification of classes of similar nanoparticles based on the
structural features used the same quantum-mechanical descriptor that has been utilized
to develop the final nano-QSAR model (i.e., enthalpy of formation of a gaseous cation
having the same oxidation state as that in the metal oxide structure), its interpretation
is consistent with the mechanism of cytotoxicity previously discussed by Puzyn et al.
[9]. As already demonstrated, the cytotoxicity of metal oxides nanoparticles to E. coli
is associated with the process of metal cations release from the particle surface and
decreases in the following order: Me”" > Me®>" > Me*". For more details, please refer to

Puzyn et al. [9].

Predictions are always less accurate than the experimental data. However, the
results obtained from: (1) nano-QSAR modeling and (2) nano-read-across techniques

16
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estimation that are summarized in Figure 4, provide mechanistic interpretation of the
investigated toxicity and indicate an almost identical order of assignment of the
individual metal oxides (from validation and prediction sets) to particular classes of
similar toxicity profile. Moreover, we found that the Spearman’s rank correlation
coefficient calculated between experimentally measured and estimated with nano-
read-across approach values of log(ECso) ™' is ps = 0.955 (Table 1). Since the absolute
value of ps was greater than the critical ps( 0.05), and the p-value was less than the
significance level of 5% (p=0.0001), thus the null hypothesis has been rejected and

may be concluded that there is a rank order relationship between the variables.

[INSERT TABLE 1]

Additionally, the relationship between the cytotoxicity of metal oxide
nanoparticles to E. coli obtained from the nano-QSAR model and estimated with
nano-read-across technique was found to be statistically significant. Since our
calculated value of ps = 0.961 exceeds the critical value and the p-value was 0.0001,
we concluded that the correlation is considered to be statistically significant at the
95% probability level (Table 1). For more details, please refer to Electronic
Supplementary Material (Table S5 and Table S6). The results obtained support the
research hypothesis that there is a rank order relationship between the predictions from
nano-read-across technique and experimentally measured (or predicted from the nano-

QSAR model) values of log(ECso) ™.

17
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4.2. Case study 2

The goal of this study was to identify similar groups of metal oxide
nanoparticles, to find relationships between the feature/property of NPs, to detect
factors responsible for their cytotoxicity to the human keratinocyte cell line as well as
to reveal discriminating parameters which determine the classification of the MeOx in
different groups of similarity (or dissimilarity). To explore the data set studied and to
examine the similarities of the MeOx nanoparticles, the hierarchical clustering method
was used. The results presented below are based on the Euclidean distance as the
similarity measure, Ward’s linkage algorithm, z-transformation of data and check of
the cluster significance by the Sneath index. The data set studied presents 26 of
structural descriptors (including 15 descriptors derived from quantum-mechanical
calculations and 11 descriptors derived from TEM image analysis) and toxicity data to
a human keratinocyte (HaCaT) cell line in term of LCs for 18 different metal oxides
nanoparticles. The calculated/measured parameters are listed in Table S8 and Table

S9.

To define structure-based categories of MeOx the Mulliken’s electronegativity
of the cluster () has been selected by employing Pearson correlation coefficient. The
correlation coefficient for the © with the toxicity was 0.81. This means " can explain

approximately 66% of the variability of the toxicity the metal oxide nanoparticles.

The dendrogram formed for the selected variable (Figure 5) reveals three main
classes of metal nano-oxides that consist of compounds with similar values of
cytotoxicity. The first class includes: ZnO, CoO and In,0O3, second class contains:

Bi,03, Mn,O3 and Sb,0s;, whereas the third class is: ZrO,, TiO,, SiO,, V,0s3. By

18
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analyzing the results obtained, we found that the cytotoxicity of MeOx systematically

decreases when moving from class I to class II1.

[INSERT FIGURE 5]

In this way, we obtained a classification model capable of assigning novel
compounds to an appropriate class, based on the values of selected descriptor. Since
according to OECD recommendations mechanistic interpretation is vital for
validation, in the next step the predictive ability of the developed nano-read-across
model has been evaluated with the set of eight metal oxides (i.e., Al,O3, Cr,03, Fe,Os,
La;03, NiO, SnO,, WOs;, Y,0;) from the validation set. Based on information on the
cytotoxicity of MeOx available for training set members of each class, as well as on
the rescaled values of the selected descriptor, we have estimated cytotoxicity of each
metal oxide in the validation set. We found that La,O; and WOs3 have been assigned to
the first class, Cr,O3, NiO and SnO; to the second class, while the rest of the metal
oxides (i.e., Y,03, Al,O; and Fe,;O) were included in the third class. We obtained
relevant estimation of the majority of MeOx that was confirmed by performing two-
dimensional hierarchical cluster analysis for all metal oxide nanoparticles from both:

training and validation sets (Figure 6).

[INSERT FIGURE 6]

Interestingly, there were false negative predictions for three oxides. The nano-

19
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read-across model failed to predict the high toxic effect to human keratinocytes cell
line for the two oxides, namely: SnO, and Mn,0s. Additionally V,0; was wrongly
assigned to the non-toxic class instead of to the weak-toxic class. One possible
explanation is that all of these oxides are extremely close to the lower limit of the
appropriate toxicity class (i. e. weak-toxic and toxic class respectively for (i) V203 and
(il)) MnO; and SnQ;). Thus this might be a reason why they were not properly
assigned to the adequate class of toxicity. Therefore in consequence MnO, and SnO;
were introduced to the weak-toxicity class instead of toxic class whereas V,0; was
assigned to non-toxic class in spite it being classified previously as a weak-toxic

MeOx based on experimentally measured log(LCso) ™' values.

Finally, we applied the nano-read-across model to estimate the toxicity to the
human keratinocyte cell line for seven - so far experimentally untested - metal oxide
nanoparticles. Based only on structural similarity (i.e. rescaled values of selected
descriptor), we assigned FeO, PbO, PbO, and Gd,Os to the first class determined by
the limit values of log(LCso)™, higher than 2.51 log unit [mol/dm’] (Table S$10). CuO
was introduced to the second class determined by the limit values of log(LCso)'=2.21
- 2.50. Whereas, MnO and MoO; were included to the third class with the upper
experimentally measured limit value of log(LCso)" equal 2.21 log unit [mol/dm’]

(Table S10).

One more important note, the nano-read-across model obtained utilizes one of
the two descriptors (i.e. Mulliken’s electronegativity of the cluster) that previously
were used for nano-QSAR model development [15]. As we have already demonstrated
in [15] electronegativity (y), corresponding to the Fermi level, falls within the middle
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of the forbidden gap region and mainly depends on the formal charge of the cation and

ionic radius (egs. 4-6):

x(P.u.) = 0.274z - 0.15zr — 0.01r + 1 4+ « 4)

(Xcation(P-u.) + 0.206)
0.336

Xcation(€V) = 5)

Xcation(ev) ~ 0-45Xcation(ev) +3.36 (6)

where: z is the formal charge of the cation, » is the Shannon ionic radius and « is a

correcting term specific for each cation.

Conversely, following Portier et al. [29] it should be highlighted that, even if
the formal charge is large, but it is distributed over a sizeable cationic volume, no one
should expect a high value of the cation electronegativity. Thus, in the context of the
Haber-Weiss-Fenton cycle, mechanistic interpretation of the developed nano-read-
across model was intuitive: the increase of the cation electronegativity should result in
the increase of catalytic properties of metal cations and, consequently, increase the
toxicity of the metal oxide nanoparticle. For more details please refer to Gajewicz et

al. [15].

By employing the Spearman rank correlation test we confirmed that the values
obtained from the nano-read-across technique did not differ significantly from those
measured experimentally (ps = 0.732), as well as those predicted from the nano-QSAR
model (ps = 0.866). Since the absolute values of ps were greater than the critical pg(

0.05), and the p-values were less than the significance level of 5%, we concluded that
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the present method is sufficiently accurate to fill data gaps (Table 1). For more details,
please refer to Electronic Supplementary Material (Table S11 and Table S12).

It should be also highlighted that, from an economical point of view, both
computational methods (i.e. nano-QSAR and nano-read-across techniques) are
acceptable, since they require a relatively small number of experimental data. In fact,
both are based on data from the literature, thus performing of any extensive empirical
work was unnecessary. However, the use of the nano-read-across approach seems to
be much more profitable, as it enables the prediction for those groups of NPs, for
which the number of experimental data is insufficient to develop appropriate nano-
QSAR model(s). For example, if the experimentally determined data for biological
activity are available only for 8-10 NPs, there are too few to calibrate and validate a
nano-QSAR model. However, it is sufficient to estimate the unknown value of
endpoint information for one, or more, chemical(s) by employing the nano-read-across
approach. This makes the proposed method a very useful computational tool,
especially when the number of data points to develop and validate nano-QSAR model
is inadequate. We hope that the proposed method will soon be verified by

experimental and additional theoretical studies.

5. Conclusions

In conclusion, it can be stated that although two-way hierarchical clustering is
usually applied at the first stage of data exploration, it can lead to many valuable
observations and conclusions. Applied to the data reflecting properties and toxicity of

nanoparticles, it allows for the classification of MeOx NPs according to their potential
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toxic effects as well as for the identification of factors responsible for their toxicity.
The proposed method is the first attempt to use a two-dimensional hierarchical cluster
analysis to identify classes of similar nanoparticles based on the structural features and
then use them to estimate the biological activity for empirically untested metal oxide
nanomaterials. Based on structural similarity, we have estimated the cytotoxicity for -
so far untested experimentally - metal oxides (for which only structural descriptors

have been calculated).

The method proposed, although it does not provide quantitative information on
the cytotoxicity of nanoparticles towards E. coli or to human keratinocytes cell line,
nevertheless it can be used as an efficient tool for the preliminary hazard assessment
of nanomaterials, as well as to identify nanomaterials that may pose a potential
negative impact to the human health and the environment. One great advantage of
grouping and nano-read-across technique is the fact that it does not require a large
number of data to identify groups of similar compounds. Thereby, in the light of
REACH regulations the proposed method has a significant practical aspect and it may
be an alternative to the extremely time-consuming, costly and questionable from
ethical point of view animal experiments.

Electronic Supplementary Material

Electronic Supplementary Material is available in the online version, at
http://www.springer.com or from the author.
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Table 1. Results of the Spearman's rank correlation test between results obtained from nano-

read-across technique and experiment/nano-QSAR respectively.

nano-read-across

Statistics VS.
Experiment nano-QSAR
Case study 1
Ps 0.955 0.961
critical ps (4005 0.414 0.279
p 0.0001 0.0001
Case study 2
Ps 0.732 0.866
critical PS (2.0.05) 0.401 0.337
p 0.0026 0.0001
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Figure Captions

Fig. 1.

Fig. 2.

Fig. 3.

Fig. 4.

Fig. 5.

Fig. 6.

Idea of read-across approach.

Two-dimensional cluster analysis. Three identified natural clusters (classes)
in the data are presented. Colors represent the auto-scaled values of the
selected descriptor and cytotoxicity to bacteria E. coli: green color, the mean
value of a given descriptor/endpoint (zero value on the scale); yellow and red
colors, the values higher than the mean value of a given descriptor/endpoint
(higher up to 1.5 standard deviations); light and dark blue colors, the values
lower than the mean values of a given descriptor/endpoint (lower up to -1.5
standard deviations). When moving down the figure from Class I to Class 111,

log (ECso)" systematically decreases, and (AHMG+) increases.

Two-dimensional cluster analysis for all 17 metal oxide nanoparticles from
both: training and validation sets.

Comparison of the predictive power of nano-QSAR and nano-read-across
approaches with experimentally measured values of log(ECso)™.

Two-dimensional cluster analysis. Three natural clusters (classes) in the data
were identified. Colors represent the auto-scaled values of the selected
descriptor and cytotoxicity to human keratinocyte cell line: green color, the
mean value of a given descriptor/endpoint (zero value on the scale); yellow
and red colors, the values higher than the mean value of a given
descriptor/endpoint (higher up to 1.5 standard deviations); light and dark blue
colors, the values lower than the mean values of a given descriptor/endpoint
(lower up to -1.5 standard deviations). When moving down the figure from
Class I to Class III, log (LCso) " systematically decreases, and (x¢) increases.

Two-dimensional cluster analysis for all 18 metal oxide nanoparticles from
both: training and validation sets.
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Figure 1.
One-to-one One-to-many
one analogue used to make an estimation for one analogue used to make estimations for
a single chemical two or more chemicals
Many-to-one Many-to-many
two or more analogues used to make an two or more analogues used to make
estimation for a single chemical estimations for two or more chemicals
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Figure 2.
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Figure 3.
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Figure 4.
Calibration and validation Prediction
Experimental Predicted log(ECso)”! Class Experimental Predicted log(ECso)™
MeOx log(ECso)™ nano- nano- MeOx log(ECso)™ nano- nano-
QSAR read-across QSAR read-across
CoO 3.51 3.38 CoO PbO N/A 3.51 PbO
ZnO 3.45 3.30 NiO MgO N/A 3.45 MgO
NiO 3.45 3.38 ZnO Class I MnO N/A 3.44 MnO
CuO 3.20 3.24 CuO AuO N/A 3.23 AuO
FeO N/A 3.19 FeO
Ag203 N/A 3.08 Ag203
Nd,O; N/A 291 Nd,O;
V203 3.14 2.74 Y203 Sl’Ile} N/A 2.90 Sm203
Y,03 2.87 3.08 V,03 z Gd,03 N/A 2.88 Gd,03
La203 2.87 2.85 La203 :§ Tb203 N/A 2.87 Tb203
Bi203 2.82 2.69 Bi203 E Eu203 N/A 2.86 EuzO3
In203 2.81 2.52 IH203 Class 11 %D Er203 N/A 2.85 EI‘203
Sb203 2.64 2.57 Sb203 'g H0203 N/A 2.85 H0203
CI’203 2.51 2.52 A1203 g Ml’l203 N/A 2.84 Yb203
A1203 2.49 2.63 CI‘203 ,5 Yb203 N/A 2.82 Mn203
F6203 2.29 2.35 F6203 Au203 N/A 2.48 AU203
ZI’Oz 2.15 2.41 ZI'Oz T1203 N/A 2.43 T1203
Fe203 N/A 2.40 FezO3
Ga203 N/A 2.38 Ga203
SiO, 2.20 1.99 SiO,
SnO, 2.01 1.95 SnO, GeO, N/A 1.77 GeO,
TiO, 1.74 2.13 Ti0, | Class Il

N/A — Experimentally measured value of log(ECs)”

is not available.
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Figure 6.
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