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ABSTRACT

Nano-QSAR models can be effectively used for prediction of the biological activity of nanomate-
rials that have not been experimentally tested before. However, their use is associated with the
need to have appropriate knowledge and skills in chemoinformatics. Thus, they are mainly
aimed at specialists in the field. This significantly limits the potential group of recipients of the
developed solutions. In this perspective, the purpose of the presented research was to develop
an easily accessible and user-friendly web-based application that could enable the prediction of
TiO,-based multicomponent nanomaterials cytotoxicity toward Chinese Hamster Ovary (CHO-K1)
cells. The graphical user interface is clear and intuitive and the only information required from
the user is the type and concentration of the metals which will be modifying TiO,-based nano-
material. Thanks to this, the application will be easy to use not only by cheminformatics but
also by specialists in the field of nanotechnology or toxicology, who will be able to quickly pre-
dict cytotoxicity of desired nanoclusters. We have performed case studies to demonstrate the
features and utilities of developed application. The NanoMixHamster application is freely avail-

ARTICLE HISTORY
Received 31 March 2022
Revised 16 May 2022
Accepted 17 May 2022

KEYWORDS

Nano-QSAR; photocatalysts;
nanoclusters; Chinese
Hamster Ovary; web-based
application

able at https://nanomixhamster.cloud.nanosolveit.eu/.

1. Introduction

Nano-sized materials due to their distinctive physi-
cochemical properties have brought a great revolu-
tion in technology and industry. Unfortunately,
despite their range of applications, nanomaterials
may exhibit toxicity toward human beings and the
environment. Most often, the toxicity of nanomate-
rials is determined using experimental methods.
There are plenty of laboratory tests that enable tox-
icity evaluation among others tetrazolium reduction
assays for cell viability studies, LDH assay for cell
membrane integrity, comet assay for genotoxicity
and immunohistochemistry biomarkers for apop-
tosis (Bahadar et al. 2016). However, all these tests
have one thing in common, the need to have syn-
thesized nanomaterials that you want to test. They
are also relatively costly, time-consuming and
require extensive laboratory knowledge and experi-

ence. Thus, considering time-consuming and

expensive synthesis and measurement procedures,
as well as the risk assessment of newly designed
nanostructures with the use of laboratory animals,
it is irrational to experimentally test all of them to
find the most effective and less toxic nanostructure
combination. This challenge can be faced by the
application of appropriate computational in silico
methods based on machine learning (ML) and artifi-
cial intelligence (Al), including Quantitative
Structure-Biological Activity/properties Relationship
(QSAR/QSPR) models (Mikolajczyk et al. 2018, 2019;
Sizochenko et al. 2021). As a result, these models
can enable preliminary screening of large amounts
of nanomaterials without the need of their synthe-
sis. The quality of computational models is inextric-
ably linked with the data on which they are built.
Models that have been trained on data covering a
broader spectrum of structurally diverse substances
will have a larger applicability domain, which is the
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physico-chemical or structural descriptors space on
which the training set of the model has been devel-
oped, and for which the probability of getting reli-
able predictions for new compounds is higher. As
the QSAR models are only an approximation of real
relationships occurring between structure and bio-
logical activity and, additionally, they may have dif-
ferent predictive powers, special care should be
taken when using them for decision making and
regulatory purposes. Nevertheless, in silico models
based on ML and Al may point out the nanostruc-
ture features that are crucial for the efficiency and
safety of newly designed nanomaterials. These
methods may prove particularly useful for eliminat-
ing nanostructures, that do not meet the biological
activity and/or toxicity requirements, from a pool of
materials to be synthesized and subjected to
laboratory testing. For example, nanomaterials that
are highly cytotoxic already at the stage of in silico
research should probably not be synthesized first in
order for further research.

The main problem with the actual applicability of
QSAR models is the fact that they are developed by
specialists in the field of chemoinformatics for other
chemoinformatics specialists. Additionally, they are
mainly published in specialized chemoinformatics
journals, whose main readers are chemoinformatics
specialists. To be able to fully utilize such QSAR
models, it is required to have at least fundamental
knowledge about some of the basic types of
machine learning models, the ability to use special-
ized software or knowledge of at least one program-
ming languages. As a result, the group of recipients
of the created solutions is significantly narrowing.

Lamon et al. (2019) conducted a bibliographic
search on available computational models for the
assessment of manufactured nanomaterials (MNs).
The resulting inventory includes QSAR, QSPR, and
physiologically based kinetic (PBK) models applied
to MNs. Authors identified 59 publications for QSAR
models (out of around 800 found in the initial
search) and 29 publications for QSPR models (out
of around 350 found in the initial search). The
majority of the QSAR models allow the prediction
of in vitro cytotoxicity in terms of various cell types.
The QSPR models concern mainly carbon-based
MNs such as carbon nanotubes and solubility in
organic solvents. The remaining ones were devel-
oped for metal and metal oxide MNs to predict,
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among others, zeta potential, adsorption and bind-
ing interactions. Additionally, authors gathered
details of each publication, that is, contact author,
predicted endpoint, type of descriptors used in the
model, information on training and validation set,
applicability domain, and statistical methods.
However, no particular attention was paid to the
possibility of reusing the model, for example,
through a web application or shared source codes
used to construct the model.

Thanks to the efforts undertaken by various initia-
tives, such as the projects financed by the Horizon
2020 program (NanoCommons (https://www.nano-
commons.eu/), NanoSolvelT (https://nanosolveit.eu/)
(Afantitis et al. 2020), NanoinformaTIX (https://www.
nanoinformatix.eu/)) or DIAGONAL (https://www.
diagonalproject.eu/), the problem of limited reusabil-
ity of the nano-QSAR/QSPR models is getting
reduced. Among many objectives of the projects,
one can find development of a user-friendly model-
ing toolbox, Integrated Approach to Testing and
Assessment (IATA) implemented through Cloud plat-
form, and access to the Knowledge Base. The
NanoCommons e-infrastructure gives an opportunity
to use services such as the Molecular Initiating Event
(MIE) Prediction Tool, the Apellis (tool for read-across
model development) (Varsou and Sarimveis 2021)
and the Jagpot (web platform for deployment, shar-
ing and applying the in silico models). Under the
NanoSolvelT project, the end-user has access to
computational tools like PhysChem: Zeta potential
NanoXtract model (Varsou et al. 2020) based on
nearest neighbors method and descriptors from TEM
images, CyTox model for predicting cytotoxicity of
metal oxide nanomaterials to human bronchial epi-
thelial (BEAS-2B) and murine myeloid (RAW 264.7)
cell lines, the DeepDaph workflow (Karatzas et al.
2020) for predicting the effects of exposure to ENMs
on Daphnia magna that can help with detection of

possible malformations, and exposure models
(NanoFASE  Soil-water-organism  model, human
indoor air exposure model).

Here we present a new tool, the
NanoMixHamster web-based application (https://
nanomixhamester.cloud.nanosolveit.eu/)  developed

under the NanoSolvelT project, which allows the
prediction of potential photocatalysts’ toxicity
toward the CHO-K1 cell line (cell line initiated from
a biopsy of an ovary of an adult Chinese hamster)
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using the structure-activity prediction network
(SAPNet) approach (Rybinska-Fryca, Mikolajczyk, and
Puzyn 2020). However, our goal is not limited only
to presenting a new in silico tool, but also demon-
strating how it can be used in the context of
safe(r)-by-design  concept via case  study.
Computational models implemented in web-based
application may support experimental design by
significantly speeding up the whole process in
terms of the number of considered solutions by
selection of most optimal (i.e. the most safe) com-
ponents’ combination at the early stage of experi-
ment design (before synthesis). It may help to
reduce time and cost of developing and introduc-
ing new, efficient and environmentally friendly NPs-
based heterogeneous/multicomponent (MCNM:s)
photocatalysts. In addition, we would like this appli-
cation to set the direction in which chemoinfor-
matics specialists should go when developing new
QSAR models - creating easily accessible and easy-
to-use web-based applications.

2. Results and discussion

2.1. A Comparison of developed nano-QSAR
models in the context of user friendly a web-
based application

Different types of nano-QSAR models have been
developed to predict nanomaterials’ toxicological
effects on the human body and the environment.
However, these models are developed based on
complex machine-learning methods and descriptors
that derive mainly from molecular modeling.
According to analyzed data available in the litera-
ture, applying already existing nano-QSAR models
requires at least fundamental knowledge in materi-
als modeling, simulations, and chemoinformatics,
which is one of the barriers to its broader use and
acceptance, especially for regulatory purposes or
experimentalists. A QSAR for nanomaterials is con-
sidered reliable and applicable if it fulfills the five
principles for the validation of the OECD Guidance
Document on the Validation of (Quantitative)
Structure-Activity  Relationship  (QSAR) models
(OECD 2007). However, from the user perspective,
two additional aspects that define the applicability
of the existing nano-QSAR models should be con-
sidered, that s, the advancement of the

chemoinformatic methods and the advancement of
the methods used for descriptors calculations.

Based on information found in the literature, we
have carefully reviewed and classified all publica-
tions related to QSAR models relevant for different
phases of toxicity prediction and risk assessment of
nanomaterials. The developed nano-QSAR models
that fulfill OECD recommendations, the description
of used machine-learning based methods, and the
type of descriptors have been summarized in Table
1. Analysis of information derived from a compre-
hensive literature search reveals the classification of
the potential use of developed nano-QSAR models
by final stakeholders without specialist knowledge
in the field of chemoinformatics or materials model-
ing. These findings agree with the report provided
by Lamon et al. In the paper, the authors proved
that from around 800 QSAR models found in the
initial search, only 59 models could be considered
for predicting the toxicity effect of NMs and poten-
tial environmental risk assessment. Moreover,
authors (Lamon et al. 2019) proved that most mod-
els are not described in a consistent manner, which
is one of the barriers to their broader use
and acceptance.

Moreover, as shown in Table 1, all models are
based on sophisticated machine-learning methods
and complex descriptors mainly related to quantum
mechanical calculations or experimental data. The
literature search indicates that the second most
relevant type of descriptors (Table 1) used in
nano-QSAR models’ development is related to the
electronic structure of (i.e. band gap, enthalpy of
formation, the position of valence or conduction
band) and related properties of investigated NMs
(Table 1). For example, in our previous study
(Mikolajczyk et al. 2018), we introduced ‘additive
descriptors, a linear combination of quantum mech-
anical descriptors for pure components weighed by
their concentrations. This type of descriptor requires
expertise in developing molecular structure models
(i.e. atomic clusters, surface fragments) and physics-
based materials modeling. A similar example of
complex descriptors has been provided by Roy
et al. (Roy, Ojha, and Roy 2019). This example con-
firms that in addition to specialistic knowledge in
the field of chemoinformatic, there is a limitation
for stakeholders without specialistic expertise in the
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context of calculations of descriptors of new or not
synthesized yet ('virtually created’) NMs.

Another example may provide models developed
by Gajewicz et al, 2014a,b). In the papers, authors
developed nano-QSAR models based on empirical
descriptors that describe primary and aggregated
particles’ size, porosity, surface chemistry, charge, or
crystal structure (Liu et al. 2015). The simplest
descriptor used in the reviewed nano-QSAR models
describes the primary size of NMs or that derived
from transmission electron microscopy (TEM)
images (Gajewicz et al. 2014b). Thus, to extend the
application of these models’ knowledge from
experiments with data from theoretical and compu-
tational models is required.

2.2. Case study

As summarized in Table 1 developed nano-QSAR
models found in the literature search describe tox-
icity effect toward different bacteria, cell lines,
microorganisms for a total of 78 different NMs such
as metals, metal oxides, carbon nanotubes and NP
with coronas (Table 1).

As summarized in Table 1, developed nano-QSAR
models found in the literature search describe tox-
icity effect toward different bacteria, cell lines,
microorganisms for a total of 78 different NMs such
as metals, metal oxides, carbon nanotubes and NP
with coronas (Table 1). According to report pro-
vided by Lamon et al. (Lamon et al. 2019), most of
developed QSAR models describe the biological
activity of both metal and metal oxides NMs. While
biological activity of NMs is defined by in vitro cyto-
toxicity experiments in different cell types,
expressed by ECsq, that is, the effective concentra-
tion that kills/inhibit 50% of the cells is the most
common predicted endpoint. In this context we
decided to develop the first web-based application
for nano-QSAR models that was developed for the
available dataset that describes cytotoxicity effect
experimentally tested against commonly tested epi-
thelial cells obtained from Chinese hamster ovary
(CHO-K1 cell line, ATCC® CCL-61TM) of TiO,-based
nanomaterials modified with Au, Ag, Pt and Pd
nanoclusters  (Rybinska-Fryca, Mikolajczyk, and
Puzyn 2020). The final values of the cytotoxicity
toward the Chinese hamster ovary (CHO-K1 cell
line, ATCC® CCL-61TM) were expressed as the
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logarithm of 50% inhibition of the cell viability
(PEC50) (Mikolajczyk et al, 2016; Rybinska-Fryca,
Mikolajczyk, and Puzyn 2020). CHO cell line of fibro-
blast like characteristics derived from the Chinese
hamster ovary (Puck, Cieciura, and Robinson 1958).
During the 1960s and 1970s, the original CHO cell
line was cultured at multiple research facilities, and
variants started to arise (e.g. CHO-K1, CHO pro3-
DHFR+, and others). CHO cells have a long history
of application in toxicological research. Due to its
convenient number of chromosomes, CHO cells
have been broadly used in cytogenetic research.
They are one of the cell lines recommended for
testing for chromosomal aberrations (TG 473)
(OECD, 2018). In vitro Mammalian Chromosomal
Aberration Test), micronuclei formation (TG 487)
(OECD 2018). In vitro Mammalian Cell Micronucleus
Test), but also for gene mutations (TG 476) (OECD
2018). In vitro Mammalian Cell Gene Mutation Tests
were using the Hprt and xprt genes). According to
the OECD review on the dossiers of the WPMN
Testing Program (ENV/JM/MONO(2018)4), the major-
ity of MNMs were tested in the CHO cell line
(including the CHO-K1 clone). As in all in vitro tox-
icity testing (not only mutagenicity), the main test
should be preceded by a selection of appropriate
concentrations of nanomaterials, our application
could be very useful in proposing concentration
ranges for preliminary in vitro cytotoxicity testing
on CHO cells.

We decided to conduct case studies using sam-
ple data to demonstrate the potential uses and
interpretations of our app’s results. We considered
three scenarios: (i) hybrid material belonging to the
domain of application (i) material outside the
applicability domain, and (iii) predict toxicity for a
large set of theoretical materials.

2.3. Memix-TiO, inside or outside the
applicability domain

In the first case study, a hybrid nanocluster contain-
ing TiO, NPs modified with Ag (0.2%mol) and Pd
(0.5%mol) was investigated. The additive electro-
negativity calculated in the first step equals 1.486.
Therefore, the predicted toxicity of the Me,,-TiO,
material toward the CHO-K1 cell line expressed as
PEC50 is approximately 6.1 (mol mL™") (Figure 1).
The end-user is informed whether the predicted
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Summary

Here is the first step of SAPNet dedicated to
predicting the toxicity of nanoparticles
towards the CHO-K1 cell line. Please
describe your nanomaterial. It should be
TiO2-based nanomaterial, which is modified
with Au, Ag, Pt, or Pd nanoclusters (Memix-
TiO2).

Please fill in the form below to predict additive electronegativity of the metallic system, xmix

Metal 1 type:

Metal 2 type:

Metal concentration [%6):

Metal concentration [%):

Summary

Your toxicity prediction will be based
on the results obtained in previous
additive
your

step. The predicted
electronegativity (xmix) of
system is:

Basing on the given metallic system, predicted toxicity towards the CHO-K1 cell line equals:

Figure 1. Example of the prediction made for TiO, NPs modified with Ag and Pd that is inside the applicability domain.

value is in the applicability domain. Moreover, this
information can be verified by checking the
Insubria plot. The predicted value should be placed
in the area defined by the value of three standard
deviations and the h* (Figure 2).

In the second scenario, TiO, NPs modified with
Au (1.2%mol) and Pt (5.5%mol) nanoclusters was
examined. The additive electronegativity calculated
in the first step equals 15.588. Therefore, the pre-
dicted toxicity of the Men-TiO, material toward
the CHO-K1 cell line expressed as pEC50 is
approximately 8.8 (mol mL™'"). However, in this

case, the end-user receives a warning information
that given value is outside the applicability domain
of the model (Figure 3). By verifying the Insubria
plot, the end-user can check the degree of similar-
ity of the investigated hybrid material to the other
Menix-TiO, materials from the training and valid-
ation sets (Figure 4). It should be highlighted that
the results should be treated with caution when
interpreting. The prediction was based on initial
Menmix-TiO, parameters (type of metal, concentra-
tion) that were outside the range of the models’
training set values. Thus, the pEC50 value was
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Figure 2. The Insubria plot generated for the first considered
Meix-TiO,.

obtained as the effect of extrapolation and may
be biased.

2.4. Predicting toxicity for large set of hybrid
materials (Me,,;,~TiO>)

In the last case study within Dataset Generator tab,
we performed cytotoxicity prediction of the large
set of Men,ix-TiO,. Using the slider, we set the num-
ber of nanomaterials to be generated to 7500
(Figure 5). After pressing just two buttons, we got
the predicted values of pEC50. In all of the columns,
it is possible to sort and filter the data. For
example, we can filter the table using the first col-
umn so that it contains only nanomaterials modi-
fied with a specific metal (by typing name of the
metal e.g. Pd) or using last column to filter out
materials outside the applicability domain (by typ-
ing true). We can also sort values to see the highest
and lowest values of additive electronegativity and
predicted values of pEC50. Finally, we can export
whole dataset with applied filtering and sorting to
our local machines for further analysis (by clicking
‘Export’ button). Additionally, on Insubria plot we
can identify specific Men-TiO, by hovering over
the point (Figure 6). Generated information can be
used in the Safe(r) by Design framework i.e. to com-
pare predicted cytotoxicity with the stock price of
the noble metal precursor and/or photocatalytic
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activity of particular hybrid nanomaterial to evalu-
ate its application potential.

3. Conclusions

Case studies performed with covered web applica-
tion — NanoMixHamster - allowed presenting the
new tool and its capabilities. The developed appli-
cation enables the prediction of nanoparticles’ tox-
icity toward the CHO-K1 cell line using the
structure-activity prediction networks approach
(Rybinska-Fryca, Mikolajczyk, and Puzyn 2020). The
main functionalities are described by presenting
three possible scenarios that may apply to a poten-
tial end user. The tested hybrid material can belong
the applicability domain of the model or be outside
of it. Additionally, NanoMixHamster tool can be
used during the process of designing new materials
by predicting its toxicity before synthesis. Therefore,
materials with appropriate properties, i.e. photo-
catalytic activity that could potentially cause
adverse effects, will be eliminated at the preliminary
stage of research. In each case end-user will be
guided by clear, user-friendly interface. The devel-
oped tool can be used even by users without prior
knowledge of advanced chemoinformatic techni-
ques. The NanoMixHamster application presented in
this study is freely available at https://nanomixham-
ster.cloud.nanosolveit.eu/.

4. Technical details

In this study, we have developed and implemented
an online application which allows the prediction of
nanoparticles’ toxicity toward the CHO-K1 cell line
using SAPNet approach (Mikolajczyk et al. 2018;
Rybinska-Fryca, Mikolajczyk, and Puzyn 2020). The
so-called ‘NanoMixHamster’ app was developed
using Python 3.8 programming language and Dash
by Plotly technology, thanks to which it was pos-
sible to place fully responsive, interactive charts in
it. Website navigation allows users to quickly move
between its content. It consists of three navigation
tabs: Overview, Networks and Publication. The first
tab contains general information about what
SAPNets are and a graph presenting their structure.
The Networks tab is where the user can predict the
toxicity of his desired nanomaterial. The last naviga-
tion option includes a PDF file with the research
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predicting
electronegativity of
tal

Summary

Here is the first step of SAPNet dedicated to
predicting the toxicity of nanoparticles
towards the CHO-K1 cell line. Please
describe your nanomaterial. It should be
TiO2-based nanomaterial, which is modified
with Au, Ag, Pt, or Pd nanoclusters (Memix-
TiO2).

Please fill in the form below to predict additive electronegativity of the metallic system, xmix

Metal 1 type:

Metal 2 type:

I | R

Metal concentration [%):

Metal concentration [%):

Calculate

Summary

Your toxicity prediction will be based on the
results obtained in previous step. The
predicted additive electronegativity (xmix)
of your system is:

Basing on the given metallic system, predicted toxicity towards the CHO-K1 cell line equals:

Calculate

Figure 3. Example of the prediction made for TiO, NPs modified with Au and Pt that is outside the applicability domain.

paper presenting the SAPNets concept. The
Networks menu option is further divided into 4
additional tabs each contained in a separate Dash
tab: Step 1, Step 2, Summary and Dataset
Generator. Step 1 is the place where the user needs
to describe his nanomaterial. It should be a TiO,-
based nanomaterial, which is modified with Au, Ag,
Pt, or Pd nanoclusters (Me,;-TiO,, Figure 6).

The user can fill in only 2 fields if his nanomate-
rial is modified with one metal: the metal type and
its concentration in the final product (expressed as
a percentage). In the case where nanomaterial is
modified with two distinct metals, the user needs

to fill in all 4 fields included in the form - types of
metals and their respective concentrations. The
entered values will allow for the estimation of addi-
tive electronegativity of the metallic system based
on the following equation:

Amix = %MOlye, X Yppe, + -+ + %MOlye, X Ypse,

where %molMe is the concentration of a certain
metal in the mixture and yue is the electronegativ-
ity by Pauling scale of a particular metal. Once the
parameters are filled in, one can perform the pre-
diction by simply clicking the ‘Calculate’ button,
after which user will receive predicted value of



additive electronegativity and can move on to next
step. This is the only section that will require any
information from the user, which together with
user-friendly interface makes the application
extremely easy to use.

In Step 2, toxicity prediction is carried out based
on the results obtained in previous step, as imple-
mented Nano-QSAR model is utilizing only one
descriptor, which represents additive electronegativ-
ity (ymix):

PEC50 = 6.37(%0.07) + 0.56(£0.02) X Ymix

Once again by simply clicking the "Calculate"
button, the user can perform prediction of toxicity
toward the CHO-K1 cell line of a given metallic sys-
tem. If values provided by the user are within the
applicability domain of implemented model the
app will return only predicted pEC50 value (pEC50
is defined as the negative logarithm of the EC50,
which in turn is defined as half maximal effective
concentration and refers to the concentration of a

Insubria plot
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Predicted pEC50 values

0.4
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Figure 4. The Insubria plot generated for the second consid-
ered Mep,i-TiO,.
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substance which is necessary to cause half of the
maximum possible effect after a specified exposure
time). Otherwise, user will be informed that entered
values are out of the applicability domain, which
means that the prediction was extrapolated and
may be biased.

The Summary tab includes three graphs to help
visualize the data used to create the model and its
applicability domain: (i) observed vs. predicted val-
ues of pEC50; (ii) Applicability domain - William’s
plot; (iii) Insubria plot (Figure 7). The Insubria plot
(Figure 7) additionally presents the values given by
the user. William’s plot helps to visualize applicabil-
ity domain of the model. It plots standardized resid-
uals vs. leverage values which can be used for
graphical detection of the response outliers (stand-
ardized residuals greater than 2.5-3 standard devi-
ation units) and structurally influential chemicals in

Figure 6. Example of the Me,-TiO, NPs nanoparticles.

Here you can generate a big random dataset of Menx-TiO, nanoparticles and perform toxicity prediction of the whole dataset

at once.

Using the slider below, select the number of nanoparticles you want to enerate.

You have selected 7500 Menm,-TiO nanoparticles to be generated.

Now you can perform toxicity prediction of your dataset towards the CHO-K1 cell line.

Figure 5. Graphical user interface allowing user to select the amount of generated nanomaterials.
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Figure 7. Insubria plot generated for the theoretical Mep,-TiO,.

a model (leverage > h*) (Gramatica 2013). Insubria
plot on the other hand is the plot of leverage val-
ues versus predicted values for chemicals without
experimental data. It helps to visualize interpolated
and extrapolated predictions (Gramatica et al,
2012). All plots were written using the Plotly library,
making them more interactive. Among other things,
the user can see the details of the given points by
hovering over them, selecting subsets of points,
zoom in and out on the graph, and easily exporting
them with just one click of the mouse.

The Dataset Generator tab is where user
can generate the whole new dataset of theoretical
TiO,-based multi-component nanomaterials with
metal clusters of silver, and their mixtures with
gold, palladium, and platinum. With the use of
slider one can specify the number (between 1 and
10000) of nanoparticles to be created. After clicking
the ‘Generate’ button, the table containing informa-
tion about concentration of a certain metals in the
mixture and its additive electronegativity will
appear. Once again by simply clicking the ‘Calculate
Toxicity’ button, the user can perform prediction of
toxicity toward the CHO-K1 cell line of the whole
dataset at once. Two additional columns will appear
in a table, one with predicted values of pEC50 and
one with information if given nanoparticle is within
applicability domain. Moreover, Insubria plot with
all generated points will be plotted. The application

is capable of generating 17 496 unique hybrid
materials. Among them, one can find 8748 TiO,
NMs modified with silver and Au, Pd, Pt; 5832 TiO,
NMs modified with gold with Pd, Pt, and 2916 TiO,
NMs modified with palladium and platinum. While
in the applicability domain of the model there are 2
995 hybrid materials. The pEC50 values for these
materials are between 5.854 and 7.173 mol/mL.

Calculations and returned components

Once the initial parameters of the desired Menyix-
TiO, are given, the application engine will calculate
and return or plot the following information:

1. Additive electronegativity (ymix) of the metal-
lic system;

2. Predicted toxicity toward the CHO-K1 cell line
expressed as pEC50 value [mol/mL], which is
logarithmically transformed half maximal effect-
ive concentration (EC50);

3. Three graphs to help visualize the data used to
create the model and its applicability domain:
(i) observed vs. predicted values of pEC50; (ii)
William’s plot; (iii) Insubria plot;

4. The Insubria plot additionally shows the values
given by the user.
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