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Preface

Preface

The research work presented in this dissertation is the result of constant effort over the last four
years. This dissertation is mainly focused on different computational tools and techniques that
have been employed for the prediction of toxicity of nanoparticles against different relevant
toxicity endpoints. Nowadays, different in silico techniques are being routinely applied for
predicting toxicities and properties of different nanoparticles as a rational alternative technique
to animal testing. The prime objective of this dissertation was to develop in silico modeling of
nanoparticles, especially metal oxide nanoparticles, and use those models, further for risk
assessment. Nanotechnology shows benefical application starting from cosmetic industry, food
industry, material science or in communication and environmental sector for removing
pollution. The rapid increase in engineered nanoparticles in recent years is because of their
unique magnetic, electronic, and optical properties. Along with the advantages of
nanotechnology, there is some problems or risk related to it. It has been observed that
nanoparticles may endanger ecosystem and other species through generation of different
cytotoxic responses (such as cytogenecity, mutagenicity or ecotoxicity). These nanoparticles
are mostly present in the environment as multicomponent but we have very little nanoparticle
toxicity knowledge and safety data. Experimental toxicity determination is an unfeasible
approach to fill the existing toxicity data gap. Animal testing cannot alone suffice the need for
the entire assessment of those nanoparticles. So, an alternative method should come in. Hence,
assessment of properties and toxicity of the existing as well as new nanoparticle is necessary.
The in silico modeling techniques have been proven advantageous over experimentation; these
are fast, cheap, and environmentally safe alternatives that can provide reliable predictions.
These computational models can be developed with limited toxicity data in hand and using
those developed models, one can get predictions of toxicity of new or untested nanoparticles.

Over the past few decades, in silico modeling has evolved a lot and grabbed sufficient attention
of the scientific community. Quantitative structure-activity relationships (QSARs), Read-
across predictions, and Machine learning (ML) models are becoming more popular now in
predictive toxicology. These methods are similarity-based approaches where the prediction of
endpoints can be obtained from structurally similar chemical analogs. The majority of work in
this dissertation deals with the development of predictive and statistically sound nano-QSAR
models; although different other algorithms like read-across predictions, and ML have also
been used. A standard QSAR methodology comprises the steps i.e., data collection and
curation, descriptor calculation and dataset division, feature selection and model development,
validation of the developed model, and mechanistic interpretation of the response in light of
the identified structural features. Various statistical tools are used for developing the model
whereas, the developed model must be validated using strict internal and external validation
protocols. Organization for Economic Cooperation and Development (OECD) prescribes the
guidelines of QSAR modeling that have been followed in all presented works. During this
study, many software tools have been employed that are freely available at
http://teqip.jdvu.ac.in/QSAR Tools/. The 3R strategy (Reduction, Refinement, and
Replacement) of animal experimentation has been followed throughout this study; therefore,
no animal has been harmed.

u
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Preface

The works presented in this dissertation are as follows:

Study 1: Assessment of toxicity of metal oxide and hydroxide nanoparticles using QSAR
modeling approach

Study 2: Modeling and mechanistic understanding of cytotoxicity of metal oxide nanoparticles
(MeOxNPs) to Escherichia coli: categorization and data gap filling for untested metal oxides.

Study 3: Risk assessment and data gap filling of toxicity of metal oxide nanoparticles
(MeOxNPs) used in nanomedicines: A mechanistic QSAR approach.

Study 4: Nano-read-across predictions of toxicity of metal oxide engineered nanoparticles
(MeOx ENPS) used in nanopesticides to BEAS-2B and RAW 264.7 cells.

Study 5: Understanding mechanism governing the inflammatory potential of metal oxide
nanoparticles using periodic table-based descriptors: A nano-QSAR approach.

Study 6: Prediction of cytotoxicity of heavy metals adsorbed on nano-TiO2 with periodic table
descriptors using machine learning approaches.

Study 7: Exploring the relationships between physiochemical properties of nanoparticles and
cell damage to combat cancer growth using simple periodic table-based descriptors.

Study 8: Insights into nanoparticle toxicity against aquatic organisms using regression, Read-
Across, and ML algorithms: QSAR models for Daphnia magna and zebrafish.

The entire work has been presented under the following chapters in this dissertation:
Chapter 1: Introduction
Chapter 2: Present Work
Chapter 3: Materials and Methods
Chapter 4: Results and Discussions
Chapter 5: Conclusion
References
Appendix: Reprints

The overall background knowledge of the nanoparticle toxicity assessment, the computational
approaches, and the previous works done in this area of research have been discussed under
the heading “Introduction”. Additionally, information on a brief history of QSAR, the basic
principles of in-silico approaches that have been employed, and the validation protocol of in-
silico models have also been provided. Chapter “Present Work” briefly discusses the
performed research works along with the collected datasets. In the “Materials and Methods”
section, the methodology of the entire work done has been thoroughly discussed. Schematic
representations of all studies and the important numerical formula used for calculations have
been provided in this section to avoid ambiguities. The results of all studies performed have
been discussed in the “Results and Discussions” in detail. An overall “Conclusion” has been
provided in this dissertation followed by the “References”. Most of the studies from this
dissertation work have been published in reputed international journals and also presented at

122/



Preface

different national and international conferences. Those published works are thus also included
in the ultimate section of this dissertation under the section “Reprints”. However, the research
work performed and presented in the limited scope of this dissertation constitutes only a small
portion of the broad spectrum of work in this area of research. Various interesting aspects of
research that have arisen in this dissertation, can be further investigated more appropriately in
the future study.
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Chapter 1 Introduction

Chapter 1: Introduction
1.1 Advancement in human uses of nanomaterials

The use of nanomaterials has drastically changed the field of science and technology
worldwide. These particles, which range from 1 to 100 nm in size, have unique physical,
chemical, and biological properties that have a wide range of applications in various fields
(Bayda et al., 2019). The concept of nanoparticles and nanotechnology has been around since
the 20th century. During the discovery of quantum theory it was estimated that managing the
nano-sized physiochemical properties would be a challenging task (Roy and Roy, 2023).
Nanomaterial products have been used since ancient times when metallic nanoparticles were
used for glass-making in Egypt and Mesopotamia in the fourteenth and thirteenth centuries
BCE (Schaming and Remita, 2015). It was discovered that some glasses have a red color
because they contain copper nanoparticles or cuprous oxide nanoparticles. Only recently has a
proper understanding and use of nanomaterials come to light. The concept of nanomaterials
was first applied by Richard Feynman (Feynman et al., 2022) in the late 1950s. It was after the
discovery of fullerenes in 1985, that the application of nanomaterials gained momentum. Nano-
sized materials have been in commercial use for a very long time. Nano compounds with their
remarkable properties are ranked highly in the research domain. Nanoparticles (NPs) are a wide
class of materials that include substances ranging from less than 100 nm at least (Laurent,
2010). Based on their overall shape, these materials can be classified as 0D, 1D, 2D, or 3D
(Tiwari, 2012) (Figure 1.1). There are two major classes of nanoparticles: a) carbon
nanoparticles and b) metal oxide nanoparticles (Gajewicz et al., 2012; Artiles et al., 2011;
Puzyn et al.,, 2010). The term “ENMs” includes engineered nanoparticles, nanofibers,
nanoplates, quantum dots, and other nanostructured surfaces (Domingues et al., 2022). Metal
oxide nanoparticles (NPs) have unique properties due to their size and high density of edge or
corner sites. Nanoparticles are being increasingly used in different areas like pharmacy, space
technology, environmental engineering, stain—resistant clothing and environmental
monitoring. Currently, ENMs with their innumerable properties are also used in water
treatment, food, agriculture, textiles, medicines, pharmaceuticals, cosmetics, and electronics as
well as in other fields. Nanomaterials are used in many everyday products. A report by Markets
and Markets predicts that the global nanomaterials market will grow to $75.64 billion by 2025
and with an compound annual growth rate of 13.2% from 2020. The nano industry include
10,150 nano products marketed by 3246 companies worldwide. The enginnered nanoparticles
(ENPs) is estimated to rise at a rate of 25% per year (Abbas et al., 2020).

Engineered nanoparticles (NPs) are currently utilized in over 5,000 commercial products,
ranging from medical equipment and fuel additives to plastics (https://nanodb.dk/).
Nanomedicines (Roy et al., 2022) are one of the applications of nanotechnology that have
sparked hope in the field of medical sciences. The incorporation of nanostructures in this field
has not only created advanced opportunities but also generated perspectives on issues such as
targeting tissues or cells, controlled release of drugs on a specific target, and early detection of
diseases. In recent years, more attention has been given to nanostructures as adsorbents and
catalysts to remove harmful and toxic contaminants from the environment (Yang et al., 2006;
Liu et al.,, 2004). In theory, nanoparticles can be engineered from substances, such as
semiconductor nanocrystals, organic dendrimers, and carbon fullerenes, and possess highly
desirable properties like electrical, thermal, and mechanical that are useful in commercial,
medical, and environmental sectors.
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Figure 1.1 Types and applications of nanoparticles

1.2 Nanoparticles threat to the living organisms and the environment

Engineered nanoparticles (ENPs) can be released into the environment at various stages such
as during production, manufacture, use, and disposal. These are considered novel entities that
fall under planetary boundaries, which aim to identify a "safe operating space" for human
societies to thrive (Steffen et al., 2015). MeOx NPs have gained popularity in recent years for
their potential to enhance the quality of human life. However, there are growing concerns
regarding the risk associated with these nano-sized particles to the environment and human
beings. People are unknowingly exposed to different NPs through products used in daily life,
such as skin care products (skin absorption, or medical use), through disposal, during
production, inhalation or oral uptake. Upon uptke they may cross the various biological barriers
present in the species and lead to accumulation in different tissues and organs (Yan et al., 2023)
(see Figure 1.2). Nowadays, many diseases are caused by exposure to harmful chemicals or
materials whose behavior is not fully understood, and these harmful substances may be hidden
behind the perceived benefits of the products they are used in. Engineered nanoparticle (ENP)
toxicity is a global environmental threat, and the analysis of nanoparticles in the terrestrial and
aquatic environment and the evaluation of risks have gained significant attention due to their
increasing use worldwide. These particles are likely to pose a risk to human and cause different
abnormalities such as bronchitis, Parkinson's, Alzheimer's, asthma, and many more (Ahamed
etal.,2014). Recently, a report found submicron-sized plastic in a healthy donor (Roy and Roy,
2023). This finding was not surprising to researchers, as an experimental study in 2002 showed
the translocation of particulates in the bloodstream in that size range. Since then, many more
studies have come up with the translocation of nano-sized particles in blood circulation that
may reach different tissues and even cross the blood-brain barrier to reach the brain during the
fetal stage (Nemmar et al., 2002). Nanotechnology and nanomedicines have brought many
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benefits to the world, but it is crucial to address their potential negative effects. Concerns about
the health and safety of NPs have led to the development of a advanced research field called
nanotoxicology. Nanotoxicology research has recently concentrated on reducing the negative
effects of NPs with the assistance of various agencies in order to have a safe and viable NPs
application. The world is witnessing a significant transformation due to the impact of
nanotechnology and nanoparticles. These tiny substances have become central players in our
economies. However, it has been known since ancient times that exposure to such substances
can be harmful to human health, and miners (an example of occupational exposure to materials)
which leads to health problems. Today, there is a growing concern about the potential exposure
and adverse outcomes for the final users of products containing nanotechnology and
nanoparticles. For instance, MeOx NPs used in various consumer products are suspected to end
up in aquatic or terrestrial environments, where their toxicity mechanism is yet to be fully
explored. Exposure to these substances has been shown to cause growth inhibition of algae
(Ribeiro et al., 2014), immobilization and genotoxic effects on Daphnia magna (D. magna)
(Park et al., 2010), and cytotoxicity in fish cells. It is, therefore, complex to assess the potential
risk (Raftis and Miller, 2019) and safety of MeOx NPs through different routes and sources. A
complete toxicity profile, in the form of cell viability and cytotoxicity studies, should be
conducted before the application of nano-sized materials to ensure safety.

The increased global demand for nanoparticles comes with a significant risk of causing toxicity
to human health and the environment. It is crucial to develop fast and reliable methods for
predicting the properties, toxic behavior, and environmental impact of these nanoparticles to
avoid any potential harm. Efficient nano-toxicological testing is necessary to ensure a safer and
healthier future. However, with the rapidly expanding market for nanoparticles, it is
challenging to regulate their safety through traditional in vivo and in vitro tests. Additionally,
assessing nanoparticles using traditional methods is becoming increasingly difficult due to the
limited data. To address these issues, various strategies have been implemented to evaluate the
toxicity of nanoparticles. Thus, assessing the potential risks, that workers, final users, and the
environment face, is of utmost importance (Lebre et al., 2022).
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1.3 The role of regulatory agencies in nanoparticles (NPs) risk assessment

The creation and use of novel nanoparticles (NP) may lead to a wider gap in our understanding
of their exposure and potential hazards to the ecosystem. Laboratories and industries must
have information on human exposure to nanoparticles to define reliable safety regulations for
people working with them. Although attempts were made to develop corresponding
instructions, they are far from the ideal. The identification, risk analysis, risk impact, and
economic aspect of the relevant legislation documents are the four components that make up a
real risk assessment (https://cloudogre. com/risk-assessment/). For instance, the European
Food Safety Authority has carried out an environmental risk assessment
(https://www.efsa.europa.eu/en/topics/topic/environmental-risk-assessment) Regulation No.
1107/2009 has been used for this purpose. Different approaches have been used to account for
engineered nanoparticle hetero-aggregation in large-scale models for the fate and distribution
of nanoparticles in ecological systems (Dale et al., 2015). Chemical safety assessment in
Europe is regulated by a set of legal acts (Mech et al., 2019), among which the most valuable
is REACH regulation (EC 1906/2006) that mention the term “chemical substances”. Though
the term “substance” is not suitable for ENPs. Another, important information with ENPs is its
link with the individual components. In this context, “composition” (as also used in REACH)
cannot explain ENPs components and it should not be considered under the term “chemical
composition”, which is generally used with elemental analysis (Puzyn et al., 2010). Thus, to
address such misexplained definition, amendment was performed by REACH regulation (EC
No 1907/2006)22, which was enforced on 1 January 2020. These amendment introduced the
term “nanoforms” for ENPs that can distinguish nano structures of particle subtances that can
aslo be present as larger particles or structure i.e., ion. A nanoform is a natural or artificial
material that contains particles in an unbound state, as an aggregate or an agglomerate, and
where one or more of the particles' external dimensions fall between 1 and 100 nm for 50% or
more of the particles in the number size distribution. This includes, fullerenes, graphene flakes,
and single-wall carbon nanotubes with one or more external dimensions less than 1 nm.
(ECHA, 2019).

According to the Toxic Substances and Cancer Act (TSCA), to be classified as a specific kind
of "chemical substance,” ENPs need additional information about their chemical identity,
processing techniques, use cases, exposure conditions, and other items. In addition to being
beneficial to currently expanding regulatory frameworks, the data model for ENP
representation should be manageable. The descriptors generated based on the data model might
also be appropriate for TSCA and REACH compliance. With the introduction of REACH, in
silico models, such as the Quantitative Structure-Activity Relationships (Q)SAR approach,
were used for chemical safety assessments in order to reduce the need for animal testing and
to close knowledge gaps for a wide range of chemicals (EC 2008). When the in silico method
and information related to the regulatory aspect are carefully examined, it can be seen that
approximately 30% of REACH case studies used read-across and/or (Q)SAR models in lieu of
experimental evidence(ECHA 2014). In its “Guidance Document on the Validation” of
(Q)SAR models, the OECD offered a toolbox with five principles required to validate (Q)SARs
for chemicals should fulfill (OECD, 2007). A (Q)SAR model must have a defined endpoint, or
response value, a clear algorithmic form, a defined AD (domain of applicability), suitable
goodness-of-fit, robustness, and predictive ability measurements, as well as a mechanistic
interpretation, in order to be used for regulatory purposes. Compared with traditional
chemicals, hazard data, and effects sets for nanoparticles that support computational
approaches are still limited. Because there are insufficient data to explain the mode-of-action
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(MOA) or adverse outcome pathway (AOP) mechanisms for nanoparticles, it is difficult to
quantitatively correlate physicochemical descriptors to specific biological effects and fate
characteristics of nanoparticles (Klaine et al., 2008). Potential pathways through which
nanoparticles could have detrimental effects on health or the environment include oxidative
stress and the production of ROS (reactive oxygen species), inflammation, protein
denaturation, damage to membranes and DNA, disruption of energy transduction, loss of
immunity, upregulation of granuloma formation, damage to mitochondria, and release of toxic
constituents (Figure 1.3), which ultimately causes cell death.

Based on their reactivity and solubility, several chemistry-based predictive models have been
developed for nanoparticles (NPs). These models show promise in predicting toxicity.
However, in the field of NP toxicology, more robust advancements are required to overcome
the gap of knowledge and data. In this regard, computational methods can assist in focusing on
in vivo and in vitro fate testing and assessment schemes. Computational methods can also help
in analyzing and predicting the outcome of functional test and assays that are designed to
indicate specific MOA or extrinsic properties of NPs.
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1.4 Toxicity assessment of nanoparticles

Nanotoxicology is the study of the harmful effects of nanoparticles on living organisms. It
involves assessing the toxicity of these particles in vivo and in vitro, which is similar to the
methods used for other chemicals and drugs. Different models, including environmental
(Suhendraet et al., 2020), animal (Valic et al., 2020), in vitro (Kathawala et al., 2013), and in
silico (Oberlintner et al., 2021), are used to evaluate the potential effects of nanoparticles.
However, adapting conventional methods to assess nanotoxicity has led to accuracy and
confidence issues, as engineered nanoparticles can interfere with traditional methods.
Therefore, it is essential to have a good knowledge of their characteristics (Oberdorster et al.,
2010), such as composition, size, shape, dispersity, surface charge, surface functionality, and
protein corona formation. These characteristics affect a particle’s ability to cross biological
barriers and bring additional challenges, such as agglomeration or aggregation (Gatoo et al.,
2014). In vitro, nanoparticle toxicity assessment is an important method that is cost-effective,
faster and has minimal ethical concerns. It involves assessing different types of assays,
including proliferation, apoptosis, necrosis, oxidative stress, and DNA damage assays.

1.4.1. Conventional techniques for nanoparticle toxicity assessment
1.4.1.1 In vitro assessment methods

1.4.1.1.1 Proliferation assay

This assay used cellular metabolism through the assessment of metabolically active cells. The
tetrazolium salt, 3-(4,5-Dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide (MTT), was
used for in vitro toxicity assessment of nanoparticles (Sayes et al., 2007). This technique yields
quick and reproducible results requiring minimum manipulation of the model cells (Marshal et
al., 1995). The MTT assay measures the tetrazolium salt, and can lead to alteration as per the
change of culture media additives (Molinari et al., 2003), media pH (Jabbar et al., 1989),
ascorbate (Natarajan, 2000), and cholesterol (Abe et al., 1999). Thus, XTT or WST-1 assays
that produce soluble dyes are selected over the MTT assay. Further, the incorporation of [3H]
thymidine is mostly used in cases of cell proliferation though it was avoided due to high-cost
Hussain et al., 2002). The clonogenic assay was used for counting the proliferating cells
through visual inspection on nanoparticle exposure.

1.4.1.1.2 Apoptosis assay

Apoptosis is a significant indicator of nanoparticle toxicity in vitro. Apoptosis and DNA
damage (Ryter et al., 2007) are thought to be the result of excessive free radical generation.
Several studies reported the induction of apoptosis through nanoparticles. In study performed
by Ahamed et al., 2008 using silver nanoparticles showed apoptosis in the mouse embryonic
stem cells. In another study, the treatment of larval tissues of Drosophila melanogaster was
investigated with silver nanoparticles with concentration (50 and 100 pg/ml) for 24 hrs to 48
hrs. which resulted in the caspase-3 and caspase-9 (apoptosis marker), which indicate the
involvement apoptotic pathway due to Ag+ nanoparticle (Ahamed et al., 2010) in D.
melanogaster. The up-regulation of p38 protein expression and genes in D. melanogaster
species demonstrated that silver nanoparticles are dose and time-dependent. The cascade of
apoptosis pathway and cell death is a result of extensive DNA damage. The apoptosis can be
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detected using several assays including Annexin-V assay (Lee et al., 2007), Comet assay (Jin
et al., 2007), TdT-mediated dUTP-biotin nick end labeling (TUNEL) assay (Mo et al., 2005),
and morphological changes. The decrease of size of cells and DNA fragmentation are included
as indications of apoptosis. The use of gel electrophoresis can easily differentiate between
apoptotic and necrotic modes of cell damage. Toxicological assessment frequently uses
markers like propidium iodide (PI) and Annexin-V. The intensity of fluorescence is the
measurement used in this type of assay. The fluorescence indicates the leakage of the plasma
membrane induced by a caspase-dependent pathway that is caused by the binding of Annexin-
V binds to phosphatidylserine. The damage of the DNA is detected using Comet assay, here
the fragmented DNA migrates out of the cell upon the applied electric current. On the other
hand, undamaged DNA remains within the cell. The tail in the in the fluorescence detector
represents the damaged DNA whereas the head is the intact DNA. The extended tail is
correlated with the size and shape of the DNA damage and its distribution within the comet.

1.4.1.1.3 Necrosis assay

Necrosis is a method of measuring the viability of cells by assessing the integrity of the
membrane. It is done by observing the amount of dye (Neutral Red (2-amino-3 methyl-7-
dimethylaminophenazoniumchloride) (Monteiro-Riviere, 2005) and Trypan Blue (Huang et al.,
2004)) intake. Neutral Red is a weakly cationic supravital dye that produces a deep red color
at slightly acidic pH levels that can easily diffuse through the plasma membrane. This dye can
accumulate in the lysosomes where it binds with the matrix through electrostatic or
hydrophobic bonds. The changes (uptake or binding) in the Neutral Red indicate the exposure
to xenobiotics or nanoparticles (Nemes et al., 1979; Liillmann-Rauch, 1979) that decreases cell
viability. By assessing the change via binding with and uptaking the Neutral Red dye,
distinguishing between viable and dead cells is possible.

1.4.1.1.4 Oxidative stress assay

Exposure of nanoparticles to cells can cause ROS and RNS production. To detect this, the
conventional method uses the reaction of 2,2,6,6-tetramethylpiperidine (TEMP) with O, —
(stable radical), which can be identified using electron paramagnetic resonance (EPR) via X-
band. However, this method is often hindered by its high cost. An alternative approach that is
also cost-effective has come up in the form of fluorescent probe molecules (Gomes et al., 2005).
However, these probes can react with a variety of reactive species, leading to misleading results
sometimes (Kumar et al., 2017).

1.4.1.2 In vivo toxicity assessment methods

Animal models (mice and rats) are typically used to perform in vivo toxicity assessments. The
methods for assessing in vivo toxicity include examining biodistribution, clearance,
haematology, and histopathology. Various biodistribution studies are conducted to determine
the route of localization of nanoparticles to various tissues or organs. Radiolabels are used to
detect nanoparticles in live or killed animals (Kim et al., 2001). The clearance of nanoparticles
is assessed by examining their excretion and metabolism at different time points after exposure.
Investigating the similarity of nanoparticles with the cell activity of alive systems is an
attractive but difficult task. As it is not practical to experimentally test each nanomaterial's size,
type, and shape, experimentalists and in silico scientists must collaborate in search of common
terminology to pave the way for more predictive nanotoxicology.
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1.4.2. Computational techniques in nanoparticle toxicity assessment

Computational approaches are being adopted to bridge the gap between experimental and
nanotoxicology studies. With the huge amount of experimental data generated by modern
nanotechnology research, in silico approaches are becoming a preferred alternative to in vivo
and in vitro studies. This is because examining thousands of MeOx NP-based commercial
products through classical experiments would be expensive and risk animal sacrifice (Fourches
etal., 2010). Furthermore, the creation of strong computational experiments is more affordable
and often approved by international regulatory bodies, such as the US Environmental
Protection Agency (EPA), for the purpose of toxicity data gap mapping of MeOx nanoparticles
(NPs) lacking experimental data. However, the rapid increase in the quantity and heterogeneity
of literature data on nanoparticles is making it more difficult to efficiently screen data based on
their quality and completeness. As a result, creating trustworthy models that account for the
experimental setup is difficult. Another major issue is choosing the list of experimental
conditions that should be available in order to construct a model. Researchers frequently use in
silico approaches such as machine learning (ML) (Gajewicz et al., 2018; Fjodorova et al.,
2017), quantitative structure-activity relationship (QSAR) (Kar et al., 2014; Ojha et al., 2019;
Puzyn et al., 2011; Winkler et al., 2013), and read-across (Gajewicz et al., 2017; Lamon et al.,
2019) are among the tools that researchers commonly use to model the various toxicity
endpoint related to nanoparticles. Without a thorough understanding of the interaction
mechanisms, QSAR is anticipated to capture the complex relationships between the
macroscopic characteristics or activities of nanoparticles and their microscopic molecular
structures. However, since nanoparticles have special properties, properly characterizing
materials when studying their properties is difficult. Therefore, it is essential to choose a proper
approach to build a QSAR model related to nanoparticles because they often provide unique
useful properties.

1.5. In silico predictive modeling approaches

Since the introduction of computational technology in nanotoxicity assessment, various in
silico algorithms have been used to generate predictive models. These algorithms correlate
observed responses with structural and biological aspects of nanoparticles. Among these
approaches, classical Quantitative Structure-Activity Relationship (QSAR), read-across (RA)
predictions, and machine learning (ML) are the most common. The development of in silico
models involves data gathering, descriptor generation, modeling, model evaluation, and model
interpretation. These are general steps followed by all algorithms.

1.5.1. Quantitative structure-activity relationship (QSAR)

Quantitative Structure-Activity Relationship (QSAR) is a statistical method used to assess
nanoparticle toxicity. It involves creating a mathematical model that correlates molecular
properties (such as biological, physicochemical, or toxicological properties) with specific
aspects of nanoparticle chemistry. This is done using various quantitative parameters known as
descriptors (Roy et al., 2015), which can be obtained through computational or experimental
means. To create a QSAR model, a series of compounds with a known response are used. If
experimental data is not available, QSAR models can predict a compound's characteristics by
establishing a relationship between its structural properties and activity. In other words,
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molecular responses are determined by a set of structural features, which are represented by
molecular descriptors. This relationship is typically expressed using equation 1.1.

Molecular response = (activity/toxicity/property) = f (quantitative structural information or
properties) = f (Descriptors) (1.1)

1.5.1.1. Background, its brief history, and evolution of QSAR

It can be challenging to figure out the historical beginning of Quantitative Structure-Activity
Relationship (QSAR) since the fundamental idea has gone through significant changes from
1860 to the time of Hansch (Purcell etal., 1973; Rekker, 1992; Tute, 1990; van De Waterbeemd,
1992). In the past, researchers lack code to represent the chemical structure using quantitative
terms. However, the mathematical expression of the biological property was suggested to be of
great importance, even though they were unable to confirm this relationship using other
examples. During the 19th and 20th centuries, many theories related to the effects of narcotic
chemicals and narcosis emerged. Later, Meyer (Meyer, 1899) and Overton (Overton, 1899)
suggested that the depressant action of a group of organic compounds is correlated with their
oil/water partition coefficients (Lifnick, 1989; Lipnick, 1991).

L.P. Hammett in 1935 made a revolutionary contribution to the theoretical organic chemistry
domain by establishing a relationship between the chemical reactivity and structural features
of benzene derivatives using rate constant and electronic constant terminologies. The rate
constants in this case are kx and ku, and the equilibrium constants of substituted and
unsubstituted benzenes are Kx and Ku. The constant p is a constant, and ¢X is the Hammett
constant (Hammett, 1970), which provides electronic information as shown in the following
equations 1.2 and 1.3.

logKr_x —logKp_y = po (1.2)
logkr_x —logkg_y = po (1.3)

Hammett ‘c’ was defined by ionization constant terms, and p represents the reaction constant
which is specific for the reaction type. The “Hammett electronic constant” represented as “c”
was attempted by many reserchers in consecutive years to correlate the biological activity
(Hansen, 1962) with the Hammett electronic constant (c) as demonstrating a separate equation
(equation 1.4) (Hansen, 1962; Zahradnik, 1962; Zahradnik, 1962). By employing the LFER
technique, Taft introduced steric feature Es and allowed a separate assessment of polar, steric,
and resonance effects by performing acid- and base-catalyzed hydrolysis of aliphatic esters.
Corwin Hansch is considered the ‘Father of QSAR’ (Martin & Stouch, 2011) for his notable
contribution to the QSAR paradigm.

log t; — log T = af; (1.4)

Here, 1i and tg: resemble the biological property, “a” is a constant related to the biological
property, whereas“B;”” resembles the contribution of the substituent group X; Equation 1.4 is
the generalized representation of the unspecified biological activity terms.
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The modern QSAR is related to linear free energy relationship or LFER in general, and the
Hammett equation in specific. Hansch and Fujita (1964) published a research paper named “p-
o-m analysis. A method for correlating biological activity and chemical structure”, which was
an initial step of the modern QSAR that is still used (Hansch and Fujita, 1964). Hansch paid
attention to the effect of hydrophobicity and to its related substituent species towards the
response (y). Hansch developed an equation (similar to a Hammett equation) to show the
hydrophobicity of aromatic hydrocarbons by representing hydrophobicity as an additive
property of a molecule as shown in equation 1.5:

log (Pr—x /Pr-n) = Ty (1.5)

where “mx” denotes the partition coefficient of the substituent “X” of a substituted aromatic
hydrocarbon. This was followed by combining Hammett’s electronic constant (c) and the
hydrophobicity measure (r) into a single equation by Fujita and Hansch. Fujita identified that
the free energy variables, e.g., m, logP, o, etc. can be combined into a single equation to
represent biological activity by implementing a logarithmic transformation of the concentration
term to keep the LFER formalism. The proposed multiparametric model has been given in the
following equation 1.16 —

log1/C =am+bo+ -+ constant (1.6)

The famous Free-Wilson approach (Free & Wilson, 1964) mathematically correlates the
biological activity of a congeneric series of chemicals with the common contribution of the
parent moiety plus the contribution of each structural substituent. Equation 1.7 presents the
Free-Wilson model where BA is the biological activity assumed to comprise the average parent
moiety contribution p and the contribution of each substituent a;. Here, x; is a Boolean variable
denoting the presence (=1) or absence (=0) of a specific structural fragment.

BA=Ya;x;+u (1.7)

Fuyjita and Ban (1971) considered a log-transformed response and provided a modified version
of this equation to overcome its shortcomings (Equation. 1.8).

logBA=YGix; +pu (1.8)

Here, “p” denotes the contribution of the “parent moiety”, “Gj» represents the contribution of
“chemical fragments” and “x;» represents the “presence/ absence of Gi.

In 1973, C. Hansch and S. Unger defined good practice in QSAR, comprising five criteria that
must be considered before selecting a “best equation”. The five criteria were as follows, 1)
selection of independent variables considering the widest possible number of variables; ii)
justification of the choice of independent variables by statistical procedures; iii) the principle
of parsimony, i.e., all things being equal, one accepts the simplest model; iv) at least five to six
data points per variable should be present to avoid chance correlations; v) try to find a
qualitative model of physicochemical or biochemical significance, etc.
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1.5.1.2. Objectives of QSAR

The principle objectives of QSAR are:

1. Prediction of new compounds with better activity.

2. Better understanding of the modes of action.

3. Lead compound optimization with decreased toxicity and better properties (Tong et al., 2005).
4. Reduction of the expensive experimental cost, time, and manpower by introducing effective
compounds through reduced exhaustive methods.

To achieve the objectives mentioned earlier, a detailed knowledge of the following aspects is
necessary:

1. The mode of action of the molecules must be understood.

2. Various factors that control the experimental conditions of the molecules must be considered.
3. A thorough examination of molecular structures and their properties is required.
Quantitative structure-activity relationship (QSAR) is an interdisciplinary study of chemistry,
biology, and statistics. By predicting the essential structural requirements necessary to obtain a
molecule with optimized activity, toxicity, or property, QSAR analysis provides a good platform
for synthesizing a relatively smaller number of chemicals with improved
activity/toxicity/property of interest.

The key objective of QSAR analysis is the development of a mathematical relationship between
the response and chemical features of a series of compounds. Hence, mathematically for a series
of compounds, this is about developing a correlation between a Y and several X variables where
Y is the dependent variable remaining on the left side of the equation and the X variables are
independent entities and a QSAR relationship can be simply stated as follows in Equation 1.9

Y =ag+a;x; +ax, +azxs+ -+ apx, (1.9)

The response or the Y variable is also termed an ‘endpoint’ while the X features are predictor
variables, and a QSAR relationship can be simply stated as follows in Equation 1.9. ‘Y’ is the
response variable (independent) being modeled for a set of n number of compounds with the
predictor variables x1, X2, ..., Xn, €tc. possessing coefficient values ai, a, ,..., an, respectively,
and ao is the constant term. With the values of Y and x variables known, the coefficients (ai,
a,..., an) along with the constant (ao) can be easily solved by giving an explicit mathematical
equation correlating biological activity or toxicity or physicochemical properties of compounds
with their chemical features.

1.5.1.3. Classification of QSAR

1.5.1.3.1 Based on dimensionality

QSAR models can be classified into different classes based on the descriptor complexity. They
are (i) 0D-QSAR, (ii)) 1D-QSAR, (iii)) 2D-QSAR, (iv) 3D-QSAR, (v) 4D-QSAR, (vi) 5D

QSAR, and (vii) 6D-QSAR and (viii) 7D-QSAR. Table 1.1 gives examples of descriptors
based on their dimensions.
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Table 1.1. Classification of descriptors based on their dimensionality.

Dimensionality Interpretation References
(Todeschini
and
1D Sub-structural fragments .
Consonni,
2009)
Structural patterns, i.e., the (Todesghlm
2D topology of the molecules and
(without 3D representation) Consonni,
2009)
These representations are
produced by first providing the (Guner,
molecules' static three- 2005;
dimensional structures as input. Todeschini
3D .
Numerous geometrical and and
spatial characteristics are Consonni,
considered. 2009)
4D “ensemble of onfigurations,  (Hopfnger e
' al., 1997)
As 4D-QSAR combined with (Vedani and
5D explicit models representing Dobler,
various induced-fit scenarios. 2002)
As 5D-QSAR combined with the
6D simultaneous analysis of several (Vedani et
solvation models. al., 2005)
Such analysis comprises of real (Polanski,
7D receptor or target-based receptor 2009)

model data.

1.5.1.3.2 Based on chemometric methods

QSAR methods are divided into two categories: linear and non-linear, based on the type of
chemometric techniques used. Linear techniques include stepwise multiple linear regression
(S-MLR), principal component analysis (PCA), partial least-squares (PLS), and genetic
function approximation (GFA). However, PLS and GFA can also be used in developing non-
linear models. Furthermore, the chemometric field has introduced various predictive modeling
techniques, such as non-linear regression and algorithmic techniques like k-nearest neighbors
(kNN), support vector machine (SVM), artificial neural networks (ANN), and Bayesian neural
nets (BNN) (Roy and Mitra, 2011), among others.
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1.5.1.4 OECD Guidelines and QSAR modelling

QSAR is a highly interdisciplinary field that involves the use of chemistry, biology, and
statistics. It is a effective method for establishing mathematical relationships among the
structural and chemical features of a molecule with its biological properties. The field provides
a great platform for predicting the essential structural requirements necessary for optimizing
the activity, toxicity, and other properties of interest. This helps in the synthesis of a smaller
number of chemicals with vastly improved properties. To achieve these objectives, certain
principles are adopted by the Organization for Economic Co-operation and Development
(OECD) http://www.oecd.org/ data oecd /33/37/37849783. pdf .

The guidelines are as follows:

OECD principle 1 (A defined endpoint)- This principle commands transparency to be
maintained during the selection of endpoint data for modeling. The QSAR models are
anticipated to be created with homogeneous datasets made up of response data generated by a
single protocol or assay.

OECD principle 2 (An unambiguous algorithm)- When creating predictive QSAR models, this
principle lays out a clear methodology to follow. This includes the features selection process,
dataset partitioning, and pre-treatment methodology. Therefore, the goal of this guideline is to
increase transparency in the model-building process, making it both repeatable for other people
and explicative for reaching endpoint estimates.

OECD principle 3 (A defined domain of applicability).- This third OECD principle emphasizes
the significance of the chemical/reaction domain of applicability. Every QSAR model created
with a given combination of chemicals has a unique theoretical domain that yields a trustworthy
prediction within that domain.

OECD principle 4 (Appropriate measure of goodness-of-fit, robustness, and predictivity)-
Knowing the statistical judgment of a model's predictability and stability is possible thanks to
the fourth OECD principle. Using a training set, the internal model performance is measured
by fitness and robustness measures, and external predictivity is measured using test sets. This
offers an appropriate equilibrium between the extreme scenarios, specifically overfitting and
underfitting of the prediction based on the model.Division of the dataset into training and test
sets is one of the principal strategies to determine the internal stability and external predictivity
of a developed QSAR model. In simpler terms, all such validation exercise is meant to verify
the closeness of a prediction/ estimation by a model with respect to its experimental
observation.

OECD principle 5 (A mechanistic interpretation, if possible)- The goal of the fifth OECD
principle is to support a sound mechanistic foundation for the response that is being modeled.
Only the intended analogs can be designed and developed with the help of precise knowledge
about the mechanisms of action of chemicals toward a process. When proving mechanistic
information toward a modeled endpoint, molecular descriptors are essential.

A graphical workflow and an explanation of some of the main points of a standard QSAR
modeling approach that adheres to the OECD protocol are provided in the following Figure
1.4.
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Fig 1.4 QSAR modeling approach according to OECD guidelines / principles

1.5.1.5 QSAR methodology

Developing a Predictive QSAR model involves a series of crucial and well-defined steps. These
steps include data preparation, analysis, validation, and interpretation. It is important to note
that 'data’ refers to both the response and predictor variables. Careful handling of the data is
crucial for the success of QSAR modeling. Mathematics provides an abstract platform to
establish a quantitative correlation between these variables. Therefore, it is our responsibility
to ensure that the preparation and analysis of chemical data are meticulous to avoid any loss of
essential chemical attributes. With our expertise and attention to detail, we can confidently
deliver accurate and reliable QSAR models. To provide further clarity, a brief discussion of
each step of QSAR modeling is presented below.

1.5.1.5.1 Data preparation and descriptor calculation

This component comprises the preparation of the QSAR data matrix composed of response
and predictor variables.

1. In order to develop QSAR models, the inputs required are chemical structures and
corresponding activity/property data which can be confidently obtained from databases
or scientific literature. The biological/ toxicological/ physicochemical response is then
subjected to conversion into a molar unit followed by logarithmic transformation
maintaining data uniformity. The mistake in experimentation itself cannot be avided
buy a QSAR modelers.

e
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2. With an accurate characterization of the molecular structure, a relation can be
established between the molecular structure information and the property with a
significant correlation. Hence, molecular descriptors are the core element of any QSAR
or in silico models.

The current descriptors for nanoparticles are limited in their ability to accurately model the
complex structure and interactions of nanoparticles. While experimental descriptors extracted
from transmission electron microscopy (TEM) and spectral analysis have been used for model
development, they are subject to variations in laboratory conditions and require standard
references (Roy and Roy, 2023). Additionally, empirical descriptors such as quantum or
molecular dynamics (MD) simulation descriptors are limited in their applicability due to high
computational resources and commercial software expertise.

1.5.1.5.2 Currently available nano-toxicity descriptors
e Nano descriptors derived from using quantum-chemical calculations

Several QSAR models were developed by different groups of authors using quantum-chemical
calculations. For example, QSAR models were reported to describe the cytotoxicity of 17 metal
oxide NPs to the bacteria E. coli. (Puzyn et al., 2011) Zhou et al. (2017) modeled metal oxide
NPs to E. coli employing DFT-derived (B3LYP method) quantum-chemical descriptors to
reveal the significance of LUMO (lowest unoccupied molecular orbital) energy and Cp (molar
heat capacity) properties for the developed models. Numerous software tools, both commercial
and open-source, like Gaussian and VASP (Vienna Ab initio Simulation Package) offer
semiempirical and/or ab initio methods that offer insights into the geometric and electronic
properties of NMs. Most of the studies used quantum chemical-based descriptors to explore
the toxic features of the nanostructures for which a certain quantum-chemical background is
essential to perform the calculation and they are quite computationally demanding. The ab
initio-based descriptor calculation is desired to explore the influence of the electronic
properties of NMs.

e Nano descriptors derived from experimental properties

Nanostructure properties can also be obtained from the whole nanoparticle information
including the diameter, surface area, constitutional properties, number of atoms, number of
metal atoms, number of surface atoms, etc., or through energy-related properties such as
potential energy of surface atoms and atoms in the metal, descriptors for any surface coatings,
zeta potential, aqueous solubility, etc. Therefore, to explore new ways that can represent
nanomaterial data, image-based descriptors (TEM and structural representation) were used that
can be easily applied in neural network modeling. Further, image-based descriptors derived
from images of nanoparticles, such as sphericity, allow testing of the established image
processing methods and applying them to experimental micrographs Very recently, Varsou et
al. (2020) developed the NanoXtract tool (automated online tool) for the extraction of NP image
descriptors derived from TEM images and described how these image descriptors could be
used to predict the NP zeta potential. A similar image-processing approach was performed by
Odziomek et al. (2017) to calculate geometric descriptors. Further, Mac Fhionnlaoich and
Guldin (Mac Fhionnlaoich and S.Guldin, 2020) used entropy information for the
characterization of NPs (nanoparticles), thus providing a better estimation of NP properties'
distribution. Experimental results are also used to derive thermodynamic descriptors that

e
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characterize the enthalpy of the formation of metal oxides and metal atoms, the enthalpy and
Gibbs energy difference between the neutral/cation and neutral/anion, and the heat capacities.

e Nano descriptors derived from 1D text representation

Selecting suitable descriptors to explain the toxicity of nanomaterials remains challenging.
Simplified molecular input-line entry system (SMILES) based descriptors have also gained
momentum in nano-QSAR modeling but after some critical analysis, SMILES-based
descriptors were found to bear certain drawbacks for describing endpoints of limited NPs
(Blekos, 2023) SMILES-based optimal descriptors were used by Toropov et al. (2012) to
develop QSAR models employing web-based CORAL software (http://www.insilico.eu/coral).
In 2010, (Fourches et al., 2010) SMILES-based nano descriptors were calculated for 109
fluorescent magnetic NPs. Further, a novel sequence of symbols was also generated based on
the SMILES descriptors in the extended form. They include information encoding molecular
structure, experimental conditions, and physiochemical properties. These string characters are
then merged to generate quasi-SMILES descriptors through Monte Carlo optimization in the
CORAL (CORrelations and Logic), software package (Leone et al., 2018)

e Nano descriptors derived from liquid drop model (LDM), and metal-ligand
binding (MLB) theory

The liquid drop model (LDM)-based descriptor calculation method is an innovative approach
that incorporates physics to understand the interaction of NPs with biological systems.
Sizochenko etal. (2014) computed different fragmental simplex descriptors, along with various
ligand—metal binding characteristics of NPs, to reflect the molecular structure. With this
representation, any molecule can be viewed as a system consisting of various fixed
compositions and topology fragments. The characteristics of a single metal ion were described
through the theory of metal-ligand binding (MLB). The LDM model portrays nanoparticles as
spherical clusters or aggregates in a solution, with densely packed constituent particles,
resulting in a density equal to the mass density. LDM depicts important features such as surface
area and surface-to-volume ratio in a simplified manner.

e Nano descriptors from full nanostructures

Several nanoparticle descriptor calculation methods have been developed but most of them
only consider particles that are of a single size, uncoated, and spherical in shape. This limitation
has prompted the development of more advanced methods that can calculate virtual
nanostructures by taking into account core materials, shape, size, chemical structure, and the
number of ligands (Yan et al., 2020). One such method is the PubVINAS database which
offers a Python-based program for calculating virtual nanostructures. However, this calculation
method requires extensive resources and may involve commercial platforms or software for
calculations.

e Nano descriptors from MD (molecular dynamics) simulation

Descriptors derived from MD (molecular dynamics) simulation are based on complete
nanostructures. These nano descriptors have the potential to derive interaction between NMs
with water or with other biological media or the so-called “nano-bio” interface (Nel et al.,
2009). MD simulation does not specifically consider electrons and therefore chemical
reactivity or excited states cannot be identified. They can easily investigate non-covalent
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interactions like electrostatic and van der Waals forces. These descriptors primarily yield the
following features: ligand-water hydrogen bonds, solvent-accessible surface area, NM—solvent
interaction energy, and NM—protein interactions.

e Nano descriptors from the periodic table (PT)

Simple periodic table-based descriptors have been successfully used as alternatives to
quantum-chemical descriptors to model various endpoints of NPs (Kar et al., 2014). The
introduction of periodic table descriptors in the study of NP toxicity has made the modeling
challenges easier (Fig. 3). These can be easily calculated from the periodic table without expert
knowledge and are effective enough to produce similar or better results than quantum chemical
descriptor-based models. Periodic table-based descriptors (simple molecular descriptors) have
been a promising tool for modeling the toxicity of metal oxide nanoparticles (MeOx NPs) with
high statistical quality as well as interpretability. Basic properties such as electronegativity and
the metal cation's charge associated with a particular oxide (yox) can be quickly and easily
calculated using the periodic table. It is noteworthy that these fundamental characteristics
remain constant across the entire size range of NPs, negating a common issue whereby NPs'
physical attributes change with size range. Modeling studies of the properties and toxicity of
nanomaterials have been reported (Li et al., 2022; Basant et al., 2017; Wyrzykowska et al.,
2016) but not in the context of periodic table-based descriptors. Table 1.2. and Figure 1.6
shows the description of the descriptors generation-wise. Figure 1.5 shows the various
applications of PT descriptor.

i ;ﬂﬂﬂﬂﬂ
— ‘ Melting point
L Nanomegicine,
. Nang Pesticides
jl \ Cationic charge /
Sources of MeOx Applications of PT Mechanistic interpretation

NPs descriptors

Figure 1.5 Application of PT descriptors
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1.5.1.5.2.1 Software supporting the calculation of PT descriptors

Most of the descriptors mentioned above can be calculated with simple formulas without the
need for any software. Simple descriptors for metals and semimetals can be obtained from the
Elemental Descriptor Calculator software present in the DTC lab software tool website
(http://teqip.jdvu.ac.in/QSAR_Tools ). This software calculates a total of 31 descriptors
connected to the metal, semimetal, and nonmetals obtained from the periodic table. It computes
descriptors for elements having atomic numbers less than 103. Elements with the least
ionization potential energy of the corresponding class (metal/nonmetal/semimetal) are
considered for respective descriptor calculation. The calculated periodic table-based
descriptors could be applied alone or in combination with other simple descriptors for mixture
modeling.

Table 1.2. Description of the descriptors generation-wise.

No. Mathematical expression Description

1'' generation descriptors

1 D1 Metals Total number of metals

2 D2 SemiMetal Total number of semi-metals

3 D3 HeteroNonMetals Total number of heteroatoms that are not
metallic (N, O, F, P, S, CI, Se, Br, I, At),
omitting hydrogen.

4 Metals SumIP Ionization potential energy of all the
metals added together (kJ/mol).

5 SemiMetals SumIP Ionization potential energy of semi-metals
added together (kJ/mol).

6 Electrons ActiveM Number of electrons in an active metal.

7 AtWt_ActiveM Atomic wt. of active metal.

8 MassNo_ActiveM Mass quantity of the metal in action.

9 Neutons ActiveM Number of neutrons of active metal.

10 IP_ActivM Ionization potential energy (kJ/mol) of
active metal.

11 X _ActivM The active metal's electronegativity.

12 VWR_ActivM van der Waal radius of the metal in use.

13 Electrons Activ.SM No. of electrons of active metalloid/semi-
metal.

14 AtWt_Activ.SM Atomic wt. of active metalloid/semi-
metal.

15 MassNo Activ. SM Mass no. of active metalloid/semi-metal.

16 Neutons Activ.SM The quantity of neutrons in an active
metalloid or semi-metal

17 IP_Activ.SM Ionization potential energy of active
metalloid/semi-metal

18 X Activ_SM Electronegativity of active
metalloid/semi-metal

19 VWR_ Activ.SM van der Waals radius of active

metalloid/semi-metal
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34
35
36
37
38
39
40
41
42
43

44

Electrons Activ. NM

AtWt Activ. NM
MassNo_Activ. NM
Neutons_Activ. NM
IP_Activ. NM

X Activ. NM
VWR_Activ. NM
SuM Active M_SM

SuMElectrons_Active M_SM
SuMAtWt Active M_SM
SuMMassNo Active M_SM
SuMNeutons_Active M_SM

xOx
N oxygen

Molar volume
Atomic rad
electronegativity
Thermal conductivity
Melting point
Electron affinity
Density

Mol wt

Cationic charge

2X
Yx/no

The quantity of electrons in an active non-
metal.

Atomic wt. of active non-metal

Number of mass of active non-metal
Total neutrons in an active non-metallic.
Ionization potential energy of active non-
metal

Electronegativity of active non-metal

van der Waals radius of active non-metal
Summation of the number of metals and
semi-metal

Summation of electrons of active metal
and semi-metal

Summation of At. wt of active metal and
semi-meta

Summation of mass no. of active metal
and semi-metal

Summation of neutrons of active metal
and semi-metal

Oxidation number

Several oxygen atoms are present in the
metal oxide.

Atomic radius

Molecular weight

Total electronegativityof the metal in
particular Meox.

Total electronegativity of metal in specific
Meox relative to several oxygen.
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Figure 1.6 2" generation descriptors

1.5.1.5.3 Dataset division

The dataset is split into two sections, the training set and the test set, in order to assess the
predictive model's performance. This division is based on particle similarity. The model
development is undertaken using the training set, while the test set is kept separate for external
predictivity assessment. The internal predictivity of the model, i.e., its predictive performance
on the training set, is also evaluated. Generally, the number of compounds assigned to the
training set is higher than that of the test set. As part of the dataset partitioning process, it is
necessary to ensure that the compounds in the test set and the training set share the same
chemical space. By doing this, the training set's representativeness over the test set is
guaranteed. Various methods may be employed for dataset division, including: a) treatment of
the predictor variables, b) treatment of the response variable, and c¢) random selection. There
is no fixed rule for determining the ratio of training and test set compounds in a dataset.
Nonetheless, it is usually advised to retain between 70 and 80 percent of the data in the training
set and 20 to 30 percent in the test set for any dataset that contains more than 50 data points
(Roy et al., 2008). The ratio of training and test sets should be selected based on the "Bias-
variance dilemma," as discussed by Almaliki (2018) and Kononenko and Kukar (2007).

20



Chapter 1 Introduction

To divide compounds based on their predictor variables, the first approach is to group them by
chemical similarity determined through descriptor matrix operations. From each group, a user-
defined fraction of compounds is assigned to the training and test sets. Several techniques can
be employed to divide chemicals into groups, such as k-means clustering, the Kennard Stone
algorithm, the sphere exclusion principle, principal component analysis (PCA) based selection,
Kohonen's self-organizing map, statistical molecular design, Extrapolation-oriented test set
selection, and more. In the response variable-based division approach, compounds are
categorized as diverse based on their biological, physicochemical, or toxicological response
values. This method involves sorting the entire data matrix using the response column and
selecting a predetermined fraction of compounds for the training and test sets from different
zones, with a specific pattern such as every fourth compound. On the other hand, in the random
division approach, the compounds are randomly assigned to the training and test sets based on
a user-defined fraction.

1.5.1.5.4 Feature selection

Feature selection is the process of identifying important predictor variables that are strongly
associated with the response variable. Software programs frequently produce hundreds or
thousands of molecular descriptors; however, only a small number of these have a strong
correlation with the activity. Hence, it is imperative to use appropriate feature selection tools
to identify these critical variables. It is noteworthy that a large number of the descriptors exhibit
intercorrelation, a factor that adversely impacts multiple facets of QSAR analysis. A higher
number of compounds than descriptors is needed for some statistical method. Various
chemometric tools are employed to select potential variables that correlate with endpoint data
from the entire descriptor matrix. Then, the selected variables undergo appropriate statistical
operations to develop the final model. Some feature selection tools used in chemometric
modeling studies include stepwise variable selection, genetic algorithm, best subset selection,
variable subset selection, and factor analysis.

1.5.1.5.5 Model development

Regression-based or classification-based modeling approaches can be used to develop QSAR
models. These days, the most popular method is machine learning algorithms based on artificial
intelligence. While models based on classification use discrete data with binary responses,
models based on regression use continuous data. Common regression-based modeling
approaches include MLR (multiple linear regression), PLS (partial least squares) PCR
(principle component regression), and Ridge Regression, while common classification-based
modeling approaches include LDA (linear discriminant analysis) and logistic regression.
During the model development step, the best-selected features are combined in a single
equation using an explicit formalism. Stepwise-MLR (stepwise multiple linear regression),
GFA-MLR (genetic function approximation- multiple linear regression), G/PLS (genetic PLS),
PLS-DA (PLS followed by discriminant analysis), and other similar techniques are all preceded
by a feature selection step.

1.5.1.5.6 Validation protocols

After developing a predictive model, it is important to determine its statistical reliability. In
addition to developing models, the goal of QSAR analysis is to use them to forecast the
behavior of novel or untested chemicals. Therefore, it is necessary to ensure the stability and
predictivity of the model. Various statistical metrics such as R?, RZ, ;, are computed to evaluate
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the model's fitness, QFoo, 7 (L00) internal stability, and Q71,777 (espyexternal predictivity. If the
computed values are above the threshold limits, then the model can be considered acceptable,
while external predictivity refers to the judgment on test set prediction. Validation of
discriminant model parameters, such as sensitivity, specificity, accuracy, precision, F-value,
and receiver operating characteristic (ROC) analysis, can be done. Major regression and
classification validation metrics are listed in Tables 1.3 and 1.4 respectively. Each QSAR
model must meet the requirements of the OECD principle 4 in terms of robustness, predictivity,
and goodness-of-fit in order to be considered adequate (OECD, 2014).

1.5.1.5.7 Model interpretation

Once a QSAR (Quantitative Structure-Activity Relationship) model is developed and its
acceptability is verified through various metrics, the final step is to ensure that the modeled
features have mechanistic interpretability. This means establishing a strong connection between
the chemistry of the compounds and their biological/toxicological action or physicochemical
properties. This understanding is essential for comprehending the mechanism of action
involved. By combining the experimental results and observations from the model, each step
of the process of behavioral manifestation of chemicals can be explicitly explained. Such
knowledge is valuable in designing and developing potent analogs.
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Table 1.3. Regression-based validation metrics

Metrics

Formula

Description

RZ

2
Ry 4j

Q*(Q’Lo0)

RMSE,

Z(Yobs - Ycals)z

RZ=1- —
Z(Yobs - Ytrammg)2

_ 2y _
Rjd,:{(n 1) XR*}—p

n—p-1

_ Z(Yobs(Train) - Ypred(Train))2

Q=1

Z(Yobs(Train) - Ytramlng)2

Z (Yobs (train) — Ycalc(train)) z

RMSE, =

Ntrain

A regression model's goodness-of-fit is verified by the determination
coefficient. It calculates the difference between the observed and
predicted data. One is the maximum value of R2, signifying a perfect
correlation. Here, Y,»s represents observed response, Yeu. is fitted
response, Yirqiming denotes mean of the observed responses of the
training set.

The adjusted determination coefficient or explained variance or
adjusted R? (R’44) is a measure of goodness of fit. It is the modified
version of the determination coefficient. It incorporates the
information of number of samples and independent varibales. “n”
stands number of data points and p is the number of descriptor.
Whereas R’ is the determination coefficient.

One indicator of the robustness of internal validation is the cross-
validated correlation coefficient. Typically, leave-one-out (LOO)
cross-validation is used to predict a single data point by removing it
from the training set and using the model that was created using the
remaining molecules. Here, Y,usain) Stands for training set observed
response, Yjrediraing denotes training set predicted response and
Yiraining mean of the observed responses of the training set.

The internal validation metric for the model's prediction error in the
training set is represented by the root mean square error of calibration.
The computed value of should ideally be less. In equation, Yopsgrain)
represents observed response of training set, Yeaic(rain) Stands for fitted
response and Ny«in 1s the number of training data points.
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2
Qr1

2
Qr2

ccc

RMSE,

Z(Yobs(test) - Ypred(test))2

03 =1- predlinsy
Z (Yobs(test) - Ytrammg)

_ Z(Yobs(test) - Ypred(test))2
Z(Yobs(test) - Ytest)z

Qf, =1

coc = 23 (i =0y — )

Yici (g =02+ X, (v — y)2 +n(x —y)

Z (Yobs(test) - Ypred(test))2

RMSE, =
Ntest

O°r1 judge the external correlation coefficient of the predictability of
the model. It shows the correlation between the observed and
predicted data of test set. The Y,pspesy) denotes observed response of
the test set, Yyredqesy 1s predicted response of the test set and Vi qining
denotes mean of the observed responses of the training set.

This metric employed to predict or judge the external correlation
coefficient which also evaluates the external predictability of the
model. The number of training set compounds determines the value.
Here, Yonsesy represents test set observed response, Ypredesy 1S the
predicted response and Y., stands for mean of the observed
responses of the test set.

CCC is the concordance correlation coefficient. CCC measures the
precision and accuracy. x; shows observed response of i test
compound, y; represents the fitted response of i test
compound,whereas, X gives information of the mean of observed
response value of test compounds and y is the mean of predicted
response data of test compounds.

Root mean square error of prediction shows the external validation
and measures the prediction error in the validation set. Here, Yonsesy
represents the test set observed response, Ypredpesy) represents fitted
response, and 74, denotes the number of test data points.
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Table 1.4 classification-based validation metrics

Sl. Metrics Formula
. Il . — TP
1. Sensitivity (%) Sensiivity = rp T py
2. Specificity (% TN
pecificity (%) Specificity = ———
TN + FP
3. Precision (%) . TP
Precision = ——
TP +FP
TP +TN
4. Accuracy (%) Accuracy =

TP+ FN+TN+ FP

2
— 0, —
5. F-measure (%) (harmonic mean of recall) F —measure(%) = 1 1
Precision = Sensitivity
G —means = \/Specificity X Sensitivity
6. G-means (geometric mean)

(TP + TN)
(TP + FP + TN + FN)

Pr(a) =
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{(TP + FP) x (TP + FN)} + {(TN + FP) x (TN + FN)}

P =

() (TP + FN + FP + TN)?

Cohen’s kappa (k)
P.(a) — B-(e
Cohen’S K — M
1—-PF.(e)

(TP XTN) — (FP X FN)

Matthews correlation coefficient (MCC) MCC =

J(TP + FP) x (TP + FN) x (TN + FP) x (TN + FN)
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1.5.2. Read -across (RA) predictions

The European Chemicals Agency (ECHA) has defined read-across (RA) as a technique to
predict information about a substance's properties. This is done by using data from similar
substances. RA is based on the principle that similar substances should have similar properties.
It works like a local QSAR model, where chemically or biologically similar substances are
used to predict the properties of a target substance. The read-across data gap filling techniques
include four different approaches: one-to-one, one-to-many, many-to-one, and many-to-many
(Oomen et al., 2015). However, two different analogues may have different toxicity patterns,
increasing the chance of false predictions. The category approach is a more robust prediction
technique that uses a large number of analogs to identify trends within categories and forecast
the toxicity of unidentified analogs. Both qualitative and quantitative data can be used with
read-across.

1.5.3. Machine learning (ML)

This section introduces all ensemble learning models. ML is a subset of Al (Artificial
Intelligence), where the machine learns from data, improves the performance from past
experiences, and makes a prediction based on it (Marcilio et al., 2020). In the supervised
learning approach, a model is trained on labeled datasets. Regression analysis algorithms are
trained and learned from both input features and output labels. Regression analysis seeks a
mapping function from the input features for a continuous output function. Machine Learning
(ML) approaches can be classified into unsupervised learning and supervised learning. In the
supervised learning approach, a model is trained on labeled datasets. Regression analysis
algorithms are trained and learned from both input features and output labels. Regression
analysis seeks a mapping function from the input features for a continuous output function. A
set of QSAR descriptors is used to train the algorithm and extract information in unsupervised
learning. When using descriptive modeling techniques, it helps to identify significant data
features without requiring the use of dependent variables (Y variables).

1.5.3.1 RF (random forest)

Ensemble learner, RF (random forest) is often used for its flexibility. Whether it is regression
or classification, RF is a versatile learning method that can handle both. It works by building
several “decision trees” in the training phase and generates average forecasts of various
decision trees involved. In other words, it combines the results of different decision trees to
make the best possible decision. Though the goal variable in classification—based issues is
categorical, numerical values are present in regression. One advantage of RF is its capacity to
analyze large datasets with greater efficiency. It can be regarded as a dimensionality reduction
method since it analyzes large input data and finds all the important variables. While handling
RF datasets, the model emphasizes the importance of parameters, which are considered to be
highly helpful aspects (El Naqa et al., 2015).

1.5.3.2 AdaBoost (Adaptive Boosting)

Adaboost is one of the best-boosting algorithms. It uses an ensemble learning method. This
approach of machine learning is based on the idea of creating accurate prediction rules by
combining many relatively weaker and inaccurate rules and assisting in alleviating overfitting
issues. It is possible to make a smarter learner by altering the training data intelligently and
constructing many sub-models. During the training phase, an infinite number of decision trees
are included. In the process of building the first decision tree, inaccurate data are indicated
within the main model.
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The same data are used as input for different models. Until a predetermined number of base
learners are produced, this process is repeated. It uses a weighted average relying on the subsets
to determine whether it should be included in the finalized model. In reality, some data may
include something linear, and others may not. Therefore, utilizing the ensemble AdaBoost
allows us to capture the nonlinear predictions and make a precision prediction for such data
(Russell, 2010).

1.5.3.3 Gradient Boost (GB)

In 2002, Friedman (2002) suggested an ensemble learning algorithm for both regression and
classification. GB method is associated with each repeat of the randomly chosen training data
set with the fundamental model. The overfitting is exhibited by randomly subsampling the
training set data; by doing so, the execution time and model accuracy are also improved. Since
every repetition of the model must include small data (as a training set) the regression becomes
quicker. Other parameters that must be modified or changed in the GB approach are the
shrinkage aspect, also known as the learning rate, which should not be kept too high, and n-
trees, which should not be retained too little (Breiman, 2001).

1.5.3.4 Extreme Gradient Boost (XGBoost)

In a similar manner as described (Freund, 1997), for effective and scalable implementation
performance, XGBoost, an ensemble machine learning algorithm based on tree boosting,
employs a gradient-boosting framework. With the use of multiple models for gradient
enhancement, ensemble learning employs multiple predictions and produces results with good
adjustments for continuous variables and outliers. It is an efficient tool for dealing with both
regression and classification problems. The basic idea is to build “N” regression trees to train
each subsequent tree using the residual from the previous tree. Models are built recursively
until there is no improvement in the results obtained. The new models predict the residuals of
the prior model and then collectively provide the final predictions (Saadat et al., 2022). The
gradient descent algorithm is used to minimize the loss while adding new models. Then, these
individual predictors or classifications are ensemble to give more strong and more precise
predictions. Tuning can be done using the grid search method. The workflow of the ML
algorithm is represented in Figure 1.7.
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Figure 1.7 Workflow of the ML algorithm.

1.6. Application of in silico modeling approaches for nanoparticle toxicity assessment

Scientists worldwide are researching nanoparticle risk assessment using in silico techniques
such as QSAR and machine learning. They aim to create accurate prediction models and
reliable guidelines. Selected case studies are mentioned here. In their study, Puzyn et al. (2011)
used all available quantum-chemical descriptors to characterize the cytotoxicity of 17 metal
oxide NPs (MONPs) to the bacterium E. coli. They found that the enthalpy of formation of a
gaseous cation, one of the features, was able to predict 86% of the correlation with the
cytotoxicity. By employing periodic table-based descriptors to conduct the same work, Kar et
al. (2014) postulated that the primary cause of oxidative stress in E. coli is still the release of
electrons, which starts the formation of ROS. The enthalpy of formation of a gaseous cation
(AHme+) and polarization force (Z/r) are good candidates to explain the cytotoxicity to E. coll,
according to Mu et al. (2016), who also performed QSAR modeling using the same dataset.
Consequently, Basant and Gupta (2017) employed a random forest (RF) classification model
to describe the cytotoxicity using enthalpy of formation of a gaseous cation and oxygen in
weight percentage as descriptors. Additionally, utilizing molar refractivity, polar surface area,
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and oxygen percent, Singh and Gupta (2014) created an ensemble learning model. The
importance of LUMO (lowest unoccupied molecular orbital) energy and Cp (molar heat
capacity) properties for the developed models was revealed by Zhou et al. (2017), who modeled
metal oxide NPs to E. coli using DFT-derived (B3LYP method) quantum-chemical descriptors.
The same dataset was used by Sizochenko et al. (2014), who used descriptors based on the
liquid drop model (LDM). The toxicity of MONPs was found to be correlated with the number
of metal atoms in oxide, the charge of a metal cation, the number of oxygen atoms in oxide,
and metal electronegativity, according to Fjodorova et al. (2017), who employed artificial
neural network (ANN) models. Zhnag et al., (2023) performed ML techniques, specially
support vector machine (SVM) and neural network (NN) to determine the cytotoxicity of
mixtures of nanoparticles using different mixing ratios (22 binary combinations) on
Escherichia coli.

Following that, these mathematical models were applied to determine the unknown
activity/toxicity of NPs using available NPs with known toxicities from experiments or
computed descriptors pertaining to the structural and electronic characteristics of the
nanoparticles under study. Figure 1.8 shows the general work flow of nano-QSAR modelling.
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Figure 1.8 General Workflow of nano-QSAR modeling.
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Chapter 2: Present Work

The concept of nanoparticles and nanotechnology emerged in the 20th century. From the
beginning of the quantum theory, it was clear that it would be difficult to handle the
physiochemical properties of nano-sized compounds. Nano-sized materials have been in
commercial use for a long time. Currently, metallic oxide nanoparticles (MeOx NPs) with
their numerous properties are used in different fields like water treatment, food, agriculture,
textiles, medicines, pharmaceuticals, cosmetics, and electronics (Tripathi et al., 2019; Wu et
al., 2020). Thus, MeOx NPs have become an essential part of human life in recent years.
However, with the increasing use of nano-sized MeOx NPs, concerns have also arisen
regarding their potential risks to the environment and human health. These concerns are
growing as nanoparticles are released intentionally or unintentionally into the environment
(Subhan et al., 2021). For example, MeOx NPs used in various consumer products may end
up in aquatic or terrestrial environments, where the toxicity mechanism is yet to be
completely explored (Nemmar et al., 2002). The toxicity of the single NPs has been tested
intensively for recent decades but the combination of a single NP with other NPs or metals
may cause co-exposure effects on living organisms. Therefore, it is crucial to consider this
issue and take necessary measures to prevent any potential harm. Given the rapid
development of nanotechnology, it is impractical to test all NPs on a case-by-case basis (Pan
et al., 2016). Additionally, the dynamic properties of MeOx NPs, such as size, shape, charge,
chemical composition, crystal structure, and surface modification, make it challenging to
determine their toxic effects experimentally. To tackle these issues, different strategies have
been implemented to evaluate the toxicity of nanoparticles. This is the initial step in assessing
the toxicity and potential risks of nanoparticles to workers, users, and the environment. The
field of nanotoxicology relies mostly on traditional methods used to assess the toxicity of
other chemicals, including drugs, in vivo and in vitro. Toxicity is measured based on three
parameters: dose, dimension, and durability. When it comes to nanoparticles, the properties
that induce specific toxicity effects and the mechanisms that mediate the adverse effects are
still not well understood. As a result, many questions remain open in terms of NP risk
assessment. Chemical legislative frameworks such as Regulation (EC) No 1907/2006
concerning the Registration, Evaluation, Authorization, and Restriction of Chemicals
(REACH) have considered such non-experimental methods reliable. Another, Regulation
(EC) No 396/2005 covers matters relating to allowed limits of residues in food and the
official controls. Regarding the safety aspect of human and animal health, the European
Regulations (EU) No 283/2013 and (EU) No, 284/2013 were set up for plant production
products i.e., PPP, and for data requirement of the active products used in nano pesticides.
Nanotechnology, nanomedicines, and nanotoxicology also go hand in hand. The increased
use of engineered nanoparticles (ENPs) in pharmaceutical sciences has imposed major
concerns about their possible nanotoxicity and has emerged as a major sub-discipline of
nanotechnology. Determination of the long-term toxic effect of NPs may consume a lot of
time in clinical trials involving animal models and human volunteers. Toxicity and
biokinetics information of nano-products along with the information on unintended human
exposure or intended delivery for medical purposes is necessary to determine the perceived
risks of nanoparticles. Considering these facts, the determination of toxicity for
nanomedicines is very important. Hence, regulatory bodies are searching for ways to assess
their risk before application as pharmaceuticals. Nanoinformatics in combination with
nanoparticles (NPs) has attracted the attention of many scientists to create comprehensive
databases comprising physical and chemical features of the materials based on which
Quantitative Structure-Activity Relationship (QSAR) models are generated. In silico
toxicological methods, such as QSARs play an efficient role in complementing and reducing
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animal testing. QSAR can also be used as an excellent tool for determining the
physicochemical properties of NPs computationally involving various types of descriptors.
These studies can be utilized to forecast the properties or toxicity of those NPs that are yet to
be explored or synthesized. In the field of nanotoxicity, only a few studies have been done
using QSAR models and only a few reviews concerning the risk of NPs have been reported to
date (Puzyn et al., 2011; Burello et al., 2011; Puzyn et al., 2009). Furthermore, to date, all
QSAR models have predicted the toxicity of NPs without giving proper information
regarding important factors like dose, hydrodynamic size, etc. which can be a determining
factor in influencing toxicity. Over the last years, many cheminformatics predictive models
(Nano-QSAR) have become a notion to address the limitation of knowledge of nanoparticle
behavior. In water bodies, aquatic organisms are exposed to mixtures of nanoparticles with
varying compositions over time. These nanoparticles can accumulate in organisms and
transfer through the food chain, ultimately reaching the top consumers. The accidental intake
of nanoparticles can lead to adverse consequences beyond conventional contamination
(Handy et al., 2008). The large surface area-to-volume ratio and surface chemistry of
nanoparticles make them potentially more toxic. While many studies have focused on the
impact of nanoparticles on human health and the environment, there is still limited
knowledge about their environmental fate and their potential to accumulate in the food chain
(Nelms et al., 2018). Although the toxicity of nanoparticles on aquatic organisms has been
studied in the context of risk assessment, there is still insufficient knowledge about the toxic
impact of ENPs in the aquatic ecosystem.

Computational modeling is a useful technique for predicting toxicity and has been recognized
by the United States Environmental Protection Agency (U.S. EPA) as an efficient method. It
helps in reducing the need for animal testing and provides more accurate results, making it an
essential resource for researchers. Many scientists have developed nano-QSAR models to
predict the toxicity endpoints of biological systems. These models establish a relationship
between the independent and dependent variables, i.e., the physicochemical properties of
MeOx NPs and the toxic effects. Both prokaryotic and eukaryotic organisms have been
extensively studied to determine MeOx NP toxicity. However, predictive models do not
address the problem of missing data in nanoparticle datasets. Hence, there is a lack of models
that can fill the data gaps. The nano-read across approach is a technique that fills data gaps by
predicting the information of endpoints for one nanoparticle using an experiment or
calculated data from another nanoparticle. In the absence of appropriate validated QSAR
models, the nano-read across approach can be an attractive technique to fill the existing data
gap for toxicity analysis from a regulatory perspective (OECD, 2007). The read-across
method has been successfully applied to predict the toxicity of many compounds (Sizochenko
et al,2018) (Gajewicz et al, 2014). This is particularly much needed in the field of nano-safety
with limited high-quality toxicological data availability. The general idea of read-across is to
extrapolate the endpoint information for one or more compounds by using data from other
compounds having the same endpoint information which is considered similar in one or
another way. The fundamental concept of read-across is based on the similarity among
chemicals and it follows a hypothesis that similar compounds will have similar biological
activities. Regardless of whether the endpoint is quantitative or not, read-across follows some
basic steps. First, structural features common to the two compounds under consideration
should be identified, and secondly, it should be assumed that the toxicological effect or
environmental fate property (i.e., the endpoint) could be used to assess the missing value of
the property or activity of the targeted compound. QSAR models are usually constructed
using a linear regression, but ENP toxicity can evoke non-linear responses. Therefore, non-
linear methods are explored to develop reliable and predictive models. In recent years, the use
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of non-linear techniques has increased to deal with complex non-linear multidimensional
interactions. However, most in silico modeling methods deal with small datasets with
restricted diversity, which can lead to inconsistency between eco-toxicological experiments in
the literature (Forest et al., 2019; Gajewicz et al., 2018).

2.1. Objectives of the dissertations

Therefore, in the present dissertation work, several in silico techniques were employed to
study computational modeling to predict the toxicity endpoints of biological systems. The
main purpose of the dissertation was to utilize various in silico tools to identify the key
descriptors or features responsible for modulating toxicity of NPs towards living organisms
and to understand how QSAR, read-across-based predictions, and supervised machine
learning (ML) models predict toxicity upon exposure to metallic ENPs. Therefore, the current
study focuses on the application of an efficient approach that is capable of predicting
different properties of unknown nanoparticles based on information derived from limited data
sources. One of the criterion to enhance a nanotoxicity model is the selection of the
appropriate structural descriptors of NPs that are in charge of enhancing NP toxicity. Periodic
table-based descriptors have been a promising tool in predicting toxicity profile and risk
assessment of MeOx NPs with high predictivity and interpretability. This type of descriptor
can indicate the features and mend the mechanism interpretation. Some properties (size, zeta
potential, molecular weight, mass percentage of metal elements, and cation charge) are
investigated to have a better understanding of NP structure and its influence on toxicity
characterization. The major part of the work deals with the development of predictive and
statistically robust QSAR models.

2.2. Datasets employed for the development of nano-QSAR / ML models.

In this dissertation, eight different in silico prediction modeling studies have been carried out
and presented. For performing the requisite in silico studies, several datasets were collected
from various reliable sources as mentioned in Table 2.1.

Table 2.1. Collected nanotoxicity datasets employed in this dissertation.

Datasets Cell Target/ endpoints No. compounds references
Macrophage Forest et al.,
I RAW 264.7 cells | WPH release (ldhw) 25 2019
. -log LCso (dark and Pathakoti et al.,
Il E. coli photo induced condition) 17 2014
Gajewicz et al.,
log(1/LCso) 18 2015
III HaCat cell 15 Meox NPs
% Cell death (total 117 data | Choi et al., 2019
points),
BEAS-2B cell
(ATP assay 9
method). Zhang et al.,
v BEAS-2B cell log (I/ECs0) 2015
(MTS assay 10
method)
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RAW 264.7 cells
(MTS assay 10
method).
RAW 264.7 cells
(ATP assay 12
method).
fold change (FCir-1p)
proinflammatory
cytokine interleukin 32 Hua; g;g al,
v THP-1 cell line (IL)-1beta (IL-1b)
release
Mitteroecker
-In(p/(1-p)) 54 and Bookstein,
2011
VI HK-2 cells Cell viability 72 Sang et al., 2022
Zeta potential 18 Ca; Oeztoal.,
VII BEAS-2B cells ( )
Cell damage 131 Toropova et al.
(2015)
NanoToxdb
D. magna log (1/ECso) 28 Jatabase
Enzymatic activity of
VIII .
Zebrafish metalloproteage 24 Sizochenko et
zebrafish hatching al., 2017
enzyme

2.1.1. Dataset I (Study 1)

In the current study, data on the toxic potential of 25 NPs (nanoparticles) from 6 metal
(hydro) oxides families (CeO3, SiO, TiO2, ALOOH, ZnO, and Ni (OH),) were obtained from
laboratory experiments from a literature (Forest et al., 2019) that were expressed in terms of
LDH release (Idhr) from macrophage RAW 264.7 cells. QSAR models were developed to
computationally evaluate the cytotoxicity of MeOx NPs towards RAW 264.7 cells. Both
MLR and PLS models were developed with 25 NPs (nanoparticles) from 6 metal (hydro)
oxide families (SiO,, TiO2, CeO,, AIOOH, ZnO, and Ni(OH),) using the release of lactate
dehydrogenase (Idhr) from the cell as the endpoint. Multiple linear regression (MLR) models
were developed using the best subset selection method followed by enhancement of model
derived predictions by the application of the intelligent consensus predictor (ICP) tool. On the
other hand, a partial least squares (PLS) model was developed using the Small Dataset
Modeler software which can handle a limited number of data points. Periodic table
descriptors and some physicochemical descriptors have been used to characterize the
nanostructure of MeOx NPs. All models were validated meticulously by employing internal
and external validation metrics followed by the randomization test and applicability domain
(AD) study. The statistical metric values suggested the robustness of the models. The insights
from both models suggested that electronegativity, solubility, formation of a metal cation
increase the cytotoxicity whereas non-metal NPs and an increase of the oxidation degree
contribute to low toxicity towards RAW 264.7 cells. A short proposed mechanism has also
been explained to determine the cause of cellular toxicity by the MeOx NPs.
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2.1.2. Dataset II (Study 2)

In the present study, the cytotoxicity data of 17 MeOxNPs to E. coli (Pathakoti et al., 2014)
was expressed in terms of negative logarithm of lethal concentration causing 50% growth
inhibition of E. coli (-log LCso). The dataset was considered for 2D QSAR modeling under
two experimental conditions, i.e., in the dark and in the presence of light. Multiple linear
regression (MLR) models were developed using 17 MeOxNPs on Escherichia coli (E. coli)
bacteria cells under both light and dark conditions. The models were developed applying
Small Dataset Modeler software, version 1.0.0
(http://teqip.jdvu.ac.in/QSAR_Tools/DTCLab/) which generates models with a limited
number of data points. Periodic table-based descriptors (both 1% and 2™ generation) were
used for the modeling purpose. Two statistically significant MLR models based on photo-
induced toxicity and dark-based toxicity were developed. From the developed models, we
interpreted that an increase in valency and oxidation state of the metal will decrease the
cytotoxicity whereas the atomic radius of the metal and electronegativity of MeOxNPs
influences the toxicity towards E. coli cells. The MLR models were validated using different
internal validation metrics. Additionally, we have collected 42 MeOxNPs as an external set to
observe the predictive power of the two developed MLR models and categorized them into
toxic and non-toxic classes. The chemical features selected in the developed models are
important for understanding the mechanisms of nanotoxicity. Thus, the developed models can
be a scientific basis for designing safer NPs.

2.1.3. Dataset I (Study 3)

In the present study, two different cytotoxicity datasets of metal oxides were employed for
performing nano-QSAR modeling toward the HaCat cell line. The first dataset (3.1)
comprises 18 nano-metal oxides taken from a previously published paper (Gajewicz et al.,
2015). Their cytotoxicity is expressed as logarithms of the inverse molar lethal concentration
i.e., log (1/LCso). The second dataset (3.2) consists of 15 Meox NPs (total of 117 data points),
taken from the Safe and Sustainable Nanotechnology (S2NANO) database built by a research
group in North Korea (Choi et al., 2019). The cytotoxicity was expressed in the percentage
(%) of cell death. Multiple Linear Regression (MLR) modeling with 16 Meox NPs dataset
and Partial Least Squares (PLS) regression modeling with 15 Meox NPs dataset (117 data
points with different physical features and conditions) were performed to determine the
cytotoxicity towards HaCat cells. Easily interpretable periodic table descriptors (1 and 2"
generation) were calculated from the primary descriptors (De et al., 2018). Additionally, a
few periodic table descriptors were calculated with the help of Elemental Descriptor
Calculator software available from (https://dtclab.webs.com/software-tools) and some
previously reported physical descriptors were employed for modeling. The Genetic
Algorithm (GA) followed by the Best Subset Selection (BSS) technique was applied before
the model development. The final MLR model (4 descriptors) and PLS (2 LVs) model for the
two datasets were rigorously validated with various stringent validation criteria following the
strict rules of OECD guidelines. The statistical data of the MLR model were robust and
reliable. Features like electronegativity, formation of metal cations, an increase of solubility,
and dose were important for the mechanism of toxicity. Therefore, these models can be
efficient tools in designing modern materials with optimal properties and minimal potential
toxicity.
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2.1.4. Dataset IV (Study 4)

In the present work, we have applied computational modeling approaches to explore the
influence of metal oxide nanoparticles on the toxicity of bronchial epithelial (BEAS-2B) and
murine myeloid (RAW 264.7) cells (Zhang et al., 2015). The cytotoxicity data were obtained
from two different assay methods (i.e., MTS and ATP) for a single cell line. A total of four
datasets were used for modeling purposes with a half-maximal effective concentration in
logarithmic (log (1/ECsp)) scale as the endpoint. Here, four (4) datasets containing MeOx
ENPs of 9, 10, 10, and 12 respectively were taken for modeling purposes. Combining
compounds from two datasets (ATP assay data) out of the four datasets from RAW 264.7 and
BEAS-2B cell lines, common eight MeOx ENPs were used to develop the nano-quantitative
toxicity-toxicity relationship (nano-QTTR) model. The same four datasets were further
utilized to predict the similarity-based approach. Initially, partial least squares (PLS)
regression models were developed applying the Small Dataset Modeler software version
1.0.0 (http://teqip.jdvu.ac.in/QSAR_Tools/DTCLab/) using four datasets having effective
concentration (ECs0%) as the endpoints and employing only periodic table descriptors. To
further explore the predictions, we applied a read-across approach using the descriptors
selected in the QSAR models. Also, the inter-endpoint cytotoxicity relationship modeling
(quantitative toxicity-toxicity relationship or QTTR) was conducted to evaluate the
toxicological characteristics of MeOx nanoparticles. The results obtained from the PLS
models and the QTTR model were found to be statistically significant. It was found that the
result obtained by nano-read-across provided a similar level of accuracy as provided by
QSAR. The models show that the formation of metal cations and electronegativity play a role
in the manifestation of cytotoxicity. Thus, it is feasible to design safe nanopesticides that
could be more effective than conventional analogs.

2.1.5. Dataset V (Study 5)

The present work attempts to develop nano-QSAR models (both regression as well as
classification-based) to determine the inflammatory potential of MeOxNPs based on the
THP-1 cell line. A comprehensive dataset comprising 32 MeOxNPs A comprehensive dataset
comprising 32 MeOxNPs (Dataset 5.1) was used to develop a regression model with fold
change (FC) of pro-inflammatory cytokine interleukin (IL)-1beta (IL-1b) release in the THP-
1 cell line as the endpoint. Further, the same number of MeOx NPs with varying doses was
modelled for the cell viability [-In(p/(1-p))] endpoint (Dataset 5.2) (Mitteroecker and
Bookstein, 2011). The results obtained from regression models were statistically significant.
The descriptors obtained from the developed predictive models inferred that dose,
electronegativity and the presence of metal ions and oxygen can be responsible for IL-1
leakage from the THP-1 cell line. Based on our results, we can conclude that periodic table-
based descriptors, incorporated into the QSAR models, are reliable for modelling pro-
inflammatory potential. Researchers can use these comprehensive results to design metal
oxide nanoparticles with lower toxicity and determine the cause of pro-inflammatory
conditions induced by MeOxNPs
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2.1.6. Dataset VI (Study 6)

The present study reports the ensemble learning approach-based nano-quantitative structure-
activity relationship (QSAR) models for predicting the cytotoxicity of heavy metals adsorbed
on nano-TiO; to human renal cortex proximal tubule epithelial (HK-2) cells. A mixture of
nano-TiO2 powders was added to HK-2 cells in Hyclone DMEM medium supplemented with
10% fetal bovine serum (FBS) and 100 mg penicillin/streptomycin and maintained at 37 °C
in the presence of 5% carbon dioxide. Nine concentrations of heavy metal salts were added to
a constant amount of nano-TiO2 (25 umol/L) (Sang et al., 2022). Ensemble learning-based
nano-QSAR implementing gradient boosting and bagging algorithms, i.e., random forest
(RF), Ada boost, Gradient boost, and Extreme Gradient boost were constructed and utilized to
establish statistically significant relationships between the structural properties of NPs and
the cause of cytotoxicity. To demonstrate the predictive ability of the developed nano-QSAR
models, the simple periodic table descriptors requiring low computational resources were
utilized. Thus, the work manifests that ML in conjunction with periodic table descriptors can
be used to explore the features and predict unknown compounds with similar properties

2.1.7. Dataset VII (Study 7)

In the present study, Dataset 7.1 consists of 18 metal oxide nanoparticles (MeOx NPs) that
were explored on five types of metal oxides. This data was obtained from Cao et al. (2020)
work, where the zeta potential of MeOx NPs was measured in a cell culture of 20% foetal
bovine complete medium. Dataset 7.2 was taken from Toropova et al. (2015) where the cell
damage measurement was performed based on the uptake of propidium iodide (PI). The
dataset is related to four doses (50, 100, 150, and 200 pg/mL) and seven exposure times
(from 1 to 7 hrs) that result in 132 MeOx NP data points. The goal of the study is to construct
fully validated property-based models to extract relevant features for estimating and
influencing the zeta potential and obtaining the toxicity profile regarding cell damage in the
treatment of cancer cells. To achieve this, QSPR modeling was first performed with 18 metal
oxide (MeOx) NMs to measure their materials properties using periodic table-based
descriptors. The features obtained were later applied for zeta potential calculation (imputation
for sparse data) for MeOx NMs that lack such information. To further clarify the influence of
zeta potential in cell damage, a QSPR model was developed with 132 MeOx NPs to
understand the possible mechanism of cell damage. The results showed that zeta potential,
along with seven other descriptors, had the potential to influence oxidative damage through
free radical accumulation, which could lead to changes in the survival rate of cancerous cells.

This study also guides safer designing and toxicity assessment of MeOx NPs using the
developed QSPR and QSAR models

2.1.8. Dataset VIII (Study 8)

For this study on the toxicity testing of metal oxide nanoparticles on aquatic organisms, two
datasets were used. The first dataset (Dataset 8.1) was sourced from the NanoToxdb database
(http://iitrindia.org/envis/Default.aspx) against D. magna and included 28 different MeOx
NPs. It provided data on their physiochemical properties such as size and the duration of
exposure during toxicity testing. The data for D. magna was expressed in mg/L, but it was
later converted to a negative logarithm scale after conversion to a molar scale. The second
dataset (Dataset 8.2) was obtained from the literature (Sizochenko et al., 2017) and was used
to predict the toxic outcomes in zebrafish. It analyzed the enzymatic activity of
metalloprotease zebrafish hatching enzyme, ZHEI for 24 metal oxides. Regression, read-
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across approach (RA), and machine learning (ML) algorithms in accordance with the
principles of OECD (Organization for Economic Cooperation and Development) were
performed for the creation of QSAR modeling. The aim of this work was to investigate which
features are important drivers of in vivo nanotoxicity in D. magna and Danio rerio using
simple periodic table-derived descriptors. Further, we have examined the effectiveness of
read-across-derived similarity measures in comparison to traditional QSAR models. The
study emphasized the importance of developing transferable, reproducible, and easily

interpretable models for the early identification of nanoparticle features contributing to
aquatic toxicity.
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Chapter 3: Materials and Methods

The present dissertation aims to implement a transparent methodological framework for the
development of predictive QSAR models for toxicity assessment of the NPs targeted against
various toxicity endpoints. The development of model-friendly databases based on the FAIR
(findability, accessibility, interoperability, reuse) principles has significantly contributed to
improving scholarly data quality. FAIR datasets play a crucial role in enhancing
computational modeling in nanotoxicology by promoting machine-actionability and
improving the reusability of computational systems for searching and using data without
human intervention. Although some data may not be suitable for proposed repositories, they
still hold great value for research, reproducibility, and reuse.

3.1. Study 1: Assessment of toxicity of metal oxide and hydroxide nanoparticles using
the QSAR modeling approach.

3.1.1. Toxicity data
3.1.1.1 Series 1 NPs (nanoparticles) compounds

In this work, data on the toxic potential of 25 NPs (nanoparticles) from 6 metal (hydro)
oxides families (CeO., SiO2, TiO2, ALOOH, ZnO, and Ni(OH);) (Table 3.1) were obtained
from laboratory experiments from a literature (Forest et al., 2019) that were expressed in
terms of LDH release (Idhr) from macrophage RAW 264.7 cells. A total of forty descriptors
were calculated covering both physicochemical and periodic table-based descriptors
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab
tools?authuser=0).

Table 3.1 Toxic potential data of 25 NPs (nanoparticles) from 6 metal (hydro) oxides in
terms of Idhr.

CompNo Metal Oxides(hydroxides) LDH
1 O[Al]=0 1.1
2 O[Al]=0 1.08
3 O[Al]=0 1.05
4 O[Al]=0 1.07
5 O[Al]=0 1.07
6 [Ni+2].[OH-].JOH-] 2.76
7 [Ni+2].[OH-].[OH-] 2.57
8 [Ni+2].[OH-].[OH-] 2.99
9 [Ni+2].[OH-].[OH-] 2.2
10 [Ni+2].JOH-].[OH-] 2.07
11 O=[Ni] 0.88
12 O=[Zn] 2.62
13 O=[Zn] 2.81
14 [O-2]=[Cet+4]=[0O-2] 2.02
15 [0-2]=[Cet+4]=[O-2] 2.58
16 [0-2]=[Ce+4]=[O-2] 2.08
17 [0-2]=[Ce+4]=[O-2] 0.98
18 [0-2]=[Ce+4]=[O-2] 2.08
19 [O- 2] [Cet+4]=[0O-2] 0.82
20 O=[Ti]=0 0.88
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21 O=[Ti]=0 1.01
22 O=[Ti]=0 1.29
23 O=[Ti]=0 1
24 0=[Si]=0 1.2
25 0=[Si]=0 1.09

3.1.2. Descriptor calculation

To develop nano-QSAR models, we have gathered information related to Meox NPs
(hydroxides) to encrypt their toxicity towards macrophage RAW 264.7 cells. The complexity
and versatile behavior of NPs complicate the nano descriptor calculation. The nano-QSAR
models were developed using descriptors derived from the periodic table and some
physicochemical descriptors derived from the experimental procedure as already reported in a
previous study (Forest et al., 2019). Periodic table descriptors were calculated from the
Elemental = Descriptor  Calculator  Software  developed in  our laboratory
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab
tools?authuser=0), while some additional information about the metals was added directly
from the periodic table as descriptors. The selection of periodic table descriptors was
advantageous because of their ease of calculation.

3.1.3. Data set division

Division of a dataset is crucial for the development of statistically significant and predictive
models. For the development of MLR models, the toxicity dataset was divided into a training
set (containing 18 compounds) and a test set (containing 7 compounds) with the help of a
modified k-medoids clustering technique keeping the highest and lowest toxic data of NPs in
the training set. The training set was utilized for model development whereas the test set was
used to assess the predictivity of the MLR models. Note that the partial least squares (PLS)
model was also obtained with the Small Dataset Modeler considering the whole dataset
without any dataset division (Ambure et al., 2019).

3.1.4. Model development

Managing small datasets due to the non-availability of experimental data for a particular
endpoint is a pivotal work for the QSAR researchers. As the existing dataset contains limited
data, we have applied Small Dataset Modeler version 1.0.0 to the whole dataset. This
software performs dataset curation, “exhaustive” double cross-validation, and performs
consensus predictions as optimal model selection techniques. It also involves the DCV
(Double cross-validation) (as shown in Figure 3.1) method for model development for the
small dataset without the need to divide the data into training and test sets. The inner loop
used as the modeling set is constantly spit into calibration and validation sets containing n
and n-r compounds respectively for deriving all possible “k” combinations. Based on the
defined calibration and validation sets, the tool allows the management of validation set (r)
compounds. The calibration set uses the GA-MLR (genetic algorithm-MLR) technique to
develop MLR models whereas the quality of the developed MLR models is predicted with the
validation set. All validation metrics (both internal and external metrics) were calculated with
the help of an exhaustive double cross-validation technique for the respective models.

Further, we tried dividing the dataset using the modified k-medoids clustering technique
Subset Selection v2.1 software was used for model development. The training set (with forty
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descriptors) was used for the development of models from which the four best MLR models
were selected based on the mean absolute error (MAE) criteria (Roy et al., 2016). Further,
ICP (Intelligent Consensus Prediction) was performed with the four MLR models to enhance
the predictability of the models (Roy et al., 2018) through intelligent selection of multiple
models (Figure 3.2).

3.1.4.1 Double Cross-validation (DCV)

Double Cross-validation (DCV) consists of two nested loops named internal and external
loops. The dataset in the external cross-validation loop is split into a training set and a test
set. The training set in the internal loop is used for model selection and development; on the
other hand, the test set is used for the assessment of the developed models. The training set
(in the internal loop) is repeatedly divided into calibration and validation sets. The calibration
data set is utilized to generate various models whereas the validation set is used to determine
the error of the models. At last, the model having the least prediction error (in the internal
loop) is chosen. The test dataset in the outer loop is then employed to assess the
predictability of the selected model in the inner loop. This method of splitting the training set
into calibration and validation obviates the bias caused by the usage of a single training set of
selected composition.

External loop
Model development and ‘/l\
model selection
e I Training set I I Test set |<
| Calibration set |
v
Used to develop
different models

Internal loop
‘[opou [euly Jo ddueuLioy1ad IpaLg

Figure 3.1 Double cross-validation methodology
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3.1.4.2 ICP (Intelligent Consensus Predictions)

This software judges the performance of the consensus models and relates them with the
individual MLR model-derived prediction quality based on the MAE criteria (95%). It is
assumed that an individual model might not predict all individual test set compounds with the
same accuracy; in other words, one QSAR model may be best for the prediction of one test
set compound while another QSAR model may be best for the prediction of some other test
set compound. So, here in our current study, we have selected four models (M1.1-M1.4) and
performed ICP to investigate the external prediction quality of test set compounds has been
improved through an “intelligent” selection of multiple MLR models. Four different ways of
consensus prediction are employed they are:

1) Consensus model 0 (CM0): Ordinary consensus.
1) Consensus model 1 (CM1): Average of predictions from all qualified individual
models.

1i1) Consensus model 2 (CM2): Weighted average predictions (WAP) from all
qualified individual models.

v) Consensus model 3 (CM3): Best selection of predictions (compound-wise) from
individual models.

Consensus models are more reliable due to the following reasons:

1. Consensus predictions are precise and reliable as they do not rely on a single model
but on multiple models and the predictions are not biased.

2. Consensus predictions may consider the WAPs from the individual models along with
compound-wise prediction of the individual models thus selecting the model that is
best for a particular test compound.

3. It also checks prediction by taking AD criteria, Dixon Q-test, and Euclidean distance
into consideration. Checking AD before prediction makes the prediction value more
acceptable.

4. For limited data points, we can rely more on consensus models than individual models
as it enhances the applicability domain.
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Figure 3.2 Algorithm of the ICP tool

3.1.5. Model validation

Validation of a QSAR model is crucial for nano-QSAR models. A rigorous assessment of the
model quality for the measurement of stability, fitness, robustness, and predictivity of the
developed models was carried out. Here, all the models were evaluated based on the OECD
proposed criteria. In the present work, we have calculated R2, R, variance ratio (F), and
standard error of estimate (s)and leave-one-out squared correlation coefficient (Q%Loo) for
internal model quality and validation (Chirico et al., 2011). We have also computed the leave-
many-out squared correlation coefficient (Q*Lmo (20%)) for the final PLS model (Roy et al.,
2015). Additionally, we have also calculated the r?, metrics and mean absolute error (MAE)
(Roy et al., 2016). Further, other external validation metrics (R%yed and Q%) were also
calculated for the test set in the case of the MLR models. The whole workflow is well
depicted in Figure 3.3.
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Figure 3.3 Flowchart of the work (Study 1)

3.2. Study 2: Modeling and mechanistic understanding of cytotoxicity of metal oxide
nanoparticles (MeOxnps) to Escherichia coli: categorization and data gap filling for
untested metal oxides.

3.2.1 The dataset

The cytotoxicity data of 17 MeOxNPs to E. coli was obtained from the previously published
research paper by Pathakoti et al. 2014, and was expressed in terms of negative logarithm of
lethal concentration causing 50% growth inhibition of E. coli (-log LCso) (Table 3.2 and
Table 3.3). The dataset was considered for 2D-QSAR modeling under two experimental
conditions, i.e., in the dark and in the presence of light.

Table 3.2. Toxicity data of MeOxNPs to E. coli under dark conditions.

SL. No MeOxNPs -log LCso
1 Zn0O 5.8
2 CuO 4.24
3 Y203 5.79
4 In203 2.83
5 Sb,03 3.12
6 Al,O3 242
7 Fe;Os3 24
8 SiO» 2.54
9 V4{0)) 2.58

10 TiO; 2.14
11 CoO 3.13
12 Cr03 2.06
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13 LayOs3 4.96
14 V203 348
15 Bi,03 3.55
16 SnO, 2.53
17 NiO 3.79

Table 3.3. Toxicity data of MeOxNPs to E. coli under Photo-induced conditions

SI. No MeOxNPs -log LCso
1 Zn0O 6.23
2 CuO 5.71
3 Y203 5.84
4 In203 348
5 Sb20; 3.66
6 AL O3 2.75
7 Fezo3 2.54
8 Si0O, 2.92
9 V4{0)) 3.04

10 Ti0; 4.68
11 CoO 3.33
12 Cr203 2.06
13 LazO3 5.56
14 V203 3.78
15 Bi,03 4.02
16 SnO, 3.24
17 NiO 3.87

3.2.2 Molecular descriptors

The dynamic behavior of MeOxNPs complicates the descriptor calculation. Therefore,
descriptor calculation for metal oxide nanoparticles is a crucial job for researchers. Hence, in
the present work, we have calculated fifteen 2" generation periodic table-based descriptors
(De and Roy et al. 2021) along with forty-four descriptors using elemental descriptor
software freely available from our laboratory
((https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab
tools?authuser=0), The rest periodic table descriptors were taken directly from the periodic
table based on the nature of the metals. A total sixty-one periodic table descriptors were
calculated for modeling of the MeOxNPs.

3.2.3 Model development: Application of the Small Dataset Modeler

Before performing QSAR model development, usually division of a dataset into training and
test sets is performed. However, as the present dataset contains limited number of data points;
division of the dataset is not desirable. Here, the model development has been done using the
Small Dataset Modeler, version 1.0.0 software (Ambure et al. 2019) without any data set
division. Small dataset modeler works on the double cross-validation (Ambure et al. 2019)
strategy as illustrated in Figure 3.4. The double cross-validation consists of two nested loops:
internal (inner) and external (outer) cross-validation loops. The external loop divides the
dataset into calibration and validation sets while in the internal loop, the calibration set is
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used for model development and model selection. The predictivity assessment of the models
is entirely done by the validation set. The Small Dataset Modeler software (Ambure et al.
2019) avoids the dataset splitting step in the inner loop; instead, the whole dataset is used as
the ‘modeling set’. The modeling set is constantly divided into calibration and validation sets
and all possible combinations (‘k”) of both sets are derived. The number of compounds in the
validation set is user-defined and based on it, different combinations of calibration sets and
validation sets are derived. The generated calibration sets are used to develop multiple linear
regression (MLR) models applying the genetic algorithm-MLR (GA-MLR) technique
(Devillers,1996; Venkatasubramanian and Sundaram 2002). On the other hand, the validation
set is used to obtain the prediction quality of the respective developed MLR models. The
whole workflow is illustrated in Figure 3.5.

l Double cross valirciatiiol; ‘

Internal cross- validation Externallcros s alidation
loop 1 o0op
IL\\ i

Calibration Vahdatmu o Test set

set set l

; \ Used for Model
Used to estimate assessment
Used to develop the modelse

different models orior

\

Model with the lowest
prediction errors

(validation set) in the }— Final model

mner loop is selected

Figure 3.4 The Double Cross Validation (DCV) methodology

Additionally, internal and external validation metrics are calculated for all the selected
models. The final model could be selected out of any of the five recommended methods.

1. MLR/PLS model with the least absolute MAE (9s%) value in the validation set is
selected.
. MLR/PLS model with the least MAE (95¢,) value in the modeling set.
3. MLR/PLS model with highest Q?Lcave-many-out in the modeling set.
In the case of consensus predictions, the top-ranking model should be selected based on
the least MAE (9s5%) values in the respective validation set. It works on two variants
namely
a) Simple arithmetic average of prediction containing all the selected top models
b) Weighted average of prediction which works by assigning appropriate weight to
the top selected models based on the mean absolute error gathered from leave-
one-cross validation MAEcy (95%).
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5. A pool of unique descriptors is selected from the top three models with the least MAE
(95%) of the validation set. Further, these descriptors are used for model development
purposes. The best subset selection (BSS) method is used in the case of the MLR model
to find the best descriptor combination, whereas in the case of PLS models, the models
are formed by the descriptors selected from the top models.

The small dataset modeler software also combines data curation, exhaustive double cross-
validation, along with consensus predictions in case of model development which is essential

for small datasets.
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Figure 3.5. Flowchart of the approach used by the Small Dataset Modeler (Study 2)

==

3.2.4 Reliability of predictions of untested NPs

The estimation of checking reliability of predictions of the generated model for an external
set is an interesting job when the data points are within the AD. A robust QSAR model can
help in predicting the external dataset depending on the molecular features. Several tools are
available for estimating the confidence of a QSAR model. Among them, one of the tools
which can relied on for the prediction of the response data of the external set is ‘Prediction
Reliability Indicator’ tool available in http://dtclab.webs.com/software-tools. This tool
categorizes the quality of predictions for the test set or a true external set as good, moderate
and bad based on the three rules of scoring. Rule 1: scoring depending on the quality of
leave-one-out prediction of the 10 closest training set compounds to the test/ external
compounds, Rule 2: scoring based on the AD in terms of similarity using the standardization
method (Roy et al. 2015) and the Rule 3: scoring based on the proximity of predicted value of
the enquiry compound to the experimental mean of the training set responses. Thus, in the
present study we have collected 42 MeOxNPs as external set (Table 3.4) to evaluate the
predictive power of the developed MLR models and found that out of 42 MeOxNPs, 38
MeOxNPs showed good predictions with the dark condition toxicity data model and 35
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MeOxNPs showed good predictions with the photo-induced toxicity data model. We were
able to classify the untested metal oxides into toxic and nontoxic categories based on the
mean toxicity value of the training set as the threshold Figure 3.6.

Non toxic Toxic

<«——Moderate —

Prediction with

light toxicity

data model

Prediction with
dark toxicity

data model

Figure 3.6. Prediction of the untested NPs with the developed MLR models shown in the
increasing order of toxicity. The NPs within the circle represent the NPs which were not
confidently predicted by the MLR models as per the “PRI tool”.
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Table 3.4: Predicted toxicity values for 42 External dataset using light and dark toxicity MLR

models.

SI.  Metal Valence %0X sq_sum_epsilon/N  atomic light tox Dark tox
No oxide rad (1/1og LC s0) (1/1og LC s0)

(predicted) (predicted)

1 Ag20 4 1 10.51921 125 5.070574 4917
2 Au0 5 1 21.2521 135 5.933781 4.45
3 Au0s 5 3 7.650756 135 4.111201 2.774
4 BaO 2 2 2.772225 215 6.832478 6.553
5 BeO 2 2 0.286225 105 4.849354 5.013
6 Bi20; 5 3 0.0009 160 3461121 3.124
7 CaO 2 2 0.216225 180 5.964974 6.063
8 CdoO 2 2 3.3856 155 6.01467 5.713
9 CeO2 4 4 1.384544 185 4.746529 3.243
10 Co:20s 6 3 0.17584 135 2.384563 2.167
11 Co;0s 5 2.666667 0.089715 135 3.098022 3.053333
12 CuO 4 2 14.301 135 5.727334 4219
13 FesOs 6 2.666667 0.076018 140 2446186 2.516333
14  Gax0s 3 3 0.02197 130 4.463944 3918
15 Gd20s 3 3 0.682276 180 5.302425 4.618
16 GeO2 4 4 0.012594 125 3.662688 2.403
17 HfO: 4 4 2.700544 155 4.472873 2.823
18 HgO 4 2 8.208225 150 5.135902 4.429
19 IrO2 8 4 3.2761 135 1.349997 0.115
20 MgO 2 2 0.046225 150 5.492194 5.643
21  MnO2 7 4 0.345483 140 1.757295 0.792
22 Mo:20:s 6 3 2.876416 145 2.89644 2.307
23 Nb20s 5 3 2.709316 145 3.599048 2914
24 NiOs 4 3 0.204907 135 3.838458 3.381
25 0s02 8 4 3.156544 130 1.258977 0.045
26 PbO 4 2 0.378225 180 4.536682 4.849
27 PbO2 4 4 0.1681 180 4.508525 3.173
28 PdO 4 2 10.5012 180 5.893161 4.849
29 PtO 6 2 46.44423 135 8.584526 3.005
30 PtO: 6 4 20.64188 135 5.127012 1.329
31 ReO: 7 4 3.039211 135 2.043254 0.722
32 RhOs 6 3 3.407716 135 2.817634 2.167
33 RuOz 8 4 8.960044 130 2.036646 0.045
34 Sc20s 3 3 0.048107 160 4.917446 4338
35 SrO 2 2 1.476225 200 6.433814 6.343
36 Ta0s 5 3 1.012036 145 3371613 2914
37 TcO2 7 4 1.037003 135 1.774958 0.722
38 T1.O 3 1 0.889878 190 5.480244 6.434
39 T120s 3 3 0.320356 190 5.403928 4.758
40 WO: 6 4 2.9241 135 2.752829 1.329
41 WOs 6 6 1.644806 135 2.581404 -0.347
42 YbaOs 3 3 0.894916 155 4.955919 4.268
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3.2.5 Statistical validation metrics

Validation of the developed models is an important part of any QSAR study. Multiple
approaches can be applied to the developed MLR models to rigorously measure and validate
their fitness, stability, robustness, and predictivity. In the present study, we have computed
statistical quality metrics like determination coefficient (R?) and variance ratio (F) and
validation metrics like leave-one-out determination coefficient (Q%Loo) and predicted residual
sum of squares (PRESS). Additionally, rm? metrics (Roy et al., 2012), root mean square error
(RMSE), and mean absolute error (MAE) were also calculated (Roy et al., 2016).

3.3. Study 3: Risk assessment and data gap filling of toxicity of metal oxide
nanoparticles (MeOxNPs) used in nanomedicines: A mechanistic QSAR approach.

3.3.1 Dataset

In the present work, two different cytotoxicity datasets of metal oxides were employed for
performing nano-QSAR modeling towards the HaCat cell line presented as Case Study 3.1
and Case Study 3. 2.

Case study 3. 1: The first dataset comprises 18 nano-metal oxides taken from a previously
published paper (Gajewicz et al., 2015). Their cytotoxicity is expressed as logarithms of the
inverse molar lethal concentration i.c., log (1/LCso). Here, we have removed two Meox -NPs
because of their outlier behavior in the initial analysis Table 3.5. Further, another set of data
was used for modeling in Case Study 2 to see the influence of dose on the cytotoxicity
endpoint.

Case study 3. 2: The second dataset consists of 15 Meox NPs (total 117 data points), taken
from the Safe and Sustainable Nanotechnology (S2NANO) database built by a research group
of North Korea (Choi et al., 2019). This database deals with information of various
nanomaterials toxicity that is gathered from different experimental reports or literature. The
cytotoxicity was expressed in the percentage (%) of cell death in Table 3.6. The HaCat cell
was exposed to NPs with various physicochemical properties such as core size,
hydrodynamic size, surface charge, and dose ranging from 0-1500 ppm.

Table 3.5. Cytotoxicity data of 18 nano-metal oxides (Case study 3. 1).

CompNo Metal oxides (MeOx) NPs log(1/L.Cso)
*1 ZnO 3.32
2 TiO: 1.76
3 CoO 2.83
4 In203 2.92
*5 NiO 2.49
6 V203 2.24
*7 Y203 2.21
8 ALOs 1.85
9 Bi20s 2.5
*10 Lax0s 2.87
11 Sb20s 2.31
12 Si0: 2.12
13 Sn0O: 2.67
14 ZrO2 2.02
15 Cnr20s 2.3
*16 Fe20s 2.05
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17 WOs3 2.56
18 Mn203 2.64

Table 3.6. Cell viability data of 15 Meox NPs taken from the Safe and Sustainable
Nanotechnology (S2NANO) database (Case study 3. 2).

No Material Core Size Hydrodynamic Surface Dose % Cell
Size Charge death

1. ALO; 44 3723 -20.2 50 5.1

2. AbLO; 44 372.3 -20.2 100 18.4
3. ALO; 44 372.3 -20.2 150 20.6
4. ALO; 44 372.3 -20.2 200 26.5
5. ALO; 44 372.3 -20.2 250 28

6. AlO3 44 372.3 -20.2 500 30.5
7. AlO3 44 372.3 -20.2 750 355
8. ALO; 44 372.3 -20.2 1000 47.6
9. ALO; 44 3723 -20.2 1500 50.1
10. * Bi1;03 90 2029 -2.3 50 8.8
11. Bi0O3 90 2029 -2.3 100 10.7
12. BiO3 90 2029 -2.3 150 14.7
13.  BiO3 90 2029 -2.3 200 22.8
14. * Bi,03 90 2029 2.3 250 30.8
15. Bi03 90 2029 -2.3 500 37

16. Bi03 90 2029 -2.3 750 36.7
17. Bi03 90 2029 -2.3 1000 41.7
18. % B1,03 90 2029 -2.3 1500 50.1
19. (03 60 616.8 5.7 50 4.8
20. Cn0s 60 616.8 5.7 100 6.6
21.  Cn0s 60 616.8 5.7 150 10.4
22.* Cr03 60 616.8 5.7 200 13.2
23.  Cn0s 60 616.8 5.7 250 271
24.* Cr0s 60 616.8 5.7 500 29.6
25.  Cn0s 60 616.8 5.7 750 42

26. Cn0s 60 616.8 5.7 1000 71.2
27. Cn0s 60 616.8 5.7 1500 76.8
28. Fey03 32 297.6 -18.1 50 7.6
29. Fey0s 32 297.6 -18.1 100 11.6
30. FexOs 32 297.6 -18.1 150 13.2
31. FexOs 32 297.6 -18.1 200 16.9
32.* FexOs 32 297.6 -18.1 250 19

33. Fex0s 32 297.6 -18.1 500 21.8
34. FexOs 32 297.6 -18.1 750 234
35.* FexOs 32 297.6 -18.1 1000 26.8
36. FeyOs 32 297.6 -18.1 1500 50.7
37. InxO3 29.8 2243 -9.6 50 -2

38. InxO3 29.8 2243 -9.6 100 6.6
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39. InyxO3 29.8 2243 -9.6 250 414
40. InxOs 29.8 224.3 -9.6 500 63.4
41.* Iny0O3 29.8 224.3 -9.6 750 68.7
42.*% InyO3 29.8 224.3 -9.6 1000 71.2
43. Iny0O3 29.8 2243 -9.6 1500 72.7
44. Lay0Os; 45.6 672.9 -12.8 50 2

45. Lay0Os 45.6 672.9 -12.8 100 0.7
46. LayOs; 45.6 672.9 -12.8 250 482
47.* LayOs 45.6 672.9 -12.8 500 72.4
48. LayOs 45.6 672.9 -12.8 750 65

49.* Lay0Os 45.6 672.9 -12.8 1000 65

50.* LayOs 45.6 672.9 -12.8 1500 80.8
51. MnyOs 29.8 291.1 -3 50 9.1

52. MnyOs3 29.8 291.1 -3 100 17.5
53.* Mn,0s3 29.8 291.1 -3 150 29.6
54. Mny0; 29.8 291.1 -3 200 41.1
55. Mny0Os 29.8 291.1 -3 250 44.5
56. * MnyOs3 29.8 291.1 -3 500 49.1
57. MnyOs 29.8 291.1 -3 750 60.9
58. MnyOs3 29.8 291.1 -3 1000 69.6
59. Mn,O3 29.8 291.1 -3 1500 77

60. NiO 20 223.5 -12.1 50 -1

61. NiO 20 223.5 -12.1 100 -1

62. NiO 20 223.5 -12.1 250 46.3
63.* NiO 20 223.5 -12.1 500 81.4
64. NiO 20 223.5 -12.1 750 83.9
65.* NiO 20 223.5 -12.1 1000 84.8
66. NiO 20 223.5 -12.1 1500 86.4
67.* SbyO3 150 640.3 -13.3 50 6.9
68. SbyO3 150 640.3 -13.3 100 11.6
69. SbyO3 150 640.3 -13.3 150 153
70. Sby0Os; 150 640.3 -13.3 200 23.1
71.% SbyO3 150 640.3 -13.3 250 26.2
72. SbyO3 150 640.3 -13.3 500 32.1
73.  SbyO3 150 640.3 -13.3 750 34.6
74.  Sby0O3 150 640.3 -13.3 1000 423
75. Sby0Os 150 640.3 -13.3 1500 53.5
76. SnO» 46.1 264.9 -10.5 50 8.2
77. SnO» 46.1 264.9 -10.5 100 132
78. % SnO, 46.1 264.9 -10.5 250 50.1
79. SnO; 46.1 264.9 -10.5 500 56

80. SnO; 46.1 264.9 -10.5 750 65.6
81.* SnO, 46.1 264.9 -10.5 1000 70.8
82. SnO; 46.1 264.9 -10.5 1500 82

83. TiO, 42.3 1307 -9.6 50 20.3
84. TiOs 423 1307 -9.6 100 17.5
85. TiO, 42.3 1307 -9.6 250 339
86. TiO, 42.3 1307 -9.6 500 342
87. TiO; 42.3 1307 -9.6 750 38.6
88.* TiO, 42.3 1307 -9.6 1000 39.2
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89. TiOs 42.3 1307 -9.6 1500 59.7
90. WOs; 50 179.6 9.1 50 -6

91. WOs; 50 179.6 -9.1 100 -4

92. WOs; 50 179.6 9.1 250 33.9
93.*% WO; 50 179.6 -9.1 500 479
94. WO; 50 179.6 -9.1 750 48.5
95.*% WO;3 50 179.6 -9.1 1000 50.7
96. WOs3 50 179.6 -9.1 1500 61.5
97. Y203 38 1222.9 -10.7 50 -1

98. Y203 38 1222.9 -10.7 100 3.5

99. Y03 38 1222.9 -10.7 250 31.8
100. Y03 38 1222.9 -10.7 500 37.7
101. Y203 38 1222.9 -10.7 750 42

102. Y203 38 1222.9 -10.7 1000 42.6
103. Y203 38 1222.9 -10.7 1500 544
104. ZnO 71 188.9 -10.8 50 66.2
105. ZnO 71 188.9 -10.8 100 73.3
106. ZnO 71 188.9 -10.8 250 87.9
107. ZnO 71 188.9 -10.8 500 92.6
108. ZnO 71 188.9 -10.8 750 98.1
109. ZnO 71 188.9 -10.8 1000 99.07
110. ZnO 71 188.9 -10.8 1500 100
111. ZrO; 46.7 661.4 -8.5 50 29

112. 7ZrO; 46.7 661.4 -8.5 100 6.9

113. ZrO; 46.7 661.4 -8.5 250 26.5
114. ZrO, 46.7 661.4 -8.5 500 31.8
115. ZrO, 46.7 661.4 -8.5 750 339
116. ZrO; 46.7 661.4 -8.5 1000 51.6
117. ZrO; 46.7 661.4 -8.5 1500 57.5

*Test set

3.3.2 Molecular Descriptors

Nano-QSAR modeling was performed using the basic information of the metal oxides taken
from the periodic table to encode the cytotoxicity and percentage cell death against the HaCat
cell line. For Case Study 3. 1, a total of 69 descriptors were calculated using the basic
information of the metal oxides from the periodic table directly, and other descriptors (2™
generation periodic table descriptors) were calculated from the primary descriptors (De et al.,
2018). Additionally, a few periodic table descriptors were calculated with the help of
Elemental Descriptor Calculator software available from (https://dtclab.webs.com/software-
tools). For Case Study 3. 2, a total of 73 descriptors were calculated considering periodic
table-based descriptors as well as some physicochemical descriptors taken from the
experimental conditions (Choi et al., 2019). The advantage of using periodic table-based
descriptors over other descriptors is that they can be easily calculated without using any
sophisticated software.
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3.3.3 Data set splitting

Selecting a proper training set and a test set is vital for the development of a robust QSAR
model. The combination of metal oxides is different in each data point (Case Study 2). So, in
the present study, after pretreatment and removal of noisy descriptors from both datasets, the
dataset for each case was divided with dataset division software freely available from the
DTC Lab site (https://dtclab.webs.com/software-tools). In Case Study 3. 1: Eleven (11)
metal oxides were kept in the training set and five (5) metal oxides were present in the test
set. On the other hand, in Case Study 3. 2, one hundred and six (94) metal oxide data points
were present in the training set and twenty-six (23) metal oxide data points were present in
the test set for model development and validation respectively.

3.3.4 Chemometric tools

Model development is a crucial job for the QSAR modeler. Therefore, after data
pretreatment, the datasets were subjected to features selection by genetic algorithm (GA)
(Venkatasubramanian, and Sundaram, 2002) followed by model development by Best Subset
Selection (BSS) software (https://dtclab.webs.com/software-tools) based on the MAE criteria
(Roy et al., 2016). The dataset containing sixteen metal oxides having cytotoxicity data
towards HaCat cell line used periodic table descriptors and the final model with the best four
descriptors combination was selected. In the second case, along with the periodic table-based
descriptors, some physicochemical descriptors were also included. Partial Least Squares
(PLS) regression was performed using four descriptors obtained in the MLR model. The PLS
model was selected as the final model with two latent variables. The whole workflow is
represented in Figure 3.7.

NT
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(Dataset 1) (117)
e . l (Dataset 2)
“Periodic MeOx NPs in
nanomedicines
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(PIMEOEHNED) (11 MeOx Training set Test set
NPs)
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1
¥

Best Subset
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Understanding
the features
——» responsible for
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M1 N1
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Figure 3.7. Flowchart of the work (Study 3).
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3.3.5 Validation metrics

The validation of the developed models was done by both internal and external validation
metrics. The internal quality metric R? determines the fitting potential of the models whereas
Q?,, metric (Roy et al., 2012 )measures the predictive ability of the model based on the
training set compounds. Although, QZ,, metric measures the robustness of the model, it may
not be sufficient enough to determine the performance of the model on a new set of
compounds. The external validation metrics (Qfl_ Qf*z,) deal with the quality of the
predictions for the test set compounds. Additionally, ;2 metrics and root mean squared error
(RMSE) were also computed. The accepted threshold value for both internal and external
metrics 1s 0.5.

3.3.6. Applicability domain (AD)

The applicability domain (AD) in QSAR stands for physicochemical, biological, and
chemical space knowledge of training set based on which the model has been developed. The
model is capable of predicting new compounds when they belong to the same chemical
domain (Roy et al., 2015). The purpose of AD is to confirm the model assumptions. To
investigate AD of the training set, one can analyze the features of the multivariate descriptor
information of the training set compounds or can analyze similarity-based metrics. When a
compound is highly dissimilar to the training set compounds, the reliability of the particular
compound is unlikely. The concept of AD was used in the final model to avoid the unjustified
extrapolation of prediction. In this study, we have checked the applicability domain for the
MLR model with the leverage approach (Gramatica, 2007 ; Eriksson et al., 2003) using
STATISTICA software (http://www.statsoft.com/), and for the PLS model, we have
performed DModX (distance to model) approach (Wold, 2001) using SIMCA-P software
(info@umetrics.com:www.umetrics.com ) at 99% confidence level. Through the leverage
approach, it is possible to determine whether a compound is within the chemical space or
outside. If the leverage values (h) of the compounds are less than the critical value (h*), then
the prediction can be considered reliable and vice versa. The critical value ( h*), calculated as
h* = 3p'/,,, where p’ stands for the modeled variables plus one and 'n' stands for the number
of compounds used in model development. We can easily detect the outlier from plotting
leverages (Hat diagonal) against cross-validated standardized residuals (R), i.e (William's
plot). Compounds with cross-validation standardized residual greater than three standard
deviation units, 1.e., >2.50 can be considered as outlier

3.4. Study 4: Nano-read-across predictions of toxicity of metal oxide engineered
nanoparticles (MeOx ENPS) used in nanopesticides to BEAS-2B and RAW 264.7cells.

3.4.1. The dataset

The cytotoxicity data on RAW 264.7 and BEAS-2B cell lines were taken from previously
published literature (Zhang et al.,2012). The cytotoxicity data were obtained from two
different assay methods (i.e., MTS and ATP) for a single cell line. A total of four datasets
were used for modeling purposes with the half-maximal effective concentration in the
logarithmic (log (1/ECso)) scale as the endpoint. Here, four datasets containing 9 (Dataset 4.
1) (Table 3.7), 10 (Dataset 4. 2) (Table 3.8), 10 (Dataset 4. 3) (Table 3.9), and 12 (Dataset
4. 4) (Table 3.10) MeOx ENPs respectively were taken for modeling purposes. Merging
compounds from two datasets (ATP assay data) out of the four datasets from RAW 264.7 and
BEAS-2B cell lines, common eight MeOx ENPs were used to develop the nano-quantitative
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toxicity-toxicity relationship (nano-QTTR) model. The same four datasets were also further
utilized for predictions using the similarity-based approach.

Table 3.7. Dataset 4. 1: Log (1/ECs0) in BEAS-2B cell (ATP assay method).

1D Metal oxide log (1/ECs0)
1 Co0304 -1.37

2 Cr20s -1.55

3 Ni203 -1.8

4 CuO -1.38

5 Mn20O3 -1.12

6 CoO -1.64

7 7n0O -0.56

8 La203 -19.26

9 Sb203 -18.12

Table 3.8. Dataset 4. 2: Log (1/ECs0) in BEAS-2B cell (MTS assay method).

ID Metal oxide log (1/ECs0)
1 Co0304 -3.71
2 Cr03 -2.53
3 Ni,03 -2.52
4 CuO -1.38
5 Mn,O3 -1.05
6 CoO -1.71
7 LaOs -56.34
8 Sb203 -12.12
9 In203 —5.62

10 Y203 -15.42

Table 3.9. Dataset 4.3: Log (1/ECso) in RAW 264.7 cell (MTS assay method).

ID Metal oxide log (1/ECs0)
1 C0304 -2.59
2 Cn03 -2.67
3 Ni,O3 -2.5
4 CuO -1.12
5 Mn203 -1.01
6 CoO -1.8
7 Zn0O -1.24
8 HfO; -16.75
9 NiO -2.18

10 Yb,03 -20.72
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Table 3.10. Dataset 4.4: Log (1/ECs0) in RAW 264.7 cell (ATP assay method).

ID Metal oxide log (1/ECs0)
1 C0304 -1.35
2 Cn 03 -1.07
3 Ni203 -1.94
4 CuO -1.16
5 Mn203 -1.1
6 CoO -1.68
7 Zn0O -0.91
8 Gdx03 -10.02
9 HfO» -9.45

10 SnO> -5

11 Y>03 -2.14

12 La203 -8.52

3.4.2. Molecular Descriptors

Molecular descriptors are used to encode the properties of MeOx ENPs. The complex
behavior of metal oxides complicates their descriptor calculations making it a difficult job for
the QSAR researchers. Therefore, in the present study, fifty-eight periodic table descriptors
were calculated which include twenty-three 2" generation periodic table descriptors
calculated from the primary descriptors (De et al., 2018), and thirty descriptors were taken
from the Elemental Descriptor Calculator software available from
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab
tools?authuser=0),. Additionally, some basic information about the metals was taken from
the periodic table to encode the cytotoxicity of RAW 264.7 and BEAS-2B cell lines.

3.4.3. Small Dataset Modeler for feature selection

The choice of appropriate structural characteristics that can quantitatively describe the
variation of the MeOx ENPs’ structures is essential for computational modeling. This is
because the general concept of the read-across method is based on the assumption that similar
compounds will bear similar responses to toxicity. Hence, to identify the structural features
that can relate to the toxic features of MeOx NPs to RAW 264.7 and BEAS-2B cell lines, the
Small Dataset Modeler software version 1.0.0 (Ambure et al., 2019) was utilized. The
existing dataset contains limited data for modeling, and handling datasets with limited data
points (less than 20) is problematic for statistical model development as lower degrees of
freedom lead to statistically less interesting and unreliable models. The small dataset modeler
software (http://teqip.jdvu.ac.in/QSAR Tools/) can handle the situation as it works with the
whole data set without training-test splitting and cross-validates the models using the double
cross-validation technique. This software performs dataset curation, “exhaustive” double
cross-validation, and performs consensus predictions as optimal model selection techniques.
In the Double Cross-Validation (DCV) strategy, the internal loop (training set) is divided into
a calibration set and a validation set where the calibration set is used for model development
and model selection, and predictivity is entirely checked by the validation set. In the case of
Small Dataset Modeler software (Ambure et al., 2019), the whole dataset is used as modeling
set in the inner loop (avoiding the data splitting step in the inner loop). The modeling set is

57



https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab
http://teqip.jdvu.ac.in/QSAR_Tools/

Chapter 3 Materials and methods

constantly divided into all possible ‘k’ combinations of calibration and validation sets. The
developed calibration set is used to develop multiple linear regressions (MLR) or partial least
squares models (PLS) wusing the genetic algorithm-MLR (GA-MLR) technique
(Devillers,1996; Venkatasubramanian and Sundaram, 2002). Again, the validation set is used
to derive the prediction quality of the respective developed models. The results obtained from
the PLS models of BEAS-2B cell and RAW 264.7 cell datasets were found to be statistically
significant. The descriptors obtained from the four PLS models with significant outcomes
were used in the read-across technique.

3.4.4. Read-Across based predictions

After selecting appropriate descriptors from the four PLS models, a machine learning
approach based on similarity measures was performed. This approach uses the Quantitative
Read-Across v4.0 tool available from our laboratory website
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home). The Read-across
approach uses Euclidean distance, Gaussian kernel function, and Laplacian kernel function-
based similarity techniques. This method requires optimization of hyper-parameters, i.e.,
sigma and gamma values; distance, and similarity thresholds. The best result obtained with
the specific hyperparameter was selected as the final set to get the desired outcome. Each of
all four datasets was divided into a training set (source compounds) and a test set (target
compounds). Since the dataset was small (less than 20), conventional dataset division, i.e.
70% data points in the training set and 30% in the test set does not appear to be satisfactory.
In such a case, the number of test set compounds would be very limited to check the quality
of predictions. For read-across predictions, “many” source compounds are not usually
required as the limited number of close source compounds would be sufficient to make
efficient predictions. Therefore, 50% division was opted (Gajewicz, 2017), and the division
was done randomly many times to further avoid any bias during modeling. The read-across
method is well illustrated in Figure 3.8.

3.4.5. Applicability domain

The applicability domain (AD) in QSAR (Gadaleta et al., 2016) is the physicochemical,
structural, and biochemical space knowledge of the training set compounds based on which
the model has been developed. Prediction of the new compounds is possible when the new
entity falls in the same chemical domain of the modeled descriptors. AD confirms the model
assumption for which type of compounds the model is reliably applicable. Therefore, in this
study, the AD assessment for the developed PLS models was done by the DModX approach,
i.e., distance to model in the X-space with SIMCA 16.0.2 software. The AD was checked at a
99%confidence level (D-crit = 0.009998).
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Figure 3.8. The Read-across flow diagram (Study 4).

3.4.6. Nano-QTTR model development

The common eight compounds were taken from the ATP assay of both BEAS-2B cell and
RAW 264.7 cell datasets with cytotoxicity values (ECs0%), for model development. It is
interesting to note that initially without any chemical descriptors, just simple linear regression
was performed between the cytotoxicity data of both BEAS-2B cells and RAW 264.7 cells.
The encouraging results from the MLR model inspired us to develop the nano-QTTR model.
Subsequently, identification of the most relevant descriptors from the pool of fifty-eight
descriptors was done employing the stepwise regression technique (stepwise-MLR)
(Darlington,1990). Along with the selected descriptors, the cytotoxicity of one of the cells
was used as the predictor variable to predict the cytotoxicity of the other cell using the partial
least squares (PLS) method (Wold, 1995) (Figure 3.9). As we know that finding a large
number of data points relevant to MeOx ENPs is difficult, therefore QTTR models may give
us the insight to predict MeOx ENPs’ toxicity to various species despite a limited number of
available data points and help in data gap filling. The experimental values of the eight metals
were available for the ATP assay methods (Dataset 4.1 and Dataset 4.4) and not for the MTS
assay methods (Dataset 4.2 and Dataset 4.3). Therefore, these were not applied in QTTR
modeling.
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Figure 3.9. Flowchart of the present work (Study 4).

3.4.7. Statistical validation metrics

The validation of the developed model is crucial for the QSAR study. Multiple rigorous
assessments were performed to determine the predictability, stability, and robustness of the
developed models. All the models were evaluated as per the OECD guidelines. Here, we have
computed the determination coefficient (R?), leave-one-out determination coefficient (Q*Loo),
and mean absolute error (MAE) (Roy et al., 2016). Additionally, rn?> metrics (Roy et al.,
2012) for the final PLS models (Wold, 1995) were also calculated. Furthermore, Q% and
Q2r2, RMSEP, and MAE were also calculated for read-across prediction.

For compliance of the developed models with the OECD guidelines for applicability in
regulatory purposes, the following principles were applied:

Principle 1 (a defined endpoint): The responses being modeled in the present work for the
different datasets were measured under identical conditions. Thus, the QSAR models were
developed following the 1st OECD principle.

Principle 2 (an unambiguous algorithm): Various chemometric tools based on specific
algorithms were employed for the calculation of the different categories of descriptors and
subsequent QSAR model development using specific software packages. Thus, the model
development pathway employed for the present studies follows a definite algorithm.
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Principle 3 (a defined domain of applicability): The domain of applicability of all the
statistically significant PLS QSAR models was analyzed using the DModX method. Thus, the
selection of the best QSAR model was done in corroboration with this principle.

Principle 4 (appropriate measures of goodness-of-fit, robustness, and predictivity): All
the developed models were rigorously validated using internal, external, and overall
validation approaches. The quality of fitness and the predictive potential of the developed
models were assessed based on the different validation metrics while the robustness of the
models was judged using the randomization approach. The selection of the most significant
models based on the acceptable values of the various validation metrics accounts for the
compliance of the models with the 4th guideline.

Principle 5 (a mechanistic interpretation): All the descriptors appearing in the developed
QSAR models could aptly define the essential structural attributes of the molecules imparting
optimum endpoint values thus signifying suitable mechanistic interpretation of the developed
models.

3.5. Study 5: Understanding mechanism governing the inflammatory potential of metal
oxide nanoparticles using periodic table-based descriptors: A nano-QSAR approach.

3.5.1 Dataset

The toxicity data used for model development were obtained from the literature (Huang et al.,
2020). 32 MeOxNPs were analyzed for fold change (FCir.1p), and cell viability. The doses for
the cell viability dataset were 100-200 pg/mL, which resulted in 54 data points. Here, two
datasets were used that is dataset 5. 1 with 32 MeOxNPs with fold change (FCi-1p) as
endpoint (i.e., Table 3.11) and dataset 5. 2 with 54 MeOxNPs that have —In (p/1-p) as its
endpoint and considered 100-200 pg/mL doses (Table 3.12).

We have changed the cell viability dataset endpoint to (-In (p/1-p)) for a better understanding
of the toxicity (Mitteroecker and Bookstein, 2011). The release of cytokine interleukin (IL)-
Ibeta (IL-1b) from the THP-1 cells and (-In (p/1-p)) were used as an indicator for the toxicity
assessment and thus was used for further modeling purposes. The THP-1 cell line can be used
in immune system disorder research, immunology research, and toxicology research.

The Fold Changes of IL-1b production (FCi-1p) were expressed as the level of MeOxNPs
induced IL-1b release in THP-1cells. It was calculated using the following equation 3.1:

avg (Sample)

FCIL_Iﬁ - avg(Control)

(3.1)

Here, avg (Sample) stands for the average level of IL-1b (ug/mL) induced by specific MeOx
NPs at each dose, and avg (Control) stands for the average level of IL-1b (ug/mL) for
untreated THP- 1cell lines.

61



Chapter 3 Materials and methods

Table 3.11. Dataset 5.1 MeOxNPs were analyzed for fold change (FCir-1p).

Sl. No Metal oxide Exp. Fold-change (FC)
1 AlLO3 3.15
2 Co0304 0.44
3 Cn0O3 0.5
4 Fe)Os 2.83
5 TiO, 1.77
6 Y>03 26.63
7 7rO; 2.34
8 Smy0;3 46.44
9 In203 3.38

10 LayOs3 38.63
11 Dy»0s 29.69
12 Er,O3 24.24
13 Bi,03 1.35
14 Ni2O3 1.25
15 Yb,03 36.05
16 Gd,03 31.37
17 HfO, 1.98
18 ZnO 0.29
19 CuO 0.86
20 MnO» 25.04
21 Nd,O3 25.61
22 Eu,0s 42.96
23 Fe;04 3.61
24 WO3 0.73
25 CoO 0.31
26 SnO, 0.39
27 PrsO14 95.67
28 MoO3 1.82
29 Ta,05 9.96
30 Nb2Os 2.71
31 Mn304 41.88
32 MoO; 6.28

Table 3.12. Dataset 5.2 MeOxNPs were analyzed for In(1-p)/p.

SL. No Metal oxide In(1-p)/p
1 AlO3-6 -6.72423
2 Co0O-6 -2.62733
3 CoO-7 -5.59572
4 Co0304-7 -5.2933
5 CuO-7 -3.37769
6 Dy»03-7 2.813481
7 Er03-6 3.3903
8 Er0s-7 0.0016
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9 Eu,O3-7 1.228181
10 Fe,03-6 -0.65484
11 Fe,Os3-7 0.145858
12 Fe;04-7 1.394439
13 Gd,03-6 6.906755
14 Gd,03-7 -2.95714
15 Co304-6 -2.16433
16 MnO»-6 -2.96569
17 MnO,-7 -2.16866
18 Mn;,03-6 -3.12222
19 Mn,053-7 -1.86003
20 Nd»O3-6 -3.61153
21 Nd>O3-7 -3.69691
22 NiO-6 -4.62588
23 NiO-7 -2.81348
24 Ni,03-6 -1.89302
25 Ni,O03-7 -2.94444
26 Sb,03-7 -2.79123
27 Cr03-6 -1.98865
28 Smy03-7 -2.54149
29 SnO»,-7 -1.57152
30 Ce07-6 1.263337
31 Ti0»2-6 4.027899
32 Eu20s-6 2.078542
33 TiO»-7 2.915349
34 HfO,-7 -3.01394
35 Y203-6 -2.18947
36 Y203-7 -6.07254
37 Yb,03-6 -1.86605
38 ALO3-6 -1.96897
39 Co0O-6 0.187346
40 Co0O-7 -5.7414
41 Co0304-7 -4.4364
42 CuO-7 -2.75687
43 Dy»03-7 -1.89831
44 Er,Os-6 -4.34543
45 Er03-7 -2.97648
46 Eu,O03-7 -4.91255
47 Fe,03-6 -4.85881
48 Fe,Os5-7 -4.03373
49 Fe304-7 -2.56086
50 Gd,03-6 -1.87729
51 Gd,03-7 -5.17937
52 Co0304-6 -2.49513
53 MnO»-6 0.09447
54 MnO;-7 2.624154
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3.5.2 Periodic table descriptor calculations

We have taken some of the basic pieces of information from the periodic table to calculate
descriptors for MeOx NPs. The metal’s information was taken directly from the periodic
table and calculated with the Elemental Descriptor Calculator software available from
((https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab
tools?authuser=0), are known as the first-generation periodic table descriptors and those
calculated using some relevant formulas are known as the second-generation periodic table
descriptors (De et al., 2018). A total of forty-four descriptors were calculated out of which
twenty-eight were 1st generation and sixteen were 2" generation periodic table-based
descriptors. These descriptors were calculated in no time which is convenient as well as cost-
effective. It is worth mentioning here that these descriptors are independent of nanoparticle
size, and these descriptors can be utilized in the mixture calculation of MeOxNPs which is
problematic with quantum chemical descriptors.

3.5.3 Model development

We have developed MLR (multiple linear regression) models with FCIL-1f (Dataset 5.1) and
PLS model with (-In (p/1-p)) (Dataset 5. 2) datasets. For regression modelling, at first, linear
regression was performed with the first set of data comprising 32 MeOxNPs (Dataset 5.1).
After randomly dividing the training and test sets (70:30), feature selection was carried out
using the Genetic algorithm (GA). With the selected features, multiple linear regression was
performed using the MINITAB Software (MINITAB is a Statistical Software of Minitab Inc.,
USA http://www.minitab.com) for model development. A schematic diagram of the whole
process is illustrated in Figure 3.10. For PLS regression modeling with -In (p/(1-p)) endpoint
(Dataset 5.2) we have performed stepwise regression in MINITAB software. Further, partial
linear regression (PLS) analysis was performed with the features obtained from stepwise
regression procedure followed by best subset selection (BSS) (Mitteroecker and Bookstein,
2011).

3.5.4 Validation metrics

All the requisite internal and external validation metrics were computed using the training
and test sets respectively for the MLR models. The fitting potential of regression-based
models was determined based on some statistical metrics like the determination coefficient
(R?), the correlation coefficient of the model (Q?), and root-mean-square error (RMSE) for
internal prediction. External validation was checked by the validation metric Q?r1. The rm 2
metrics namely > and Arn? developed by Roy (Roy et al. 2012) were also employed for the
present work. Further, the reliability of the developed MLR model developed using 32 data
points was checked on a true external set using the PRI (Prediction Reliability Indicator) tool
from the DTC website (http://teqip.jdvu.ac.in/OSAR_Tools/). The reliability of predictions
was checked on 37 MeOx NPs (Table 3.13) that lacked experiment data. This tool
categorizes the quality of prediction of true external set into three groups i) good (with
composite score 3), ii) moderate (with composite score 2), and iii) bad (with composite score
1) (Roy et al. 2018).
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Table 3.13: External dataset

SI. no. Metal oxides
1 Ag>0
2 Au,O
3 Auy03
4 AgO
5 GeO
6 Rh,03
7 PtO,
8 PtO
9 PdO

10 PbO
11 PbO,
12 RuO;
13 I 03
14 0s02
15 HgO
16 BeO
17 Cdo
18 TcO,
19 ReO»
20 T1,O
21 TLO3
22 Gax03
23 V203
24 CaO
25 SrO
26 Sco0s3
27 BaO
28 Tm;0Os
29 Tb203
30 CeO,
31 IrO,
32 MgO
33 MnO»
34 Mo,03
35 Nb,O3
36 Ta203
37 WO,
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Figure 3.10. Workflow of the present work (Study 5).

3.6. Study 6: Prediction of cytotoxicity of heavy metals adsorbed on nano-TiO2 with
periodic table descriptors using machine learning approaches.

3.6.1 Dataset

The dataset was collected from the previously published literature (Sang et al., 2022). A
mixture of nano-TiO2 powders was added to HK-2 cells in Hyclone DMEM medium
supplemented with 10% fetal bovine serum (FBS) and 100 mg penicillin/streptomycin and
maintained at 37 °C in the presence of 5% carbon dioxide. Nine concentrations of heavy
metal salts were added to a constant amount of nano-TiO2 (25 umol/L). The details of heavy
metal concentrations are given in Table 3.14.
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Table 3.14: Various concentrations of heavy metals in umol/L.

S.mo. CdCl2  ZnCl2 CuSO4 NiClz Pb(NO3)2 MnCl2 SbClzs  CoCl:

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

Table 3.15. Cytotoxicity of heavy metals adsorbed on nano-TiO»

Compound Id MeOx NPs Observed value
1 CdCl, 0.9238
2 CdCl, 0.7484
3 CdCh 0.6705
4 CdCh 0.5967
5 CdCh 0.5490
6 CdCl, 0.4974
7 CdCl, 0.4838
8 CdCl, 0.4513
9 CdCh 0.4049
10 ZnCl, 0.9631
11 ZnCl, 0.9467
12 ZnCly 0.9285
13 ZnCly 0.9339
14 ZnCly 0.9057
15 ZnCh 0.8973
16 ZnCh 0.7987
17 ZnCh 0.2918
18 ZnCl, 0.0863
19 MnCl 0.9428

20 MnCl 0.8859
21 MnCl, 0.7757
22 MnCl, 0.7296
23 MnCl, 0.6843
24 MnCl 0.5563
25 MnCl 0.5289
26 MnCl 0.4538
27 MnCl, 0.4569
28 CoCl, 0.8723
29 CoCl, 0.6303
30 CoCl, 0.5937
31 CoCl 0.5641
32 CoCly 0.4969
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33 CoCly 0.4107
34 CoCl, 0.3362
35 CoCl, 0.3023
36 CoCl, 0.2776
37 CuSOq4 0.9263
38 CuSOq4 0.7974
39 CuSOq4 0.7505
40 CuSOq4 0.6778
41 CuSOq4 0.4540
42 CuSOq4 0.2084
43 CuSOq4 0.0881
44 CuSOq4 0.0327
45 CuSOq4 0.0010
46 NiCl, 0.8850
47 NiCl, 0.7578
48 NiCl, 0.6436
49 NiCl, 0.5879
50 NiCl, 0.5257
51 NiCl, 0.4989
52 NiCl, 0.4900
53 NiCl, 0.4862
54 NiCl, 0.4582
55 Pb (NO3) 0.6684
56 Pb (NO3) 0.5450
57 Pb (NO3) > 0.4578
58 Pb (NO3) 2 0.4426
59 Pb (NO3) 2 0.4463
60 Pb (NO3) 2 0.3873
61 Pb (NO3) 0.3665
62 Pb (NO3) 2 0.3706
63 Pb (NO3) 2 0.3501
64 SbCl; 0.6694
65 SbCls 0.5401
66 SbCls 0.2747
67 SbCls 0.0831
68 SbCls 0.0177
69 SbCls 0.0146
70 SbCls 0.0123
71 SbCls 0.0123
72 SbCls 0.0058

HK-2 cells were utilized to determine the toxicity in this study using cell viability as the
endpoint. HK-2 cells are a sensitive model for examining renal cytotoxicity. They grow in
monolayers and are suitable for studying the proximal tubular toxicity of a variety of
compounds (Menze et al., 2009). The main advantage of HK-2 cells is that they retain the
basic morphological and functional properties of proximal tubular epithelial cells (Marcilio
and Eler, 2020). Cell viability was measured by using equation 3.2.
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S = Aexp_Ablank (32)

Acontrol—Ablank

Here, S stands for cell survival rate, Acyp 1s the absorbance value of the experimental group,
Acontrol 18 the absorbance value of the control group, and Apiank is the absorbance value of the
blank control group. Table 3.15 contains the cytotoxicity of heavy metals adsorbed on nano-
TiO; with varying concentration.

3.6.2 Descriptor calculation

Based on the characteristics of metals, we used periodic table—based descriptors, which are
easily calculated from the periodic table. Simple molecular information is generated in no
time, which is time-effective as well as cost-effective. The previously used descriptors by Kar
et al.(2014) are metal electronegativity (), the sum of metal electronegativity for individual
metal oxide (3 x), the sum of metal electronegativity for individual metal oxide divided by the
number of oxygen atoms present in a particular metal oxide (3.x/NO), number of metal atoms
(NMetal), number of oxygen atoms (Noxygen), the charge of the metal cation corresponding to a
given oxide (yox) and molecular weight (MW), which are termed as 1st generation periodic
table-based descriptors. The newly introduced sixteen descriptors are denoted as second-
generation periodic table descriptors (De et al., 2018). In addition to being computationally
less demanding, periodic table-based descriptors are size-independent.

3.6.3 Splitting of data set and hyper-parameter tuning

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

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

3.6.4 Feature Selection with RF

The goal of feature selection techniques is to find the best set of features that allows one to
build optimized models. Feature selection using random forest (RF) comes under the
embedded method. The embedded method combines the benefits of the filter and wrapper
techniques. This method encompasses the interaction of features while maintaining
reasonable computational costs. In the embedded methods, each iteration of the model
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training process is taken care of, and a few features are carefully extracted that contribute the
most to the training process. More precisely, it measures how much impurity is reduced by
averaging (weighted average) through each tree node with the selected features. Here, each
node is equivalent to the number of training samples associated with it. Through the RF
algorithm, we have selected the best contributing eight periodic table-based descriptors i.e.,
Conc, Yy, atomic radius, IP_ActivM, Mol Wt, x of metal, D3_HeteroNonMetal, and the total
atom in a molecule from the pool of 43 periodic table-based descriptors through sorting the
most contributing features having highest Gini importance (Menze et al., 2009). The selected
first eight descriptors (most contributing features) were further used for modeling using RF,
AdaBoost, Gradient Boost, and Extreme Gradient Boost algorithms.

3.6.5 Model development

This section introduces four classification models; all are ensemble learning models. ML is a
subset of AI (Artificial Intelligence) where the machine learns from data improves
performance from past experiences and makes a prediction based on it (Marcilio and Eler,
2020). In this study, along with RF, Gradient Boost, Extreme Gradient Boost, and AdaBoost
were also performed. In the supervised learning approach, a model is trained on labeled
datasets. Regression analysis algorithms are trained and learned from both input features and
output labels. Regression analysis seeks a mapping function from the input features for a
continuous output function. In this study, there was no intention to categorize but to predict
quantitatively the responses. So, the supervised regression method was selected to map the
function of heavy metals and predict the cytotoxicity of these metals on HK-2 cells using
periodic table-based descriptors. For the model development, after the dataset division and
feature selection, different ML algorithms were applied. The overall workflow is illustrated in
Figure 3.11.

3.6.6 SHAP analysis

The feature importance in the model was performed using the Shapley Additive exPlanation
(SHAP) method using SHAP version 0.41.0. SHAP framework takes into account the
calculation of Shapley value. These values are calculated from the average marginal
contribution of each feature from all conceivable coalitions. Firstly, the dataset is
incorporated into the model, then the SHAP framework assigns the Shapley value to each
feature that contributes to the corresponding output of the model. Therefore, SHAP helps to
select the features based on the ranking algorithm (Criminisi et al., 2012). We have selected
the best features with the one having the highest Shapley values for the training set. Since the
standards method tends to overestimate the continuous variable.
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Figure 3.11. Flowchart of the present work (Study 6).

3.6.7 Model validation

A reliable model should pass the threshold values for different internal and external
validation metrics. Internal validation generates the generalization ability and robustness of
the model. On the other hand, the external prediction is used to validate the model. The most
common metrics to measure internal quality are the coefficient of determination (R? and Q?
Loo). Besides these, we have also calculated the root mean square error (RMSE) of the
training set. MAE («sy) (mean absolute error), RMSEP (root mean square error of prediction),
Q?F;, and Q°F, were used for external validation or for the test set. The evaluation criteria
included are as follows: Q? Loo and Q?F;, greater than 0.5, RMSE should be between 0.2 and
0.5 whereas the closer the value of the MAE is to 0, the better (Pesantez-Narvaez et al.,
2019).
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3.7. Study 7: Exploring the relationships between physiochemical properties of
nanoparticles and cell damage to combat cancer growth using simple periodic table-
based descriptors.

3.7.1 Dataset

The study is based on two datasets, i.e., dataset 7. 1 (Zeta potential) (Table 3.16) and
dataset 7. 2 (cell membrane damage). Dataset 7. 1 consists of 18 metal oxide nanoparticles
(MeOx NPs) that were investigated on 5 types of MeOx NPs (MO, MO,, MO3, M>0O3, and
M304). This data was obtained from Cao et al., (2020) where the Zeta potential of MeOx NPs
was measured in a cell culture of 20% foetal bovine complete medium. Dataset 7. 2 was
taken from Toropova et al. (2015) where the cell damage measurement was performed based
on the uptake of propidium iodide (PI). The dataset is related to the variation of four doses
(50, 100, 150, and 200 pg/mL) and exposure time ranging from 1 to 7 hrs that result in 132
MeOx NP data points (Table 3.17).

Table 3.16. Dataset 7.1: Zeta potential of MeOx NPs

Compound Id MeOx NPs Zeta potential
1 O=[Bi1]O[Bi]=0 17.1
2 0O=[Ce]=0O 17.4
3 0O=[Co]O[C0]O[Co0]=0 22.6
4 O=[Hf]=0O -17.8
5 O=[Mn]O[Mn]=0O -15.9
6 O=[Ni] 344
7 O=[Si]=0 -18.7
8 O=[Ti]=0O -12.2
9 O=[W](=0) =0 -23
10 O=[Zn] 13.9
11 O=[Zr]=0 -2
12 O=[Fe]O[Fe]=0 4.2
13 0O=[Gd]O[Gd]=0O 19.3
14 O=[La]O[La]=0O 25.4
15 O=[Sb]O[Sb]=0O 54
16 O=[Sn]=0O -20.5
17 O=[Yb]O[YDb]=O 46
18 O=[Cr]O[Cr]=0O 2.2

Table 3.17. Dataset 7.2: Cell damage data

Compound Id MeOx NPs Cell damage
1 ZrOs -3
2 YY.Os3 -2.75
3 YY.Os -3
4 YY.O3 -3
5 YY.O3 -3.125
6 YY.O3 -3
7 TiO, -2.875
8 SnO», -3
9 SnO, -3
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10 SnO, -3.125
11 SiO; -3.25
12 SiO; -3.125
13 SiO; -3.125
14 SiO, -3.125
15 Si0; -2.875
16 SbSbO3 -3.125
17 SbSbO3 -2.875
18 SbSbO3 -3.125
19 Lala.Os; -2.625
20 HfO, -2.875
21 GdGd.Os -3
22 GdGd.Os -3.05
23 GdGd.Os -3.125
24 GdGd.Os -3.125
25 GdGd.Os -3
26 GdGd.Os -2.75
27 FeFe.Fe.O4 -2.875
28 FeFe.Fe.O4 -3.5
29 CuO -3.125
30 CrCr.O3 -2.875
31 CrCr.O3 -3
32 CoO -4.375
33 CoO -5
34 C0Co0.C0.04 -3
35 CeO, -4.5
36 YbYb.O3 -2.875
37 YbYb.O3 -2.875
38 YY.O3 -3
39 YY.O3 -2.75
40 YY.Oq4 -3.125
41 WO;3 -3.125
42 WO;3 -3.5
43 WO;3 -4.575
44 WO3 -3
45 SnO» -3.25
46 SnO, -3.125
47 SnO, -3.125
48 SnO, -3.125
49 Si02 -3
50 Si0; -3.125
51 SbSbOs -4.625
52 SbSb.O3 -4.375
53 NiO -3.575
54 GdGd.Os -3.55
55 FeFe.Fe.Oq4 -3.125
56 FeFe.Os -4.75
57 CuO -2.875
58 CuO -3
59 CuO -1.5
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60 CrCr.O3 -3.875
61 V4{0)) -3.125
62 V4{0)) -3.125
63 7rO» -3
64 7rO; -3
65 YbYb.O3 -2.875
66 YY.O; -2.875
67 WO3 -4.5
68 WO3 -3
69 TiO» -3
70 TiO» -2.875
71 TiO, -2.875
72 TiO» -2.875
73 TiO; -2.5
74 SnO; -3
75 Si0, -3.125
76 NiO -3.55
77 NiO -3.8
78 NiO -4.5
79 NiO -4.75
80 NiO -4.875
81 InIn.O3 -3
82 Inln.O3 -3.125
83 InIn.O; -2.875
84 InIn.O; -3
85 Inln.O3 -3
86 HfO, 2.8
87 HfO, -2.9
88 GdGd.O3 -3
89 FeFe.Os -3.625
90 FeFe.Os; -3.375
91 FeFe.O3 -4.125
92 CuO -3
93 CrCr.O3 -4
94 C0Co0.C0.04 -4
95 C0Co0.C0.04 -4
96 CeO, -2.75
97 CeO, -2.875
98 CeO, -3
99 7rO; -3
100 YbYb.0O03 -2.875
101 YbYb.O3 -3
102 YbYb.0O4 -2.875
103 YY.O3 -3
104 YY.O3 -2.75
105 YY.O3 -3
106 YY.O3 -2.875
107 WO;3 -2.75
108 SnO, -3.125
109 SnO, -3
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110 SnO; -3
111 SnO; -3.125
112 SiO; 3.5
113 SiO; -3.25
114 SbSb.O3 -3.5
115 MnO3 -3
116 LalLa.Os -4.15
117 LalLa.O3 -3.675
118 LalLa.O3 -3.125
119 LalLa.O3 -2.875
120 InIn.Os -2.875
121 InIn.O3 -3
122 InIn.O3 -2.875
123 Inln.O3 -3.125
124 Inln.O3 -3.175
125 HfO, -2.75
126 GdGd.Os -3.525
127 FeFe.Fe.O4 -2.625
128 C0Co0.Co..04 -3.875
129 CeO, -2.875
130 CeO, -2.75
131 CeO, -3
132 AlAlO3 -2.875

3.7.2 Descriptor calculation

Selecting the appropriate descriptors is crucial for property and toxicity modeling.
Quantitative values of chemical features (descriptors) play a significant role in determining
the target endpoint. Therefore, in this study, we have calculated periodic table-based
descriptors (PT descriptors) for calculating the relevant features contributing to respective
property and toxicity endpoint. The physicochemical features encoding the information of
MeOx NPs into PT descriptors were used to build prediction models for Zeta potential and
cytotoxicity (cell damage). The basic information of MeOx NPs was directly taken from the
periodic table and some were calculated with the Elemental Descriptor Calculator software
available from ((https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab
tools?authuser=0), termed as1® generation periodic table descriptors. On the other hand, the
2" generation PT descriptors were calculated using some relevant formulas (De et al., 2018).
These descriptors are calculated without any expert intervention, and these are independent of
size variations.

3.7.3 Splitting of the data sets

Dataset division or splitting of the dataset into a training set and a test set is essential for
developing statistically robust nano-QSPR models. Each of the datasets, i.e., the Zeta
potential dataset and cell damage dataset, was divided into training and test sets with a ratio
of 7:3 wusing dataset division software present in the DTC lab software site
(http://teqip.jdvu.ac.in/QOSAR_Tools/). Accordingly, thirteen compounds were in the training
set and five compounds in the test set for the Zeta potential dataset whereas for the cell
damage dataset, 111 compounds were present in the training set, and the rest 21 compounds
were in the test set. The training set compounds were used for feature selection and model
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development; on the contrary, the test set was utilized for assessing the predictivity of the
developed model.

3.7. 4 Model development
3.7.4.1 Zeta potential ({) QSPR model

To develop the property-based QSPR model, the training set was utilized for model
development. The training set of 13 compounds was processed through feature selection via
stepwise regression and genetic algorithm (GA) (Sivanandam et al., 2008). After feature
selection, the training set was utilized for model development through stepwise regression
using the MINITAB software (MINITAB is a Statistical Software of Minitab Inc., USA,
http://www.minitab.com). The multiple linear regression (MLR) model was obtained with
three descriptors keeping the F values to enter and remove 4 and 3.9, respectively. Finally, a
PLS (partial least squares) model was developed with the selected features from the MLR
model. The developed PLS model consisted of 1 LV (latent variable) which was also
developed in the same software as the MLR model, i.e., MINITAB software.

3.7.4.2 Cell damage QSPR model

Previously developed QSPR model (Zeta potential dataset, i.e., Dataset 7.1) was utilized to
calculate the Zeta potential of the MeOx NPs in the cell damage dataset (Dataset 7.2) that
lacks the Zeta potential information (imputation of sparse data) and was used as a descriptor
in case of model development along with the PT descriptors. Although the solvents used for
testing metal oxides in both datasets differ, the work involves correlating the zeta potential
data (experimental or computed) with the cell damage model as a descriptor. Cao et al.
(2020) also used zeta potential as one of the determinants for the endpoint modeled. The zeta
potential of all data points was determined in the same solvent, and this does not contribute to
the variations in zeta potential values due to solvents. This work is similar to imputation in
QSAR modeling, where a missing value is replaced by a predicted value from another model
(Walter et al.,, 2022). The training set with 111 compounds (MeOx NPs) after feature
selection through GA was further used for model development. The model development was
performed with stepwise regression using the MINITAB software followed by the best subset
selection (BSS) method. Further, to enhance the quality of predictions for the test set, we
have performed a chemical read-across (RA) approach for the developed MLR model with
eight descriptors.

3.7. 5 Model validation

The validation procedure is the prerequisite for the application of nano-QSPR models.
Rigorous validation of the developed models was performed following the OECD
(Organization for Economic Cooperation and Development) principles (OECD, 2007).
Validation of the model includes both internal and external validation. Internal validation
indicates the robustness and fitting of the developed model applying the training set, whereas
the test set indicates the predictivity of the developed model for the new NMs. Common
internal validation methods include the Leave-One-Out cross-validation (Q?Loo) algorithm
and the Y-randomization test (Gramatica, 2007; Gitlein et al., 2013). Model fitting ability is
expressed by the squared correlation coefficient (R?) and mean absolute error (MAE). For
judging the external predictivity for the test set, we chose the Q2%r and QZ%r metrics.
According to the Golbraikh and Tropsha (Golbraikh and Tropsha, 2002) criteria, R? should be
greater than 0.6 and Q’should be greater than 0.5 to meet the standard requirements of
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external validation. The true external set was also used to evaluate the predicting power of the
model. This was done using the Prediction reliability indicator (PRI) tool available from the
DTC lab software tools (http://teqip.jdvu.ac.in/QSAR Tools/). To further validate model 7.2
for the similarity-based prediction, we have performed chemical read-across analysis (RA).

3.7.5.1 Prediction Reliability Indicator (PRI) tool

Ensuring the reliability of predictions for a new set of data is a vital task. By making robust
predictions based on molecular features, we can estimate the external set accurately. In this
study, we wused the 'Prediction Reliability Indicator tool (Roy et al., 2018)
(http://teqip.jdvu.ac.in/QSAR Tools/) to predict the response of a true external set
comprising 49 MeOx NPs (Table 3.18). The tool categorizes the prediction quality as good,
moderate, or bad based on certain scoring rules. To assess the predictive power of the
developed QSPR models, we used the QSPR model (Model 7.1 with Zeta potential endpoint)
to predict the response of the external set. Figure 3.12. shows the overall workflow of the
present work, highlighting our confident approach to the study.

Table 3.18: External dataset (Study 7)

S1 No Metal Oxides %0X tot metal alpha Valence Electron  zeta potential
Potential (predicted)

1 Ag0 1 23 11.4 71.9356
2 Au0 1 31.2 51 81.64
3 Aur 03 3 31.2 51 66.64
4 BaO 2 54 21.3 25.0072
5 BeO 2 1 82 3.738
6 CaO 2 3 29 18.386
7 CdO 2 5.75 30 24.0475
8 C020; 3 8.333333333 38.7 20.3448
9 CoO 2 4.166666667 38.7 18.9698
10 CuO 2 9.333333333 34 30.896
11 Dy203 3 7 47.4 15.7996
12 Er,03 3 7.222222222 49 15.95933333
13 Eu,03 3 10.16666667 45.6 22.8974
14 Fe304 2.666667 12 67 25.108
15 Gax0s 3 6.222222222 69.7 9.772133333
16 GeO» 4 2.333333333 109 -13.714
17 HgO 2 7.8 28.2 28.7668
18 Ho203 3 13 47.9 28.4816
19 IrO2 4 8.2 922 2.0748
20 MgO 2 2.5 40 15.165
21 Mn304 7 11.5 220 -38.445
22 MnO, 4 3.833333333 220 -32.275
23 Mo,0s3 3 20.5 88.6 36.4794
24 MoO> 6 10.25 88.6 -7.8531
25 MoO;3 6 10.25 88.6 -7.8531
26 Nb2O3 3 20 104 32.396
27 Nb2Os 5 20 104 17.396
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Figure 3.12. Workflow of the developed QSPR (model 7.1) and QSAR (model 7.2) models
(Study 7).

3.7.5.2 Read-across (RA) analysis

The Reach-Across (RA) technique is a reliable and scientifically proven method used to
predict the endpoint of a new compound, also known as the target compound. This technique
involves utilizing data from similar substances that have a regular pattern resulting in
structural similarity analogues and bearing similar physicochemical, toxicokinetic,
toxicodynamic, and ecotoxicological properties (Chatterjee et al., 2022). Therefore, after
selecting the appropriate descriptors from the PLS model (Model 2), we have applied the
Quantitative  Read-Across v4.0 tool available from our laboratory website
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home). This tool uses a
similarity-based approach based on Euclidean distance, Gaussian kernel function, and
Laplacian kernel function. The method requires optimization of the hyper-parameters (sigma
and gamma values; distance, and similarity thresholds). To ensure the best results, we used
Dataset 7.2, which we divided into a 70% training set and a 30% test set. We further divided
the training set into a sub-training and sub-test set to fine-tune the hyper-parameters by
changing the default setting. Finally, we used the best hyper-parameters to predict the
external set and achieved the best possible results through a rigorous process.
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3.8. Study 8: Insights into nanoparticle toxicity against aquatic organisms using
regression, Read-Across and ML algorithms: QSAR models for Daphnia magna and
zebrafish.

For this study on the toxicity testing of metal oxide nanoparticles on aquatic organisms, two
datasets were used. The first dataset (Dataset 8.1) was sourced from the NanoToxdb database
(http://iitrindia.org/envis/Default.aspx) against D. magna and included 28 different MeOx
NPs represented in Table 3.19. It provided data on their physiochemical properties such as
size and the duration of exposure during toxicity testing. The data for D. magna was
expressed in mg/L, but it was later converted to a negative logarithm scale after converting
into a molar scale. The second dataset (Dataset 8.2) as shown in Table 3.20 was obtained
from the literature (Sizochenko et al., 2017) and was used to predict the toxic outcomes in
zebrafish. It analyzed the enzymatic activity of metalloprotease zebrafish hatching enzyme,
ZHE] for 24 metal oxides.

Table 3.19. Dataset 8.1: Toxicity data for D. magna

SI. No Metal oxides log (1/ECs0)
1 Ag20 4.39794
2 CeO: 1.931814
3 CeO2 1.718967
4 CeO: 1.9914
5 CeO2 1.595166
6 CeO2 1.369572
7 CeO2 1.688246
8 CeO2 4.920819
9 CuO 2.49485
10 CuO 3.337242
11 CuO 1.91364
12 Fe;04 6.638272
13 MgO 1.20852
14 TiO:z 4.79588
15 TiO:2 1.452151
16 TiO: 2259637
17 TiO: 0.995679
18 TiO2 0.521434
19 TiO: 1.29243

20 TiO2 2.790485
21 ZnO 3.20621
22 ZnO 2.9914
23 ZnO 2.850781
24 ZnO 2.716699
25 ZnO 2.769551
26 ZnO 2.138107
27 ZnO 3.119186
28 ZnO 3
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Table 3.20. Dataset 8.2: enzyme inhibitory activity of zebrafish hatching enzyme, ZHE1

SI. No Metal oxides Enzyme Activity (A), mmol/mg-min
1 ALO; 1.17
2 CeO, 1.1
3 Co304 1.25
4 CoO 1.17
5 Cn0s 0.68
6 CuO 0.62
7 Fe,03 1.15
8 Fe;04 1.02
9 Gdx03 1.1

10 HfO, 1.1
11 In20; 1.17
12 La203 1.15
13 Mn>O3 1.08
14 Ni203 1.08
15 NiO 0.81
16 Sb,03 1.15
17 Si02 1.1
18 SnO» 1.17
19 TiO2 1.1
20 WOs3 1.15
21 Y203

22 Yb203

23 Zn0O .
24 71O, 1.13

3.8.1 Theoretical descriptors

A simplified theoretical descriptor, based on the periodic table, has been recently introduced
(Roy and Roy, 2023). The descriptor set in the present study includes 41 descriptors, which
include both Ist and 2nd generation PT descriptors (De et al., 2018). Among these
descriptors, some were directly calculated from the periodic table, while the rest are derived
from the primary descriptors (1% generation). One can find the complete list of these
descriptors in the Introduction Section Table 1.2. Additionally, some related descriptors were
calculated using Elemental Descriptor Calculator software, which is available from
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/other-dtc-lab-
tools?authuser=0 . It is worth noting that the descriptors can be computed easily and promptly
without any expert knowledge.

3.8.2 Dataset division

The process of dividing a dataset is crucial when developing a model, and we have achieved
this using the DTC lab software tool site (http://teqip.jdvu.ac.in/QSAR_Tools/). We used
Euclidean distance (ED) based division for both datasets. The dataset was divided into 80:20
ratios. For the Daphnia magna dataset (Dataset 8.1), we used a training set of 23 NPs and a
test set of 5 NPs. Similarly, for the zebrafish dataset (Dataset 8.2), we used 19 NPs for the
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training set and 5 NPs for the test set. Our approach involved using the training set to develop
the model and the test set to evaluate the model's performance.

3.8.3 Important feature selection

In a QSAR study, selecting the most relevant features that contribute to the toxicity endpoint
is crucial. To extract these important features, several selection algorithms are available,
including stepwise selection, genetic algorithm, all possible features selection from best
subsets factor analysis, swarm optimization, and more. In our study, we used a genetic
algorithm (GA) (Sivanandam et al., 2008), stepwise feature selection methods (Zhou et al.,
2006), and the best selection software tool (http://teqip.jdvu.ac.in/QSAR_Tools/) to obtain
the most suitable features for model development. The selected features were then used to
build a regression-based model based on their corresponding response value or endpoint.

3.8.4 Regression based QSAR model development

Both dataset 8.1 and dataset 8.2 were trained using stepwise regression using the MINITAB
software (MINITAB is a Statistical Software of Minitab Inc., USA, http://www.minitab.com)
followed by running best selection (BSS) software tool to obtain the best possible
combination of descriptors. The multiple linear regression (MLR) model was developed
using four descriptors for dataset 8.1 and dataset 8.2. The final descriptors were selected
based on their robustness (based on Q%,,). Additionally, PLS (partial least squares) was
performed for dataset 8.1 with three LVs (latent variables). The PLS regression strategy is a
more generalized version of the “multiple linear regression (MLR)” model. The PLS model
allows for the examination of highly correlated, noisy, and collinear data that contain
significant ‘X’ variables (Wold, 2001).

3.8.5 Read-across (RA)

Read-across (RA) is a chemometric approach that uses data from a source compound to
predict a property or response for a target compound, based on similarity (Schultz et al.,
2015). It is an efficient method for predicting the properties of a query compound. To
perform the RA predictions, the selected features from the QSAR model were used with the
Read-Across-v4.1 tool (https://sites.google.com/jadavpuruniversity.in/dtc-lab-
software/home), which employs three similarity-based approaches: Euclidean distance-based,
Gaussian kernel similarity-based, and Laplacian kernel similarity-based. RA is also proposed
as an alternative technique for data gap-filling and experimental hazard assessment of NPs. In
this study, the training set was divided into sub-train and sub-test sets, followed by
hyperparameter optimization (sigma and gamma values, distance, similarity thresholds, and
close source compounds) (Feurer et al., 2019), to find the best similarity-based prediction.
The best result was then applied to the entire training and test sets. Based on the RA
hypothesis, the similarity function that gave the best prediction for the query compound was
selected in terms of QZ,0or MAE (Roy et al., 2016). The Read-Across-v4.0 software
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home) was utilized for this
work.
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3.8.6 Development of various ML (machine learning) models

The study also explored machine learning algorithms (ML) to check the predictive ability of
the created QSTR models. Various approaches such as support vector machine (SVM), linear
SVM, random forests (RF) (Rigatti, 2017), partial least squares (PLS) (Wold, 2001), and
ridge regression (RR) (McDonald, 2009) were tested. A machine learning regression model
development software available from the DTC lab
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home/machine-learning-
model-development-guis) was used to perform the task. The grid search was performed to
optimize the associated hyperparameters with 5-fold ross validation mean square error as an
objective function in each ML approach (Lerman, 1980). The selected features from the
respective MLR models were used for performing the ML algorithm. The best model was
judged based on the external Q3, performance. Figure 3.13 shows the workflow of the
present work.

Modelling methods
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Figure 3.13. Workflow of the present work (Study 8).
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Chapter 4: Results and Discussion

4.1. Study 1: Assessment of toxicity of metal oxide and hydroxide nanoparticles using the
QSAR modeling approach.

Linear regression models have been developed for the cytotoxicity data of 25 nano oxides
(hydroxides) towards macrophage RAW 267 cells using the release of LDH (ldhr) as the endpoint.
The present work was divided into two sections; at first, the whole set was subjected to the small
data set modeller due to a limited number of experimental data being available, and secondly, the
same dataset was further divided into a training set and a test set to check the predictivity of the
developed models (Table 4.1 and Table 4.2). The statistical values (R?=0.75, Q*= 0.664) of the
PLS model (N1.1) developed with the small dataset modeler were satisfactory and it was also
noted that a few descriptors obtained from the MLR models (M1.1, M 1.2, M1.3, M1.4) were
common to the PLS (N1.1) model thus justifying the importance of such descriptors. The MLR
models M1.1, M 1.2, M1.3, M1.4) were obtained through the Best Subset Selection method and
the models were subjected to the Intelligent Consensus Prediction technique. The descriptors
obtained from both the PLS model (N1.1) and MLR models (M1.1, M 1.2, M1.3, M1.4) were
elaborately discussed (Table 4.3) below with their possible mechanisms. The scatter plots of MLR
models are also shown in Figure 4.1.

The AD was also checked using the standardization approach for MLR models and DModX, i.e.,
distance to model in the X-space with SIMCA 16.0.2 software for the PLS model to calculate the

AD. At 95%confidence level (D-crit = 0.009998) the AD of the PLS model was checked (Figure
4.2).

4 4
® Traming set ® Training set
3 +Testset L] o 3 ¢ Testset Y
a
g o _4d0 0 = o S0 @
= o L] 22 [ 22 L]
3 =
£ Z
?‘ 1 My (]
A
. .
L] 1 2 3 4 » 1 4
Experimental LDH Experimental LDH
M1 M2
4 4 —
® Training set ® Traming set
5 | *Testset N # Testset
=] e o L)
a o S0 0 = o _So o
3
T oz o ° B2 o hd
s =
3 3
ko) -
A ® A1 L
®
L4 ]
» 1 2 3 4 » 1 2 E) 4
Experimental LIMI Experimental LIV
M3 M4

Figure 4.1 Scatter plots of MLR models (study 1)
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M1-D-Crit[2] = 4.257

Figure 4.2 Applicability domain of model N1.1 (PLS model)

The Variable importance plot of the PLS model highlights the influential descriptors contributing
to the cytotoxicity of MeoxNPs to RAW267.2 cells. The descriptors of the N1.1 model appearing
as per the VIP scores are solubility, Metals_SumIP, SumElectrons_ Active_M_SM. The
descriptors from higher to lower contributions are shown in Figure 4.3

PLS DATA.M1 (PLS), Untitled
VIP[Comp. 2]

solubility
Metals Sum
SuMElectro

Descriptors

Figure 4.3 Variable importance plot (VIP) of N1.1 model
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4.1.1 Loading plot of the PLS model

The loading plot gives the relationship between the X-variables (descriptors) and the Y-variable
(LDH) of the PLS model as shown in Figure 4.4. The development of the loading plot was done
using two PLS components (first and second components). This plot gives insights into how
different variables influence the model. During the evaluation, the distance from the origin was
taken into consideration in the loading plot. The descriptors located far away from the origin in
the plot are considered to have a greater influence on the model and the Y response. The solubility
descriptor is situated furthest from the origin and hence it has more impact with respect to the other
two descriptors. It can also be confirmed from the VIP plot also.

Loading Plot X
w*c[Comp. 1]/w*c[Comp. 2] Y
+«SuMElectro
0.50 e
E «solubility Hha
9
B 0.00
-0.50 «Metals_Sum

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90

w*c[1]

Figure 4.4 Loading Plot of the PLS model (N1.1)

4.1.2 Model randomization

Randomization of a model authenticates the robustness of the model. It signifies that the developed
model is not obtained by chance correlation. The randomized model is developed by shuffling
different combinations of X or Y variables leading to multiple models generated. Here, we have
used 100 permutations, which can be randomized depending on the user’s choice. The random
models should have poor statistics to prove that the non-random model is not formed by chance
correlation. We have provided the correlation between the original Y-vector and permuted Y-
vector versus the cumulative R)z/ and cumulative le,plots as represented in Figure 4.5. The plot
shows that the model is non-random as well as robust since Rf,:0.0ZS and Qf, = —0.258 and one
can easily predict the cytotoxicity of the MeoxNPs from the developed PLS model.
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R2 Intercepts: R2=(0.0, 0.0251), Q2=(0.0, -0.258)
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Figure 4.5 Randomization plot of the PLS model (N1.1)

Table 4.1. Statistical results of MLR models

Training set Test set
Statistical R? RZy Q? Q% Fvalue  MAE based criteria
parameters
MI1.1 0.749 0.695 0.611 0.722 13.92 Good
M1.2 0.750 0.696 0.612 0.720 13.98 Good
MI1.3 0.750 0.697 0.624 0.712 14.03 Good
Ml1.4 0.747 0.693 0.620 0.707 13.77 Good

Table 4.2. PLLS model result

Model R? Q? Q? MO(20%) T’ Ar2,
NI1.1 0.75 0.662 0.662 0.579 0.077
Study 1 result
MLR models
M1.1
ldhy = 1.2782(£0.4431) + 0.00134(£0.00055) Metals_SumIP + 0.0322(+0.0066)SumElectrons_Active_M_SM

+0.20123(40.03801)Solubility

Niraining = 18,R? = 0.749,R%;; = 0.695,Q? = 0.611,S = 0.421658,F = 13.92, PRESS = 3.85635, MAE based criteria

= Moderate

Neest = 7, Q% = 0.722,Q%, = 0.682, MAE based criteria = Good

M1.2
ldhg = —0.488(40.6306) — 0.00367(4-0.00058) Metals_SumIP + 0.0406(+0.0083)Cat_rad + 0.197(40.0375)Solubility
Niraining = 18,R? = 0.750,R%; = 0.696,Q? = 0.612,S = 0.421001,F = 13.98, PRESS = 3.84633, MAE based criteria

= Moderate
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Neest = 7, Q% = 0.720,Q%, = 0.679, MAE based criteria = Good
M1.3
ldhg = —0.150(£0.6904) + 0.041596(£0.0079) Cat_rad — 0.091(+0.0.137)Oxidation degree of metal(N_oxy_M)
+ 0.1834(40.045)Solubility
Neraining = 18,R2 = 0.750,R%q = 0.697,Q2 = 0.624,S = 0.420392,F = 14.03, PRESS = 3.72620, MAE based criteria
= Moderate
Neest = 7,Q%; = 0.712,Q%, = 0.670, MAE based criteria = Good

M1.4
ldhy = —0.436(+0.6208) — 0.246(+0.5132)D1_ Metals + 0.0405(+0.0088)Cat_rad + 0.0.204(40.0.0377)Solubility

Niraining = 18,R* = 0.747, Rgd]- =0.693,Q% = 0.620,S = 0.423426,F = 13.77,MAE based criteria = Moderate
Neest = 7,Q%; = 0.707,Q%, = 0.665, MAE based criteria = Good

PLS model (N1.1)
ldhyp = 1.44 4+ 0.19 X Solubility + 0.01 X Metals_SumIP + 0.029 X SumElectrons_Active_M_SM
R? = 0.75,Q% = 0.664,Tm? = 0.579, Arm?=0.077

Table 4.3. Description and Contribution of the descriptors obtained from MLR and PLS models.

SlL.no. Descriptor Description Contribution
1 Metals_SumIP ~ The sum of ionization potential energy +ve
(kJ/mol) of metals.
2 D1 _Metals Total number of metals +ve
3 Cat_rad Distance between the nucleus and the +ve
electron in the outermost shell of an ion
4 SuMElectrons_ A Summation of electrons of active metal +ve
ctive. M_SM and semi-metal.
5 N_oxy_M Oxidation degree or state of metal -ve
6 Solubility The ability of a solid, liquid, or gaseous -ve

chemical substance (referred to as the
solute) to get dissolved in a solvent
(usually a liquid) and form a solution.

The Metals_SumlIP descriptor stands for the sum of ionization potential energy (kJ/mol) of
metals. The ionization potential energy is the quantity of energy that an isolated gaseous atom in
the ground electronic state must absorb to discharge an electron resulting in a cation. The positive
contribution of the descriptor suggests that with an increase in the ionization potential, the toxicity
also increases as found in the case of nanoparticles 12, 8, and 6 whereas the reverse happens for
nanoparticles 24, 2, and 3 where with a decrease in ionization potential the toxicity also
decreases. Ionization potential is related to electronegativity and electron affinity. If a molecule
has more ionization potential that means that it is difficult to remove the valence electrons easily
to form a cation which suggests that the molecule is more electronegative. The increase of
electronegativity of the chemicals may increase the production of reactive oxygen species (ROS).

e
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D1_Metals stands for the total number of metals. The presence of metals in the nanoparticles tends
to increase the release of LDH from the cells as indicated by nanoparticles 7, 8, 12 while
nanoparticle 24 shows a low LDH release from the RAW 264.7 cell line for being non-metallic
in nature. This is correctly indicated by the positive contribution of the descriptor. Metal-based
NPs can show tremendous toxicity and can pose detrimental biological interactions to mammalian
cells (Jeng et al., 2006). Metal oxide nanoparticles with a larger surface area can penetrate deeply
into the body due to their smaller size and possess surface charge which causes greater
inflammatory response (Nemmar et al., 2002). Studies revealed that different nanoparticles
modulate the inflammatory responses of macrophages in different ways.

The periodic table descriptor, Cat_rad, is the distance between the nucleus and the electron present
in the outermost shell of an ion. The positive contribution of the descriptor suggests that with an
increase in cationic radius, the LDH released from the cell increases as shown in nanoparticles
14 and 88. On the contrary, a decrease in cationic radius leads to less LDH release as indicated by
nanoparticles 3 and 24. The addition of electrons increases the size of an atom through the
repelling of the electrons within the shells. When the cationic radius increases, it becomes easier
for the metal to lose electrons to form a cation. This happens because as the size of the atom
increases, the outermost electrons feel a decrease of shielding by the inner-shell electron, and as a
result electrons present in the outer shell do not “feel” the entire positive charge of the nucleus.
Consequently, metal cations released from the metal oxides (Meox) may catalyze the formation of
hydroxyl radicles to produce ROS via the so-called Haber-Weiss-Fenton cycle (Roy et al., 2019;
Koppenol, 2001) leading to apoptosis to the cell through LDH leakage.

SuMElectrons_Active_M_SM stands for the summation of electrons of active metals and semi-
metals. This descriptor positively contributes to cell toxicity. The presence of electrons can also
be correlated to the higher electronegativity of that atom. The increase in electronegativity is
responsible for the catalytic property of the metal cationic form as well as for the cytotoxicity of
RAW 264.7 cells. This descriptor positively contributes as seen in nanoparticles 15, 8 where an
increase of electronegativity increases the release of LDH from the cell, but on the other hand, a
decrease in electronegativity decreases the cytotoxicity and release of LDH from the cell as
evidenced by nanoparticles 23 and 3. The presence of electronegativity is responsible for
initiating cation formation in metal oxide (Ozben, 2007).

N_oxy_M stands for the oxidation degree or state of metal. This descriptor is negatively correlated
with the cytotoxicity of the cell which means that an increase in oxidation degree decreases the
cytotoxicity of the cell as evidenced by nanoparticles 19 and 23. On the other hand, the lower
degree of oxidation enhances the cytotoxicity effect on the cell and promotes the release of LDH
as seen in nanoparticles 8 and 12. A lower degree of oxidation makes the metal unstable due to
an unfilled valence shell and therefore the metal tries to gain a higher oxidation state or a stable
one. Transition metal has a different oxidation state due to partially filled -d and -f orbital shells
(Walker et al., 2003). When transition metal tends to have a lower oxidation state, it means that
the metal easily donates its valence electrons or can gain the electrons to form metal cations or
enrich itself with electrons respectively but this is not so easily done if the oxidation state of the
metal is increased; thus lower oxidation state of the metal is detrimental to the cell.
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Another descriptor, Solubility stands for the ability of a solid, liquid, or gaseous chemical
substance (referred to as the solute) to get dissolved in a solvent (usually a liquid) and form a
solution. The solubility depends on three factors such as temperature, pressure as well as the
solvent used. Solubility is one of the pivotal parameters that are involved in nanomaterial-induced
toxicity (Schrand et al., 2010). The positive contribution of the descriptor suggests that an increase
in solubility increases the cytotoxicity as in nanoparticles 12 and 8, and the opposite happens for
nanoparticles 11 and 19 with decreased solubility. The NP toxicity is related to its solubility, the
dissolution of NPs under acidic conditions and as well as the presence of lipids and proteins (amino
acids) which can induce toxicity by binding with them and interfering with the cell functions. A
few studies by Xia et al. (2008) and Li et.al (2009) confirmed that the solubility of NPs has a strong
relation with cellular toxicity.

4.1.3 Mechanism of toxicity

The wide applications of metallic NPs with their unique properties and structural alteration have
led to the modification of biological functions along with potential ROS production as well as
change of cellular signaling linked with cell death, proliferation, and differentiation. Reactive
oxygen species (ROS) are small, short lived and reactive molecules that are continuously produced
and destroyed by a wide variety of antioxidant defense mechanisms in the human body. The
generation of ROS by the Meox NPs has been considered the major contributor and originator of
cytotoxicity. Excessive production of ROS by Meox NPs causes oxidative damage, by destroying
the cell function by acting on the biomolecules (lipids, proteins, and DNA) hampering their
functionality, ultimately causing the death of the cell. The biological toxicity of Meox NPs occurs
when they interact with solubilized metallic ions. The derived information from the various
descriptors gave us insights that among the various features of the nanoparticles, electronegativity
is the most prevailing feature responsible for cytotoxicity. Due to the higher electronegativity, the
dipole charge distribution takes place between the atoms in the Meox NPs. The surface-charged
NPs then cause electrostatic interaction with the cellular membrane (CM) of the cell which
enhances the membrane-wrapping phenomena. It may also increase the surface tension and
facilitate the entry of NPs through the generation of pores. Hydrophobic interaction is also possible
with oxides of NPs. The cationic form of Meox NPs has a more disruptive influence on the
membrane bilayer, and through membrane phase change they enter the cell (Behzadi et al., 2017).
Meox NPs can interfere with the electron transport chain and depolarize with the mitochondrial
membrane through activation of NADPH-related enzymes (nicotinamide adenine dinucleotide
phosphate). The interaction of NPs blocks the electron transfer chain, thus elevating the cellular
O2(oxygen radical) level through electron transfer from the respiratory carriers to Oz (Soenen et
al., 2011). The oxidative stress generated further affects the DNA by the formation of 8-hydroxyl-
20-deoxyguanosine (8-OHdG) that ultimately leads to DNA damage, arrest of the cell cycle
causing alteration of apoptosis mechanism, and damage to the cellular membrane which promotes
the leakage of LDH from the membrane (Xia et al., 2006) Figure 4.6. Inflammatory responses by
ROS are also enhanced by metallic NPs like TiO> NPs and SiO> NPs (Park et al., 2009). ZnO NPs
cause cytotoxicity by triggering oxidative injury by generating ROS and releasing inflammatory
mediators that finally lead to cell death in phagocytic RAW 264.7 cells.
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Figure 4.6 Mechanism of toxicity (study 1)
4.1.4 Comparison with previously published models

We have compared the presently developed models (both MLR and PLS) with the previously
developed model (Forest et al., 2019) for cytotoxicity of the Meox NPs towards RAW 264.7 cells.
However, a critical analysis was not possible due to the difference in the method of model
development. In the previous study, the authors were unable to develop a sound QSAR model due
to the availability of a small dataset. But, on the contrary, we were able to develop meaningful
QSAR models with the help of the Small Dataset Modeler tool. In the previous study, the authors
performed PLS regression and decision trees, whereas in the current study, PLS and MLR models
were developed with simple freely available tools. The advantage of our study is that we have been
successful in developing QSAR models with the same small dataset for which the previous authors
failed to develop meaningful models with good statistical results. We have also proposed a
mechanism of toxicity for better understanding.
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4.2. Study 2: Modeling and mechanistic understanding of cytotoxicity of metal oxide
nanoparticles (MeOxNPs) to Escherichia coli: categorization and data gap filling for
untested metal oxides

Periodic table-based descriptors were used for the modeling of 17 MeOxNPs using the small
dataset modeler software (Ambure et al., 2019). The statistical quality and validation metrics of
both the models have shown acceptable values for R?, QzLoo, RMSE, MAE, rm’metrics as per
Table 4.4. The descriptors obtained from the MLR models of the two datasets dark (Dataset 2.1)
and light-induced toxicity (Dataset 2.2) are explained in Table 4.5. The scatter plots (Figure 4.7)
of the MLR models are also shown in this section.

Table 4.4. Details of statistical metrics obtained from both MLR models.

Statistical R2 RZ " Q%50 r2, Ar:, MAE Press F
parameters (95%) value
Model 2.1 0.726 0.663 0.612 0.497 0.166 0.587 9.747 11.48

Model 2.2 0.77 0.717  0.627 0543 0.054 0482 8494 14.48

Table 4.5. Detailed description of the obtained descriptors from two developed MLR models (A
and B).

Serial No. Descriptors Description

1. Atomic rad (pm)  This descriptor stands for the measure of the size of the atom. It
typically measures the distance from the center of the nucleus to
the outer most shell containing electrons.

2. Valence The valence of an element is the measure of its combining capacity
with other atoms when it forms chemical compounds or molecules
3. (Xe/N)? It stands for the total electronegativity of the atoms of the MeOx

by the number of atoms present that can be computed based on the
electronegativity count (D ¢) of the oxides.
4. XOX It represents the oxidation number of the metal atom.
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Figure 4.7 Scatter plots for the dark toxicity dataset (model 2.1) (A) and the photo induced
dataset (model 2.2) (B).

4.2.1. Interpretation of the obtained descriptors

Model 2.1: Photo-induced toxicity

log Lc1 =4.686+0.015atomic rad (pm) -0.725Valence+0.134sq_sum_epsilon/N 4.1)
50

Qfoo = 0.612,R* = 0.726,R3y; = 0.663, 7,4 = 0.497,Ar2 = 0.166

The first descriptor influencing the toxicity is Atomic rad (pm). This descriptor stands for the
measure of the size of an atom. It typically measures the distance from the center of the nucleus to
the outer most shell containing electrons. This descriptor is positively correlated with the response
which means that with an increase of the descriptor value, the toxicity data also increases as in
nanoparticles 11 and 8 as shown in equation 4.1; in contrast, a decrease of descriptor values as
represented in nanoparticles 13 and 9 decreases the toxicity value. The reason for such a
phenomenon is that due to the increase of the atomic radii, the pull of the electrons by the neutron
reduces since the number of the shells in the atom increases which is also known as the shielding
effect. This makes the removal of the electrons from the atom easier and leads to the formation of
metal cations.

The next descriptor, Valence or valency of an element is the measure of its combining capacity
with other atoms when it forms chemical compounds or molecules. This also indicates the number
of valence electrons in the outer most shells. The negative contribution of the descriptor suggests
that with an increase of valence of the metal, the toxicity decreases as in nanoparticles 16 and 17
whereas with a decrease of valence, the toxicity increases as observed in nanoparticles 9 and 2.
The presence of few electrons in the outer most shells makes it easier for the metal to exchange
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the valence electron with its neighboring element and form a covalent or electrovalent bond with
it. On the other hand, it is also possible to loss its electron easily to get converted into its cationic
form and accelerate the toxic reaction.

This second-generation descriptor (Y&/N)? stands for the total electronegativity of the atoms of
the MeOx by the number of atoms present that can be computed based on the electronegativity
count (3 ¢) of the oxides.

(equation 4.2).

YE = Emetal * Nmetar + Eoxy * Noxy 4.2)

Here, emerqr and €,y are the electronegativity count of metal and oxygen atoms, respectively and
Npetar and Nyy,, are the number of metal and oxygen atoms. The positive coefficient of the
descriptor in equation 4.2 infers that an increase in electronegativity favors the rise in toxicity as
in nanoparticles 1 and 2 whereas the nanoparticles with the presence of low electronegativity
have less toxicity as observed in nanoparticles 14 and 10. It has been observed that due to the
presence of high electronegativity, the atoms pull electrons from their neighboring elements or
molecules leading to the development of an electrostatic bond with them.

Model 2.2: Dark-induced toxicity

L —6.433-0.83 8yox +0.014 atomic rad (pm) -0.607 Valence 4.3)

log——=
LCso
Q%po = 0.627,R?> = 0.77, Rgdj = 0.717, 7,2 = 0.543,Ar;2 = 0.054

The first descriptor in equation 4.3 contributing to the toxicity is xox, which stands for the
oxidation number of the metal atom. This descriptor contributes negatively towards the toxicity
which is well observed in nanoparticles 3 and 14 where an increased oxidation number leads to
a decreased toxicity value and vice versa as exemplified in nanoparticles 1 and 2. The oxidation
number reflects the ability of an atom to acquire, donate, or share electrons, and it is quite like the
valence electrons. If the oxidation number is positive, then it means that the element has lost
electrons and has fewer electrons in the outer most shell. On the other hand, a negative oxidation
number suggests that the element has gained electrons and has more electronegativity. As
described earlier in the case of the valence descriptor, here also, the loss of electrons can accelerate
the formation of a cationic form of the metal that leads to the toxic reaction.

Other descriptors having an influencing effect on toxicity to E. coli are discussed previously in the
case of Model 2.1.

The atomic rad and valence descriptors appearing in both model 2.1 and model 2.2 play an
important role in influencing the toxicity of E. coli. Comparing both models, we can infer that the
presence of light triggers the impact of toxicity of the metal oxides. It was noted that with an
increase in atomic rad and valence descriptors values the respective toxicity value (log 1/LC so)
was found to be more in the presence of light than in the dark. The positively contributing
descriptor, atomic rad, led to log 1/LCso values of 4.96 and 5.79 for nanoparticles 11 and 8
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respectively in dark conditions whereas in the presence of light, the toxicity value increases to 5.56
and 5.84 for the same respective nanoparticles with the same descriptor values. The same
observation was seen in the case of negatively contributing descriptor valence; in this case, too,
with the same descriptor value the log 1/L.Cso values for nanoparticles 9 and 2 in dark conditions
were 2.42 and 5.8 respectively which became 2.75 and 6.23 in the presence of light.

4.2.2. Proposed mechanism of toxicity to E. coli cell.

The potential mechanism of cytotoxicity of MeOxNPs to E. coli cells was deduced with the help
of information extracted from the descriptors of the nano-QSTR models. The insights obtained
from the descriptors pointed out that atomic radius, electronegativity of the metal in metal oxides,
and the number of electrons in the valence shell have a substantial effect on the mortality of E.
coli. The cluster of MeOxNPs after forming metal cations due to the loss of electrons can easily
interact with the proteins present on the surface of the membrane and can enter into the E. coli
cells. An increase in electronegativity raises the catalytic properties of the metal oxides and
enhances their intervention process. After the entry of the metal oxides in the plasma region
through physiochemical interaction, it breaks the Me-O bond due to the presence of acidic
conditions within the cells. The detached metal cation can lead to macro molecular complexation
and destroy the molecular structure (Mu et al., 2016). On the other hand, the metal cation instigates
the formation of free radicals (- OH) while interacting with the ribosomes present in the E. coli cell
than the metals naturally do (Roy et al., 2019). The elevated levels of radicals interact with the
molecules in the cells and produce more reactive oxygen species. The ROS production causes
nucleoid damage that causes DNA fragmentation and death of the cell due to the blockade of the
synthesis of proper protein structure. The whole process of the toxicity mechanism is well depicted
in Figure 4.8
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Figure 4.8 Toxicity mechanism of the MeOx NPs to E. coli cell (study 2).

4.2.3. Comparison with the previous work

A comprehensive comparison is not possible with the previous work since the models were
developed using different compositions of modeling sets. Pathakoti et al., 2014 used DFT (density
functional theory) descriptors which require computationally intensive quantum chemical
calculations whereas the work performed in the current paper used periodic table-based descriptors
which are simple, easy, and do not require any expert knowledge. It is also noteworthy that in the
previous paper, the authors reported only a few statistical quality metrics (SD, F, and R?). They
have kept aside a few data points for predictions and developed models using a lower number of
data points. But in the present paper, we have used all available data points to avoid information
loss and reported more extensively the quality metrics such as R%, F, Press value, Ridj, Q*T2 Ar%

metrics (Tables 4.6 and 4.7). In addition, the quality of predictions of the previous work is found
to be poor as evidenced by high predicted residuals and negative R%yeq values (not reported by the
previous authors). We believe that handling a small dataset is a crucial job for a nano-QSAR
modeler, and information may be lost while modeling a small dataset due to hold-out samples.
This problem has been overcome in this work by using the small dataset modeler tool which uses
the DCV method. By using the DCV method, we also omit the bias in description selection with a
constant composition training set. Furthermore, the developed models were used to predict the
toxicity of 42 untested metal oxides which do not have any reported toxicity data. The developed
models successfully predicted most of the query NPs that were found to be within the AD, and
with the help of the Prediction Reliability Indicator tool (PRI) their prediction quality was also
tested. Additionally, we have also tried to provide a conceptual toxicity mechanism diagram for a
better understanding of toxicity to E. coli cells (Figure 4.8).

Table 4.6: Comparison table for the photo-induced dataset

Statistical Number R?, F Press R%Z;, Q* 72 Az MAE SD
parameters of data value (95%)
points (n)
Previous® Training 0.804  20.51 - - - - - - 0.63
work set=13
(Pathakoti et Test
al., 2014) set=4

Current work Whole 0.726 1148 9.747 0.663 0.612 0497 0.166 0.587 -
(model 2.1) dataset (n
=17)

*R?pred calculated to be a negative value.
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Table 4.7: Comparison table for the dark dataset

Statistical Number R?%, F Press Ridj’ Q> Tﬂnzl' A2  MAE SD
parameters of data value (95%
points
Previous* Training 0.87 33.83 - - - - - - 0.48
work set=13
Test
set=4

Current work  Whole 0.77 1448 8.494 0.717 0.627 0.543 0.054 0482 -
(model 2.2) dataset
(n=17)

*#R?pred calculated to be a negative value.

4.3. Study 3: Risk assessment and data gap filling of toxicity of metal oxide nanoparticles
(MeOxNPs) used in nanomedicines: A mechanistic QSAR approach.

Based on the toxicity data and calculated descriptors of the two datasets, we have tried to develop
statistically significant QSAR models based on the regression approach to successfully predict the
cytotoxicity of the HaCat cell line. The MLR model generated from the first dataset (Model 3.1)
consists of only periodic table descriptors that were able to describe the cytotoxicity successfully
without the need to calculate quantum chemical descriptors. On the other hand, in the case of the
second dataset (Model 3.2), the PLS model having two latent variables was obtained using
periodic table-based descriptors and physicochemical descriptors.

Model 3.1 (MLR)
log (1/LC50) = 1.46 + 0.0117Amt rad (pm) + 0.00520 A cond (=) — 0.000123 M.P (k) — 0.301 yox

mk.
Niraining = 11,R2 = 0.95,R%; = 0.92,Q2 = 0.83,S = 0.0953388, F = 29.03, PRESS = 0.186201
Neest = 5, Q% = 0.73,Q%, = 0.62, MAE based criteria = Good (4.4)
Model 3.2 (PLS)

%Cell death = 113.295 + 0.039Dose — 21.297SuM_Active_M_SM — 15.400 cationic chrge
— 1.194Heat of Fusion (kJ/mol)
Niraining = 94, R* = 0.76 ,Q* = 0.73,LV = 2, nese = 23,Q; =
0.69 (4.5)

Taking the HaCat cell cytotoxicity as the response variable, the regression models (MLR and PLS)
yielded determination coefficients (R?) of 0.95 and 0.76 respectively. The whole work was
divided into two parts wherein the first part, we tried to develop regression-based models (MLR)
using only periodic table descriptors and find out the features responsible for the toxicity of the
particular metal oxides, and in the second part, another set of 15 metal oxides (total 117 data points)
was utilized to develop a PLS model using periodic table based descriptors along with
physicochemical descriptors to find out the influence of these descriptors on the toxicity to living

e
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cells. The PLS model was constructed with all four descriptors from the obtained MLR model
(Model 3.1). A PLS model can handle data that are strongly correlated or noisy. It finds new
variables (i.e., latent variables) which are a linear combination of the original variable. Figure 4.9
represents the scatter plot.
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Figure 4.9 Scatter plot of Model 3.1

The models were validated according to the OECD principles; as properly validated models can
be used for mechanistic interpretation (OECD, 2004) The values of all classical metrics were
within the acceptable limit for both cases as given in Table 4.8. The descriptors obtained from
both models are listed in Table 4.9 and explained elaborately below. The AD for both the models
(MLR and PLS) was checked using the Leverage approach (Gramatica , 2007) and DModX, i.e.,
distance to model in the X-space with SIMCA 16.0.2 software respectively. No compound was
outside the AD as per William’s plot Figure 4.10 and DModX approach for the training and test
set Figure 4.11 and 4.12.
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Figure 4.10 William’s Plot of the MLR model (Model 3.1).
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Figure 4.11 Applicability domain of model 2 for the training set (PLS model) (Model 3.2)
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Figure 4.12 Applicability domain of model 3.2 for the test set (PLS model)

4.3.1 Interpretations of different plots

The variable importance plot (VIP) of the PLS model (Model 3.2) highlights the most influential
descriptors of the Meox contributing to the cytotoxicity of the HaCat cell. In the case of the PLS
model, the most contributing descriptors as per the plot were dose, cationic charge,
SuM_Active_M_SM followed by descriptor heat of fusion Figure 4.13
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Figure 4.13 Variable importance plot of model 3.2 (PLS model)

The loading plot gives detailed information on the X-variable and Y-variables of the PLS plot as
represented in Figure 4.14. The loading plot was developed with two PLS components. From
Figure 4.14 we can infer that the dose of the Meox plays a dominant role in determining the toxicity
to HaCat cells. While evaluating the plot, it was observed that the descriptors located far away
from the origin have more impact on the Y response of the model.
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Figure 4.14 Loading plot of the PLS model (Model 3.2)

The coefficient plot shows the contribution of the modeled descriptors. Except for the dose
descriptors, all other descriptors (heat of fusion, SuM_Active_M_SM, Cationic charge) were
found to contribute negatively to the PLS model of the 15 Meox NPs dataset (Figure 4.15).
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Figure 4.15 Coefficient plot of the PLS model (Model 3.2)

Randomization of the model authenticates the robustness of the developed model (Model 3.2) and
ensures that it is not developed by chance correlation. The randomized model is developed by
multiple shuffling of X and Y variables. Here, 100 permutations were done to generate the model.
the developed random should have a poor statistic to show it is a nonrandom model. The
correlation between original Y-vector and permuted Y-vector versus cumulative RJZ, and
cumulative Qf, plots are represented in Figure 4.16. The plot shows that the model is nonrandom
as well as robust since R32, intercept=-0.0211 and Qf, intercept = —0.179, and one can easily
predict the cytotoxicity of the MeoxNPs from the developed PLS model.

Intercepts: R2=(0.0, -0.0211), Q2=(0.0, -0.179) o
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Figure 4.16 Randomization plot of the PLS model (Model 3.2)
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Table 4.8. Statistical quality and validation parameters obtained from the developed MLR and PLS models (3.1 and 3.2)

Types of models Descriptors Division Training set statistics Test set statistics
Model Model - Ar2 F R%rea Q2 CCC 3 Ar2
R? Q*wooy  'mLOO) mLOO)  yalue  or m(test) mtest)
Q%

MLR Case 1 (16 4 (four) Train: 11 0.95 0.83 0.773 0.037 29.03 073 062 079 0.271 -0.505
(Model 3.1) MeOx NPs) test: 5

Case 2 (15 4 (four) Train:94 0.76 0.73 0.63 0.038 71.69 0.69 0.63 0.81 0.61 0.123
MeOx NPs) test: 23

PLS P1 2 (two) Train:94 0.76 0.73 0.63 0.038 71.69 0.69 0.63 (.81 0.61 0.123
(Model 3.2) (Case 2) test: 23
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Table 4.9. A detailed description of the obtained descriptors from two developed MLR models
(Model 3.1 and Model 3.2).

Serial No. Descriptors Description
Model 3.1:
1. Atomic rad (pm) This descriptor stands for the measure of the size of the atom. It

typically measures the distance from the center of the nucleus to
the outermost shell containing electrons.

2. Thermal cond(w/mk) The transfer of energy is due to the random motion of molecules
across a temperature gradient.

3. Melting point The temperature at which a matter changes its state from solid
to liquid.

4. XOX It represents the oxidation number of the metal atom.

Serial No. Descriptors Description

Model 3.2:

1. Heat of fusion The heat of enthalpy is the change of enthalpy of a fixed amount
of metal resulting from the supply of energy typically in the
form of heat

2. Dose A quantity of a substance taken or recommended to be taken at
a particular time.

3. SuM_Active. M_SM  Summation of several metals and semi-metals in the
nanoparticles.

4, Cationic charge Ion which bears a positive charge formed when an atom loses

its electron

4.3.2 Descriptor description
15t case study (Model 3.1):

The 1* generation periodic table-based descriptor atomic rad (pm) stands for the measurement of
the distance between the nucleus and the valence electron. The positive coefficient of the descriptor
suggests that with an increased atomic radius, the cytotoxicity increases in the HaCat cell line as
observed in nanoparticles WO3 (where atom rad is 210 (pm) and log(1/LCso) is 2.56) and vice versa
in the case of the nanoparticle Al2O3 (atom rad 125 (pm) and log(1/LCso) is 1.85). This happens
because as the atomic radius increases, the valence electron in the outermost shell keeps moving
away from the nucleus which means that more atomic shell is being added. The addition of the
number of shells gives a shield to the valence electron in the outermost shell. The electron in the
outermost shell does not feel the counter pull of the nucleus and the presence of the electron in the
inner shell repels the similarly charged electron which makes it easier to isolate and move out from
its shell (Figure 4.17). The removal of the electron converts the metal into its cationic form. It is
this cationic form of the metal that initiates the production of oxidative radicals in the cell which is
detrimental to cell viability. Studies (Sun et al., 2019; Roy et al., 2019) on ROS- mediated
mechanisms showed that cellular uptake of cationic NPs accelerates depolarization of the cell

——————
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membrane and facilitates calcium channel opening that stimulates mitochondria to generate more

oxidative stress.
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Figure 4.17 Electron removal as the atomic radius increases.

Another intrinsic property of metals is thermal cond (w/mk), defined as the transfer of energy due
to random motion of molecules across a temperature gradient. It is the measurement of the amount
of heat that passes across per unit area of the material per unit time. As per the band theory, the
atoms in the metal crystal are close to each other which leads to the overlapping of molecular orbitals
on each other. This phenomenon in Figure 4.18 suggests the presence of a large number of electrons
in a small piece of metal and the closeness prefers them as a band (Walker et al., 2007). As per the
band theory, there are two types of bands, one with partially filled electrons known as the conduction
band, and the other with filled electrons known as the valence band. The ability of electricity to pass
through the metal depends on the proximity of the valence and conduction bands. The positive
regression coefficient of the descriptor suggests that with an increase in thermal conductivity, the
cytotoxicity also increases as in nanoparticles CoO (thermal cond. is 100 (w/mk) and log(1/LCso) is
2.85), the reverse happens in nanoparticle AlOs (thermal cond. is 2.37 (w/mk) and log(1/LCso) is
1.85). This happens because with the increase of thermal conductivity, the distance between the two
bands decreases, and it becomes easier for the electron to move faster from the valence band to the
conduction band. This redox potential occurring naturally in the cell may be the reason for the

toxicity of nanoparticles.
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Figure 4.18 Electron removal through Band theory.

Another property of metal is Melting point (MP), defined as the temperature at which a matter
changes its state from solid to liquid. The melting point of any metal is primarily related to the bond
strength. Materials having weaker bonds between atoms tend to have a low melting point. The
negative coefficient of the descriptor suggests that with a decrease in the melting point, the toxicity
of the nanoparticle increases as observed in TiO: nanoparticles where the M.P is 1941 (k) and
log(1/LCsp) is 1.76. On the contrary, V203 nanoparticles with less MP (30.7 (k) have a log(1/LCs0)
value of 2.24. This is because the melting point is associated with the solubility of the metal. With
the decrease of MP, the solubility increases. The solubility determines its transport to the active site
with the cell thus causing toxicity. The low melting Meox easily dissociates when coming in contact
with the body temperature Figure 4.19. The presence of temperature makes the molecules vibrate
faster and break their intra-molecular bonds. Since nanoparticles have fewer bonds compared to their
bulk counterparts, it becomes easier to break them.
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Figure 4.19 Increase of solubility with of melting point.

The periodic table descriptor, xox stands for the oxidation number of the metal. The oxidation
number reflects the hypothetical charges in an atom. Electronegativity indicates the distribution of
electrons in a molecule, it can also determine the oxidation number of the atom. The oxidation
number indicates the oxidation power of the metal in a particular environment. The transition metals
may exist in different oxidation states as they have partially filled d- and f- shells (Figure 4.20). The
atom with fewer valence electrons will have less oxidation state and atoms with less oxidation state
are more harmful than the higher or stable oxidation state due to their tendency to become oxidized
(Sengul and Asmatulu, 2020). The atom bearing a negative oxidation number consists of higher
electronegativity whereas an atom with a positive oxidative number will have low electronegativity.
The electronegativity is responsible for that catalytic property of the cationic form of the metal. The
negative coefficient of the descriptor indicates that with a decrease of the descriptor value, the
electronegativity increases and hence it increases the cytotoxicity to the HaCat cell as in nanoparticle
TiO; (yox is 4 and log (1/L.Cs01is1.76) and vice versa in case of nanoparticle CoO (where yox is 2 and
log (1/LCs01s1.76 1s .83). The low oxidation metals are more toxic due to their tendency to get
oxidized to a higher oxidation state.
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Promotion of
electron to higher

Reduction

Figure 4.20 Electron removal with electronegativity.

2" Case Study (Model 3.2):

The periodic table descriptor, the heat of fusion (AH'r) also known as the heat of enthalpy is the
change of enthalpy of a fixed amount of metal resulting from the supply of energy typically in the
form of heat. Latent heat is the amount of heat added or removed from the system to cause a phase
change in the system Figure 4.21. The latter breaks the intermolecular forces and helps the system
to expand by providing the necessary energy. The temperature at which it takes place is called the
melting point. Based on the negative coefficient of the descriptor, a decrease in the heat of fusion
leads to an increase in cytotoxicity and the percentage of cell death. In the nanoparticle Sb203, the
heat of fusion was 19.87 (KJ/mol) whereas the % of cell death was 15.3%. On the other hand, the
opposite was observed in nanoparticle In203 where the heat of fusion was 3.26 (KJ/mol) and %cell
death was 72.7 %. The heat of the fusion descriptor is inversely proportional to the solubility which
means with the decrease of the heat of fusion the solubility increases thus increasing the toxicity.
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Figure 4.21 Mechanism of the heat of fusion

Another descriptor, influencing the cytotoxicity is the Dose. The knowledge of dose is very critical.
Drugs that are beneficial at a low dose can be detrimental at a high dose. The positive contribution
of the descriptors indicates that the increase of the dose of nanoparticles with the same metal core
can decrease the cell viability as observed in the nanoparticle SnO2 (Dose 1500 and % Cell death
is 82). On the contrary, with a decrease of the dose with the same metal core, the cell viability
increases as seen in the nanoparticle Al203 (Dose 50 and % Cell death is 5.1). Rizk et al. (2017)
demonstrated that oxidative stress and liver functions were greatly dependent on the dose and time
exposure of the cell to the nanoparticles. He also mentioned that genetic disturbance occurs at a
higher dose and for a long duration. Studies have also supported the hypothesis that NPs increase
free radicals inside the cell in a dose-dependent manner. The catalytic process can initiate the free
radical generation until they are removed or degraded from the body.

SuM_Active_M_SM is the summation of several metals and semi-metals in the nanoparticles. The
toxicity phenomenon of metallic NPs is complicated and depends on various physicochemical
parameters. These NPs with their unique nature may have a different mechanism and may alter the
amount of toxicity. It was also observed that different nanomaterials stimulate certain mechanisms.
The presence of metal does not clearly state the increase or decrease of toxicity. It depends on
solubility, oxidation number, etc. This descriptor contributes negatively to the toxicity which can be
interpreted as the increase of several metals or semimetal in the metal oxides leading to an increase
of the molecular size. The monovalent metal oxides are smaller in size than the divalent or trivalent
metal oxides. Therefore, with the increase of metals in metal oxides, the cytotoxicity increases as in
nanoparticle SboOs3, the descriptor value is 2 and % cell death is 11.6% whereas, on the other hand,
nanoparticle NiO having descriptor value 1 have %cell death equal to 87.4 %. It can be assumed
that an increase in molecular size increases the size of the MeOx NPs and hence interferes with the
penetration of the NPs through the pores of the HaCat cell leading to a less toxic effect.
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The cationic charge (Cat charge) descriptor corresponds to ions that bear a positive charge formed
when an atom loses its electron. The loss of electrons results in an overall positive charge. Cationic
charges are related to cytotoxicity due to their electrostatic interaction with the negatively charged
membrane. The negative coefficient of the descriptor validated that an increase of the cationic
charge decreases the cytotoxicity as in nanoparticle ZrQ:z (where the cationic charge is 4 and % Cell
death is 2.9). On the other hand, the decrease in cationic charge to a certain level increases the
toxicity towards the HaCat cell line as observed in nanoparticle ZnO (cationic charge is 2 and %
Cell death is 99.07). Electronegativity is the tendency to attract electrons towards itself. Weak
electronegative atoms tend to lose electrons and form cations whereas strong electronegative atoms
acquire electrons and become an anion. Electronegativity decreases as the electrons in the valence
cell decrease. The decreased electronegativity makes the atom electropositive. The electropositive
atoms have high ionization potential, i.e., they require more energy to remove the electron from the
valence shell. As the cationic charge increases, the ionization energy moves from 1* ionization
potential to a higher form. And we know that the energy required by the 2™ and 3™ jonization
potential is much higher than the 1% ionization potential. Electronegativity is the function of nuclear
charge, 1.e., the effective positive charge from the nucleus that an electron experiences. A large
effective nuclear charge corresponds to a strong attraction between electrons and nuclei. The
effective nuclear pull increases as the number of shells decreases as witnessed in the atomic radius
descriptor in case 1. So, it becomes tougher for the electron to leave its valence shell against the
strong nuclear pull Figure 4.22.

Tlonization potential

The pull of electron become stronger due to
reduce in number of shell number

Figure 4.22 Mechanism of reduced toxicity due to increase the cationic charge.
4.3.3 Mechanism of the toxicity

The increase in production and use of NPs enhances their exposure to humans and the environment.
Humans are more prone to NP exposure through inhalation, ingestion, dermal, or injection. When
NPs come in contact with a human, they cause toxicity via various mechanisms. Features obtained
from the modeled descriptors can well explain the mechanism of toxicity. Periodic table-based
descriptors such as ionic charge affect the interaction of NPs with cell membranes having a greater
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impact on the induced toxicity mechanism. The charged surface of NPs can be described by
electronegativity, thermal conductivity, and atomic radius of Meox NPs. The presence of these
descriptors promotes the formation of the cationic form of the metal. The physical interaction of
NPs with the cell membrane is mainly governed by the cationic charge of the NPs. Due to the
presence of a cationic charge, the NPs can easily enter the cell through endocytosis. The electrostatic
interaction of the NPs with the cellular membrane produces cellular responses that are identified as
a paradigm for cytotoxicity. The presence of a high electronegative ion also increases the catalytic
property of the metal cation. Thus, electronegativity increases the toxicity of nanoparticles through
the Haber—Weiss—Fenton cycle (Koppenol, 2002). Oxidative stress depends on the concentration of
the NPs or in other words on the dose of the NPs. The VIP plot for the PLS model also pointed out
the importance of dose descriptors in influencing cytotoxicity. The intracellular generation of
oxidative stress in the targeted cells may form a malondialdehyde molecule that triggers the
deterioration of the lipid membrane (lipid peroxidation) (Wang et al., 2017). Excessive production
of ROS by NPs can damage RNA and DNA (nuclear components) and interfere with cellular
signaling pathways, which may alter the gene expression that ultimately stops the cell growth
mechanism Figure 4.23. The presence of metallic NPs also damages cells through cell membrane
permeabilization in a spatial manner. The presence of metallic NPs binds with the cell wall and leads
to cell death. Co NPs (Cobalt nanoparticles) produce DNA damage that leads to ataxia-telangiectasia
mutated (ATM) protein activation that further increases the phosphorylation of p53 and Rad 51
protein expression. The heat of the fusion and melting point descriptors increase the solubility of the
Meox NPs. The NPs release metallic ions to the cytoplasm that is directly proportional to the
dissolution rate of NPs in a particular size range.
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Figure 4.23 Mechanism of MeOx NPs Toxicity via various pathways (study 3).
*ETC- Electron Transport Chain
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4.3.4 Comparison with the previous work

This study focused on identifying the variables that govern the toxicity of Meox NPs to HaCat cells.
Here, two datasets of Meox NPs were used having cytotoxicity to HaCat cells. In the study by Puzyn
et al. (2011), quantum chemical descriptors (Table 4.10) were used that require a computational
chemistry background to perform, and these are also computationally challenging. Generally, these
are difficult to use due to their mathematical and computational complexities. In every case where a
different metal oxide is used, energy minimization and changing of the orientation of the Meox are
required before calculating the quantum descriptor. The use of quantum descriptors also has some
drawbacks. For instance, determining the quantum descriptors for mixture nanoparticles can be
challenging, but it can easily be accomplished with periodic table-based descriptors. The quantum
chemical descriptor has failed to address directly the bulk effect of nanoparticles (Karelson et
al.,1996). The periodic table descriptor obtained in our model corroborates with the findings of
Puzyn et al. (2011) obtained from quantum chemical descriptors. It is worth mentioning here that
fundamental properties like cation charge formation of metal oxide, LUMO, and HOMO energies
can be easily explained from the information acquired from periodic table descriptors in no time.
Additionally, such information is independent of size range and does not require minimization of
energy for descriptor calculation. The other work performed by Choi et al. (2019) used two cell lines
in the same model. According to the OECD guideline, to perform any QSAR study the experimental
condition must be the same. So, here we have selected the data corresponding to the HaCat cells
(only one cell line) with a specific assay method (CytoTox-Glo). The developed models were found
to be statistically significant. We have also changed the endpoint to % cell death for a better
understanding of metal oxide toxicity. A strict comparison was not possible in the case of 2" dataset
due to differences in model development procedure, the use of different cell lines and different assay
methods.

Table 4.10. Comparison with the previously published work (Dataset 3.1)

Statistical Numberof R?,  Q%, F Tm,  Ann Rig, QF1 QF, T Anp
parameters data points value Train Train Test Test
(n)
Previous* Training 093  0.86 44.6 - - - 083 - - -
work set=10
(Quantum Test set=8
descriptors)

Current work Training 0.95 0.83 29.03 0.773 0.037 092 073 0.62 0.27 -0.505
(model 3.1) set=11

(Perioidc table Test set=5
descriptors)
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4.4. Study 4: Nano-read-across predictions of toxicity of metal oxide engineered nanoparticles
(MeOx ENPS) used in nanopesticides to BEAS-2B and RAW 264.7 cells.

Periodic table descriptors were used for modeling four datasets (M 4.1-M 4.4) comprising 10, 9, 10,
and 12 MeOx ENPs respectively. First, the small dataset modeler software (Ambure et al. 2019) was
employed to find out whether the datasets were modelable or not. After developing statistically
significant models with the small dataset modeler software, we have selected the modeled
descriptors to perform read-across to fill the data gap. Furthermore, the inter-endpoint cytotoxicity
comparison between BEAS-2B and RAW 264.7 cells was performed to evaluate the toxicological
characteristics of MeOx ENPs. The models were validated according to the OECD principles
(OECD, 2007). The statistical results are given in Table 4.11, and the values are within the
acceptable criteria. The AD of the four PLS models was checked using DModX, i.e., distance to
model in the X-space with SIMCA 16.0.2 software. At a 99% confidence level, the AD test was
performed and all the compounds were found to be within the critical value. No compound was
outside the AD as per the AD plot in Figure 4.24.

Applicability domain of Dataset 4.1 Applicability domain of Dataset4.2
"D-CTiR(0-00998998) "D-Crif(0.00998998)
- 6 ~
=4 a4
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4{D-Crit(0.00998998) D -CHT000998998)
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14. M4.4
Figure 4.24 Applicability domain of the PLS models (M 4.1-M 4.4)
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The order of importance of the descriptors of four PLS models towards the cellular uptake was
determined from the Variable Importance Projections (VIPs) (Figure 4.25). The descriptors are
ranked in decreasing order according to the VIP values. The developed PLS models were also
validated using randomization tests through randomly shuffling (100 permutations) response data
using SIMCA 10.0. software. Each random shuffle subsequently generates a new set of Q values
which are plotted against the correlation coefficient with the original and permuted Y values. The Q?
and R? values should yield an intercept that is below zero, indicating the robustness and applicability
of the model Figure 4.26. The obtained result showed that the models were not obtained by chance.

VIP plot of Model 2

VIP plot of Model 1
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Figure 4.25. Variable Importance Projections (VIPs) of the PLS models (M 4.1-M 4.4)
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Figure 4.26 Y randomization plots of the PLS models (M 4.1-M 4.4)

The loading plots were checked for the developed PLS models. The loading describes the
relationship between the descriptors, 1.e., X variable with that of the response i.e., Y. Through the
loading plot (Figure 4.27), the impact of descriptors on the response can be easily understood. The
descriptors with a higher impact on the developed model will be situated far away from the origin.
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Figure 4.27. Loading plots of the PLS models (M 4.1-M 4.4)

4.4.1. Prediction by the Small Dataset Modeler

PLS regression models were developed using the four cytotoxicity datasets of BEAS-2B and RAW
264.7 cells performed using the two assay methods (MTS and ATP). The small dataset modeler
version 1.0.0 software was employed to check the modelability of all the datasets. The availability
of limited MeOx NP data restricted data division. The whole dataset was used for modeling by the
software. The statistical results and modeled descriptors along with their contribution are given in
Table 4.11. The results obtained from the PLS models of BEAS-2B cell (Q*.00=0.655 -0.871, R?>=
0.931-0.956) and RAW 264.7 cell (Q*.00=0.946-0.969, R>= 0.964-0.982) were statistically
significant. The definitions of the descriptors obtained from the PLS models are given in Table 4.12.
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Table 4.11. Statistical parameters of the developed PLS models with Small Dataset Modeler (M 4.1- M 4.4).

Statistical parameters Modeled descriptors | R? | Q%,, | T2, | Ar%, | MAE | Standardized contribution of descriptors
(95%)
CELL ASSAY | MODEL | MeO
x NPs
ATP Model 4.1 e 7 metal 0.931 | 0.871 | 0.849 | 0.027 | 2.154
M4.1) 9 e yox . Z_metal
(LV1)
XOX
BEAS-2B
cell -6.0 -4.0 -2.0 0.0
MTS Model 4. e 7 metal 0.945 | 0.651 | 0.277 | 0.465 | 4.187
2 10 Electro Eqv
M4.2)
(LV2) e Electrochem
ical Valence
equivalent
e Valence Z_metal
-8.0 -3.0
MTS Model 4.3 10 o Atomic 0.982 | 0.969 | 0.961 | 0.006 | 0.861
(M 4.3) radius (A) Atomic radius
(LV1) o Z metal (A)
7Z._metal
-12.0 -7.0 2.0
RAW 264.7 ATP Model 4.4 12 o Mol_wt 0.964 | 0.949 | 0.933 | 0.022 | 0.458 7 mégl
M 4.4) Z._metal ——
cell LV2
( ) o Nmetal Nmetal
Mol_wt
-0.2 0.0 0.2 0.4

*L V- Latent variable
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Table 4.12. Details of the modeled descriptors from developed PLS models (M 4.1 -M 4.4).

SL. Descriptors Description Contribution
no.

1 7. metal The atomic number of metals -ve

2 XOX Oxidation number -ve

3 Electrochemical Mass of that element (in -ve

equivalent (Eq) grams) transported by 1
coulomb of electric charge.
4 Valence The valence of an element is -ve

the measure of its combining

capacity with other atoms

when it forms chemical

compounds or molecules.
Mol wt Relative molecular mass -ve
6 Nmetal Number of metals +ve

o)}

4.4.2. Statistical aspects of the nano-QTTR models

The linear regression performed between cytotoxicity data for the common eight compounds from
BEAS-2B cells and RAW 264.7 cells yielded a squared correlation coefficient (R?) of 0.5 without
using any kind of calculated descriptors. To get a more robust model, along with the response
value of one of the cells, some periodic table descriptors were also included. Using the RAW 264.7
cell response variable, the BEAS-2B cell cytotoxicity was used as a predictor variable and vice
versa. The values of the leave-one-outcross-validation metrics(Q*.oo0) were 0.37 and 0.50
respectively. Therefore, to get an interpretable and statistically significant model, along with some
periodic table descriptors, the cytotoxicity of one cell type can be used as the predictor variable
for determining the cytotoxicity of other cells.

RAW 264.7 cells and BEAS-2B cell toxicity correlation

Considering RAW 264.7 cell toxicity as the response and BEAS-2B cell cytotoxicity as a predictor
variable along with some calculated periodic table descriptors, we have constructed a PLS model
as below:

loggc soRawcell=-8.69557-0.222611loggcsoBeas cell +4.4442X _ActivM

n = 8,R? = 0.90,R2;; = 0.90,Q75,-0.86,LV = 1, PRESS

= 6.60254 (4.6)

In equation 4.6, X_ActivM is a 2" generation periodic descriptor, which stands for the
electronegativity of active metalloid/semi-metal.
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BEAS-2B cell and RAW 264.7 cell toxicity correlation

Similarly, in this case, BEAS-2B cell toxicity was taken as the response, and RAW 264.7 cell
toxicity was considered as a predictor variable along with a structural descriptor to develop a PLS
model represented as equation 4.7

loggcsoBeas cell = 13.6745-1.2606 loggc soRawcell-8.0142 Atomic radius

n =8,R? = 0.98,R%;; = 0.99,0%50-0.66,LV = 1,PRESS
=100.7 (4.7)

In equation 4.7, the atomic radius is a periodic table descriptor that signifies the measure of the
size of the atom. It typically measures the distance from the center of the nucleus to the outermost
shell containing electrons (Roy and Roy, 2021). Thus, it is evident that the toxicity values of the
cell lines are interrelated to each other. The MeOx NPs responsible for murine cell line toxicity
are also toxic to human cells. The nano-QTTR models can be employed for extrapolating
cytotoxicity to BEAS-2B and murine myeloid RAW 264.7 cells for metal nanoparticles when the
data for the other species are available.

In the scarcity of experimental nanotoxicity data, these results would indicate a new approach and
contribute to more possibilities for comprehensive risk assessment of nanoparticles when
cytotoxicity data is missing for a specific cell line. The predicted values are given in Table 4.13.

Table 4.13: Observed and predicted values for individual compounds for BEAS-2B and
murine myeloid RAW 264.7 cells lines from QTTR models

ID Metal Observed log Predicted log Observed log Predicted log
oxide (1/ECs0)BEAS- (1/ECs0)BEAS-2B (1/ECs0)RAW  (1/ECs0)RAW
2B cell cell 264.7 cell 264.7 cell

1 Co304 -1.37 -1.41 -1.35 -1.00
2 Cr203 -1.55 -2.50 -1.07 -1.93
3 Ni,O3 -1.8 -1.75 -1.94 -1.10
4 CuO -1.38 -0.37 -1.16 -0.56
5 Mn203 -1.12 -2.06 -1.1 -2.28
6 CoO -1.64 -1.83 -1.68 -1.06
7 ZnO -0.56 0.27 -0.91 -1.71
8 LaxOs3 -19.26 -19.02 -8.52 -8.09
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4.4.3. Chemical Read-Across Analysis

Read-across (RA) is a similarity-based approach for the prediction of a new compound referred to
as ‘target compound’ based on the endpoint of other similar compounds known as the ‘source’
compounds. The similarity-based prediction method has gained enormous attention owing to its
success in data gap-filling issues. In the present work, the quantitative-read across approach based
on similarity for the four datasets was implemented using the descriptors obtained from the four
PLS models for the four datasets. The datasets were divided into training and test sets for
performing the read-across technique. In this work, we tried to maintain an equal number of
compounds in training and test sets. Three similarities-based measures were involved in this work
namely Euclidean Distance (ED) —based Gaussian Kernel (GK) Similarity-based, and Laplacian
Kernel (LK) Similarity-based prediction. After optimizing the hyperparameters, i.e., ¢ (sigma
value) and y (gamma value) for all the datasets separately, it was observed that the read-across
prediction was within acceptable criteria as given in Table 4.14. The work was performed using
Read-Across-v4.0 (Chatterjee et al. 2022; Banerjee and Roy, 2022; Banerjee et al., 2022). The
threshold values for distance can range from 1 to 0, similarity threshold values from O to 1, and
the numbers of most similar training compounds from 2 to 10. The sigma (6) and gamma value
(y) range from 0-2.
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Table 4.14. Prediction quality of the features obtained from the PLS (M 4.1-M 4.4) models using the read-across approach.

Feature Hypothesis Hyperparameters Statistical parameters

combinations ¢ v | Distance threshold Similarity threshold Q%4 Q%, | MAE | RMSEP

BEAS- M4.1 RA-ED 0.5 0.5 1 0 0.779 0.777 | 1.859 3.428

2B cell | (9 MeOx RA-GK 0.993 0.993 | 0.506 0.622

NPs) RA-LK 0.583 0.580 | 3.485 4.707

M 4.2 RA-ED 1 1 1 0 0.912 0.531 | 3.169 3.733

(10 MeOx RA-GK 0.713 -0.525 | 5.962 6.734

NPs) RA-LK 0.703 -0.575 | 6.317 6.844

RAW M 4.3 RA-ED 1.5 1.5 1 0 0.953 0.895 | 0.889 1.067

264.7 | (10 MeOx RA-GK 0.784 0.519 | 1.432 2.284

cell NPs) RA-LK -0.062 | -1.365 | 2.572 5.064

M44 (12 RA-ED 1 1 1 0 0.833 0.832 | 1.875 3.113

MeOx RA-GK 0.937 0.936 | 1.307 1.916

NPs) RA-LK 0.914 0.913 1.432 2.236
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4.4.4. Interpretation of the descriptors for the BEAS-2B cell toxicity model

Model

Descriptors

Interpretation

Example

BEAS-2B cell
toxicity

Model
4.1

Z,_metal

The atomic number of an atom is the charge number of the
nucleus. The increased electropositivity of the nucleus has a
stronger pull on the valence electrons preventing them from
leaving the outermost shell. As a result, the valence electrons
cannot form a bond or influence ROS initiation since the
electrons cannot move out due to the strong electropositive
attraction of the nucleus.

La203 and Sb203 MeOx NPs
with an increase in atomic
number show a decrease in the
toxic effect on the cell. On the
other hand, the reverse
phenomenon happens in Cr203
and Mn203 MeOx NPs, where
a decrease in atomic number
elevates the toxicity of the cell.

XOX

The oxidation number or state reflects the electronic
configuration. A reducible oxide contains metal ions with a
maximum oxidation state, yet can be reduced to a lower
oxidation state within certain limits. Such metals contain
vacant oxygen vacancies after the loss of oxygen in the
crystal lattice that may exist in the bulk or on or subsurface
of nanomaterials (Baek et al, 2011). These vacancies result in
the presence of reduced cations on the surface of
nanoparticles with Lewis base character. The surface of
Oxidizable oxides prevalently exhibits oxygen vacancies
associated with the oxidized metals that behave like a Lewis
acid, i.e., they accept electrons. Concerning their Lewis acid-
base behavior, this nanoparticle vacancy acts as a binding
site, particularly for biomolecules that may compose bio-
corona responsible for adverse pathways

The increase in the oxidation
number suggests that with the
increase of the oxidation
number, more electrons are
removed from the metal oxide
as in MeOx NPs CoO and
CuO, and the metal results in
the formation of metal cation.
Again, the opposite happens in
MeOx NPs Sbh203 and Ni20s.
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Model
4.2

Electro Eqv

The electrochemical equivalent (Electro Eqv) of a chemical
element indicates the mass of that element (in grams)
transported by 1 coulomb of electric charge. It indicates the
kinetics of corrosion rate and estimates the oxidizing power
of metal in a specific environment. The number of valence
electrons plays an important role here. This means that with
an increase in the number of valence electrons, the descriptor
value decreases. The lower oxidation state elements are
found to be more harmful than the compounds with higher or
stable oxidation states (Walker, et al., 2003). This metal ion
can then radically combine with the macromolecules present
inside the body and enhance toxicity through the Haber—
Weiss—Fenton cycle (Koppenol, 2001).

The Electro Eqv descriptor

negatively influences
cytotoxicity in BEAS-2B, and
as the descriptor value
decreases, cytotoxicity

increases just as it does in
MeOxCr203. On the contrary,
an increase of the descriptor
value decreases the
cytotoxicity as the wearing of
the metal reduces the toxicity
from its oxide as in MeOxNP
Fe20s.

Valence

The first-generation periodic table descriptor Valence
measures the combining capacity of the metal with other
atoms when it forms chemical compounds or molecules. The
different valence states of metal oxide exhibit different
characteristics and patterns of toxicity.

The negative contribution of
this descriptor suggests that an
increase of valence as in CoO
MeOx NP decreases the
toxicity whereas the decrease
of the descriptor value as
observed in CuO increases the
cytotoxicity of the cell.
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RAW 264.7 cell
toxicity

Model
4.3

Atm rad (A)

The size of the atom is associated with the distribution of
electrons around the nucleus. When electrons are closer to the
nucleus, they are more tightly bound, thus creating a higher
electronegativity in the metal. Therefore, when the atomic
radius is increased, the electrons are not bound tightly, which
results in a reduction in the oxide's electronegativity, thus
reducing the metal's toxic effect.

This descriptor contributes
negatively to the cytotoxicity
which means that the latter
explanation is justified as
observed in MeOx NPs Yb2Os
and HfO2 where an increase of
the radius causes a less toxic
effect than the MeOx NPs CuO
and ZnO having a larger atomic
radius.

Model
4.4

Mol_wt

Mol_wt describes the molecular weight of the metal. This
descriptor contributes negatively to RAW 264.7 cell
cytotoxicity. This happens because as the weight increases,
the size of the metal oxide will also increase, and the
penetration of the metal oxide through the cell will become
limited. Reducing the size of the metal oxides increases the
surface area, making the active size of the metal more
accessible for chemical, electrical, magnetic, structural, and
morphological interaction.

MeOx NPs Gd>Os3 and LaxOs,
bearing high molecular weight
have low cytotoxicity whereas
MeOx NPs CuO and CoO with
low molecular weight possess
higher toxicity to RAW 264.7
cells.

Nmetal

Nietal stands for the presence of metals in the metal oxide
nanoparticles. The higher number of metals in the NPs can
trigger more ROS production through the formation of metal
cations. The higher cation formation may further accelerate
bond formation with the protein in the biological system
which may increase the chance of metals accumulating in the
body making excretion difficult. The persistent nature of
metals can cause carcinogenic, mutagenic, and teratogenic
effects on the living cell that may consequently cause disease
and abnormal conditions in the body (Briffa et al., 2020).

As this descriptor contributes
positively toward RAW 264.7
cell cytotoxicity, an increase of
the descriptor value increases
the toxicity of the cell as
observed in MeOx NPs Co30y4,
whereas the opposite is
observed in MeOx NPs HfO,.

*The common descriptors from all the models are discussed.

123




Chapter 4 Results and Discussions

4.4.5. Mechanism of toxicity.

The assessment of the detrimental effects of nanopesticides on living organisms demands a
comprehensive understanding of their potential impact on the environment. Despite the
benefits and the requirement of an agro-food section, the enormous use of agrochemicals has
led to the emission of a huge runway of pesticides into the environment. Further challenges in
toxicity assessment of nanopesticides arise from other sectors through contamination of
terrestrial and aquatic ecosystems and incorporation of toxic ingredients in food for animal and
human consumption. Each of the individual sectors has its complexity and should be dealt with
specific consideration, especially when the pesticides are present in low concentrations and
dispersed form. The biotransformation of nanomaterials in the ecosphere may interact with
various bio-films or biological organisms that can determine the fate, behavior, and persistence
in the environment (Mu et al.2014). It is noticeable that some terrestrial species come in direct
contact with pesticides and hence different interactions can occur with or within the organism.
The metal cation released from the metal oxide exhibits higher binding and cellular uptake to
the cell than the negatively charged NPs. The charged particles induce different perturbations
to the cellular membrane potential. The lower valence suggests the release of metal cations
through corrosion would depolarize the cellular membrane and form holes. These holes lead to
the initialization of metal cations inside the cell as well as diffusion of the cytosolic content out
of the cell. The manifestation of the NPs is supposed to be dependent on the size and
morphology of the NPs. MeOx NPs can enter the cell through various paths which in return
depends on the size and possibility of interaction with various surface proteins and lipids, but
the initial contact between NPs and cell (Djurisi¢ et al. 2015) is usually through electrostatics
as shown by the Electro Eqv descriptor. The decrease in size as indicated by the lower Mol_wt
descriptor is thought to be correlated with higher uptake into the cell. The toxicity of the NPs
inside the cell depends on their stability in the cellular environment (Zhu et al. 2013). The
acidic surrounding of lysosomes can cause a redox reaction as demonstrated by the decrease of
xox descriptor. The binding properties of the NPs are explained by the Z_metal, as the decrease
of this descriptor increases the cellular interaction leading to damage to the membrane and the
production of ROS (reactive oxygen species). NPs can enter the mitochondria (the powerhouse
of the cell) and affect their function. The nuclear envelope inhibits the entry of large NPs into
the nucleus. The small-sized NPs enter the nucleus and exhibit strong affinity with the histones
or other cell organelles through electronegativity. The NPs may cause decondensation of
nuclear chromatin in mice which is driven by the interaction of NPs with the nucleus. The
nano-specific behavior also intrinsically depends on the metallic nature of NPs used in
pesticides as the descriptor Nmewar. Their toxicity is associated with internalization and
bioaccumulation by the non-targeted organism (Firdaus et al, 2018) (Fojtova, et al, 2019). Such
interaction and bioaccumulation may alter oxidative stress-dependent and -independent
pathways that affect proliferation and differentiation. Other signaling pathways such as MAPK,
NF-kB, and DNA damage are responsible for nanoparticle-induced oxidative stress. All these
events as in Figure 4.28 eventually cause the death of the respective cell (Fraceto et al.2020).
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Figure 4.28 Mechanism of toxicity to BEAS-2B cell and RAW 264.7 cells (study 4).

4.5. Study 5: Understanding mechanism governing the inflammatory potential of metal
oxide nanoparticles using periodic table-based descriptors: A nano-QSAR approach.

Successful development of the QSAR model depends on the quality of biological data.
Although the available MeOxNPs data presented here are limited, but are sufficient for
developing predictive models. Many authors have developed and published QSAR models with
a small number of data points (Puzyn et al. 2011; Kar et al. 2014; Roy and Roy 2022a). The
criterion of a useful model is the difference between R? and Q? being less than 0.3. With this,
the MLR model (FCr.-1p dataset; Data set 5.1) satisfies this criterion (R*= 0.89, Q*=0.86,
Q’r1=0.86). Equation (4.8) suggested that the developed MLR model could be applied to
evaluate the inflammatory potential of new, untested MeOxNPs. The results obtained from the
cell viability [-In(p/(1-p))] data set (5.2) (R?=0.72, Q%00 =0.53, Q%*r1=0.66) with 54 data points
and latent variable 4 equation (4.9) could explain 72 percent of variance while it could predict
53 percent of leaving-one-out (LOO) predicted variance. The scatter plots (Figure 4.29)
suggest that the models have good predictions. Table 4.16 gives the results of MLR models.

The AD checked with the standardization approach showed that for model 5.1, compound no
28 was an outlier in the training compounds, whereas there was no outlier compound in case
of model 5.2. No compound was found to be outside the applicability domain for the test sets
for all the models. As per the William plot (Figure 4.30).
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Figure 4.29 Scatter plots for the MLR models (FC 1.1, -In (p/ (1-p)) (Model 5.1 and 5.2).

Table 4.16. Results of MLR models with different endpoints.

Model Descriptors Number Endpoints R? Q? Q%r1
of data
points
MLR 5.1 Nmetal, Xy, atomic radius 32 FC 11 0.893 0.86 0.86
MLR 5.2 %, %, Vpo, atomic 54 -In (p/(1-p)) 0.72 0.55 0.66
radius,dose, Xy
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Figure 4.30 William’s plot of the three MLR models.
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4.5.1. MLR models for inflammatory potential
Model 5.1

FCjp—1p=- 32.2+ 30 N_metal-13.4 Zy+14.9 atomic radius

(1)
Merain = 24 R? = 0.893,0%,,_0.856, PRESS = 1637.56,F = 55.60,5 = 7.80424
n test — 8’QI%1 = 0.86 (4‘. 8)

N_metal is 1* generation periodic table descriptor. This descriptor indicates the number of
metals present in the MeOx NP. For example, if the MeOx NP contains one metal in the MeOx
NP, then the descriptor value would be one, and so on. This descriptor contributes positively
towards the Fold Change (FC -1p) endpoint which suggests that with an increase in metal
number, the FC 1_-1p increases. The aforesaid statement can be well understood from the PrsO11
MeOx NP where the descriptor N_metal value is 6 and the FC 1.1 value is 95. On the contrary,
Zn0O MeOx NP bearing N_metal value 1 represents an FC 113 value of 0.29. Thus, it can be
clearly depicted that the N_metal descriptor has a significant effect on toxicity. Certain metals
have been reported to seriously affect the immune system potentially causing ill effects on
health. The presence of metal, depending on its concentration, route of entry, and duration of
exposure may lead to immunosuppressant or stimulation of immune cell activity. The metal
oxides alter the expression level of adhesion molecules along with chemokine receptors, i.e.,
the key factor associated with immune response. This alteration affects the T-cell proliferative
response to mitogens and chemotaxis (Lozano-Fernandez et al., 2014). The induction of metals
can form metal —protein aggregates through metal co-ordinate bond formation eventually
causing pro-inflammatory function by the assembly of NLR3 (NACHT, LRR, and PYD
domain-containing protein, and inflammasome initiating IL-1p release from the cell
(Pettersson et al., 2022).

Yy stands for the summation of electronegativity of the metals present within the MeOx NP.
This descriptor contributes negatively towards the inflammatory effects which suggests that
with the increase of the descriptor value, the toxicity decreases whereas the opposite takes place
with the decrease of the descriptor value. This observation also was in agreement with the result
that Co304 MeOx NP with low electronegativity tends to induce more inflammatory potential
than Sm2O3; MeOx NPs with higher electronegativity. The MeOx NPs with less
electronegativity will have fewer valence shell electrons, which in turn means that their
oxidation number is less. From the previous studies, we know that metals with less oxidation
number are more harmful than higher oxidation numbers (Roy and Roy, 2022b). The tendency
of a metal to gain its higher oxidation state disrupts cellular processing through the generation
of reactive oxygen species (ROS) which reduces the antioxidants of the cell and increases stress
within the cell (Kang et al., 2007). The MeOx NPs with less electronegativity can easily enter
the cell through phagocytosis. The increased cell stress can further modify the immune system
and down-regulate the cortisol receptors. This down regulation, in turn, enhances the cytokine-
mediated inflammatory processes by reducing the response of a cell to anti-inflammatory
signals or stimuli (Segerstrom and Miller 2004).

The third period descriptor of the model is Atomic radius. This descriptor measures the size
of the element, usually, it is the typical measurement of the distance from the nucleus to the
outermost isolated electron. With an increase of the atomic radius, the formation of metal ions
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becomes easier since with the increase in the number of shells, there is an increase of shielding
effect and the outermost electrons in the valence shell does not experience the counter positive
pull from the nucleus. The positive contribution of the descriptor suggests that MeOx NPs with
a high descriptor value will have a high potential to cause inflammatory effect as in La>0s
MeOx NPs with descriptor value 2.74 has an FC 1.1 value 38.63 whereas CoO MeOx NPs with
less Atomic radius value 1.53 tends to cause a minimum effect on the inflammatory potential
with 0.31. The metal ion release through corrosion binds with the serum protein and forms
hapten or hapten—like complexes which trigger the immune system. Some metal ions induce
an increased level of superoxide anions that indicate neutrophil stimulation (Kumazawa et al.
2002; Mu et al. 2000) and may bind to phosphorylated cellular molecules which plays a major
role in cell signaling. By binding to such messenger pathways, MeOx NPs may interfere with
the signaling pathways and the immune function.

Model 5.2 (Cell viability)

-In (p/1-p) =-6.85457 + 0.01647 dose - 4.51478 +8.48% -0.05770 atomic radius + 0.02652
valence electron potential -0.42535 Xy

Nerain = 41,R? = 0.72,Q%90=0.55, PRESS = 138.486,F = 12.47, s =
1.67892, Ary, 100y =0.0791, 77,90y = 0.5056,LV = 4

N ese = 13, QF1 = 0.67,Ary; 100y =0.13174, 790y = 0.553 (4.9)

Dose of any metal oxide plays an important role in causing the inflammatory potential. This
descriptor positivity contributes towards the release of cytokine from the cell. The higher the
dose, the greater the release of cytokines from the respective cell as observed in La>xO3-7 MeOx
NP (where the dose is 200 pg/mL and logz (FC 1-1p) 1s 5.27) whereas a low dose is not that
effective as observed in Sm20s3-1 MeOx NP (where the dose is 3.1 pg/mL and logz (FC 1-1p)
1s 0.07). The effect on T- cells depends on the route of administration and also on the dose of
the NPs. An increased expression of cells and adverse effects have been observed at higher
doses of MeOx NP (Shah and Dobrovolskaia 2018). This observation is supported by some
literature reports such as that CeO», TiO2 NPs, and Al,Os activate ERK (1, 2); this activation
is dose- dependent and does not activate at lower doses. ZnO NPs or Zn>* salt was also dose-
dependent, and phosphorylation of ERK (Extracellular signal-regulated kinases) is only
detected at higher concentrations of Zn’*ions (Simon-Vazquez et al. 2016). Chen et al. (2012)
have also demonstrated that TiO. nanoparticles not only dose-dependently increased
histamine secretion but also increased cytosolic Ca** concentration in rat mast cells.

The valence electron potential (Vp@) descriptor provides a quantitative indication of elements
reactivity and is based on the charge of the valence electrons and the ionic radius. This
descriptor contributes positively towards the endpoint (—In(p/(1-p))). An increase in the
descriptor value (220 eV) as observed in MnO, MeOxNP causes an increase in cell death
(4.027) compared to the lower descriptor value (40.71 eV) in La,03 MeOxNP where cell death
is -1.57. The charge of the atom describes the detachment of the metal from the metal oxides.
It is determined by the equation.
—ev =kn /r

128



Chapter 4 Results and Discussions

Here, ‘k’ expresses the force exerted by the valence electron in volts which is equated to 14.33,
‘n’ is the valence, and ‘r’ is the ionic radius. A valence electron is furthest from the nucleus
and is removed by spending less energy. Therefore, the electron relatively away has a smaller
(1/r) value so the energy is larger. Decreased interaction of the nucleus is the principal reason
why electrons away from the nucleus are higher in energy than the electrons near to the nucleus
(Walker et al. 2003). The charge and radius ratio of the metal ion indicate the distance between
the ion and another charge present, and the size of the electrostatic force created thus defines
the index for ionic bond formation.

The (Xy)/nO descriptor stands for total metal electronegativity in a specific metal oxide relative
to the number of oxygens. This ratio gives information on the electronegativity of the atom
with respect to the number of oxygens present in the MeOx NP. With an increase of this ratio,
there is a decrease of count cell deaths. The positive coefficient of this descriptor suggests that
with an increase of the ratio as in CuO (1.9) there is an increase of cell inflammatory potential
(6.9) whereas the reduction of (Zy)/nO ratio (0.56) decreases cell inflammatory potential (-
3.37) as in CeO> MeOx NP. This descriptor also considers the presence of oxygen and indicates
the effect of oxygen on the inflammatory potential. The increase in the number of oxygens
relative to electronegativity enhances the change of reactive oxygen species which leads to
stress in the cell. Inflammation and environment oxygen levels are linked with each other. A
low level of oxygen count gives a high ratio; therefore, a low level of oxygen or hypoxia can
lead to inflammatory conditions in the cell.

It is to be noted that electronegativity () has a positive contribution but the summation of
electronegativity (Xy) has an opposite contribution. Therefore, it can be inferred that
electronegativity describes the tendency to attract electrons. Metals with low y tend to attract
electrons or metals with low y tend to lose electrons to an oxygen atom. Oxygen with more
electrons traps protons (positively charged ions). Therefore, metals with lower y have a higher
affinity towards protons than MeOx NPs with higher y. As per the proton sponge effect (Nel
et al, 2006) Figure 4. 31, some nanoparticles enter the liposomal compartment and sequester
protons supplied by the proton pump (v-ATPase). This retains the proton functions which leads
to the retention of one CI” molecule and two molecules of water. Thus, it causes the rupture of
lysosomal content, triggering excess IL-1b production and inflammation. Therefore, this
hypothesis is supported by the developed MLR and classification models. Other common
descriptors are described previously for other models.

129



Chapter 4 Results and Discussions

Eanty shdosomie Late endosome

Lysosomal swellng and P
release of content cl-{a —A ‘ﬁ H+
( ok ./

H.0 } H.0

e

N

Figure 4. 31 Proton Sponge effect.

4.5.2. Evaluation of the predictive ability of the developed MLR model for fold change

To further evaluate the performance of the developed MLR model (Equation 4.8), new
MeOxNPs were selected to verify the performance of the MLR model that lacked inflammatory
potential response experimental information. These MeOxNPs were not included in the
training set or test set. The “Prediction Reliability Indicator” (Roy et al. 2018a) tool was used
to categorize the quality of predictions for the external set into three groups i) good (with
composite score 3), i1) moderate (with composite score 2), and 1ii) bad (with composite score
1). Three criteria were used: 1) mean absolute error of leave-one-out predictions for 10 most
close training compounds for each query molecule (Roy et al. 2018b); 2) applicability domain
in terms of similarity based on the standardization approach (Roy et al. 2015); 3) proximity of
the predicted value of the query compound to the mean training response (Roy et al. 2017) in
different weightage schemes for making a composite score of predictions depending on the
molecular features. Thus, we have collected 37 MeOx NPs as an external set (see in materials
and methods Table 3. 13) to evaluate the predictive power of the developed MLR models and
found that out of 37 MeOxNPs, 34 MeOxNPs showed good predictions except one (Tm203)
which had moderate prediction while CeO2 was found to be an outlier.

4.5.3. Features responsible for the inflammatory effect to THP-1Cells

To explore the hazardous effects of the MeOxNPs, the THP-1Cells were exploited to examine
the toxic impact of MeOxNPs on cell viability and inflammatory responses. This was done
since the behavior of differentiated THP-1 cells is similar to monocyte-derived macrophages
(Auwerx, 1991) and phagocytic uptake is the prime pathway to remove non-soluble particulates
(Geiser, 2007). We present a schematic diagram to collectively determine the inflammatory
response of MeOxNPs. The regression models pinpointed that N _metal, Xy, atomic radius,
Valence electron potential, and (Zy)/nO, Dose, AtWt_Activ.SM are the most determining
factors for inflammatory potential in THP-1 cells. The main feature derived from the
developed models, i.e. presence of metals, has been found to manifest allergic reactions
towards orthopedic implants (Foussereau and Laugier, 1966). Another indication is the
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increased cytokines in the serum with orthopedic implants. The immune reactivity of metal
ions is considered to be a type IV hypersensitive reaction (Biidinger et al. 2000). The presence
of electronegative atoms triggers IL-1 production and tends to rupture lysosomal content from
the cell. IL-1B is involved in a variety of cellular activities such as cell proliferation,
differentiation, and cell death. The higher dose of the MeOxNPs also activates IL-1f
productions which activates the NALP-1 caspase-1 inflammasome cascade and participates in
the process of cell pyroptosis, characterized by the release of massive cytokine levels
(Bonaventura et al., 2018). Caspase-1 is generally present in inactive form as procaspase-1 but
can get activated by the inflammasome. The activation of inflammasome further stimulates the
cleavage of pro-IL-1P by caspase-1, resulting in mature IL-1p that is released from the cells.
This cascade of reactions further activates the receptor in a paracrine manner producing
proinflammatory gene products. Figure 4.32 mechanism of inflammatory potential with
sponge effect.
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Figure 4.32 Mechanism of inflammatory potential with sponge effect, release of cytotoxins,
and lysosomal leakage (study 5).
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4.5.4. Comparison with the previous study

This study focuses on identifying the features governing the inflammatory potential of MeOx
NPs to THP-1 cells. The previous study by Huang et al. (2020) performed the same study with
26 MeOx NPs (FCi1p) applying machine learning techniques with quantum-mechanical
computations, experimental characterization, and 5 periodic table descriptors to generate
QSAR models (partial least squares). The developed model in the previous work showed a
result of R?=0.89, Q?=0.87, and Q*:=0.80. On the other hand, the present study used 32 MeOx
NPs for modeling using the multi-linear regression method for generating a regression model
using the in-house QSAR modeling tools. Again, the percent cell viability data was converted
to logit form (—In (p/ (1-p))) to evaluate the toxicity profile of the reported metal oxides. This
endpoint was not modeled by the previous authors. The main novelty of the present work is
that the whole work was performed using only periodic based-table descriptors that are
computationally less demanding, independent of nanoparticle size, and do not require
computational resources unlike quantum chemical descriptors. The result obtained in the
present model with periodic table-based descriptor showed similar model quality (R?= 0.89,
Q%00 =0.86, Q*r1=0.86) with the previous work (Table 4.17). The features obtained from the
MLR model (FCr.-1B) were also akin to that of the previous study involving machine learning
techniques and quantum-mechanical descriptors which is more complicated.

Table 4.17 Comparison of the previous work with the present study.

Model Descriptor Method Endpoint No. of R? Q> Q¥
S compound
S
Previous Mainly Regression FCr-1pB 26 0.89 0.87 0.80
model (Huang  Quantum (PLS)
etal. (2020)  descriptors
Present work Periodic Regression FCr-1P 32 0.89 0.86 0.86
table-based = (MLR-M5.1)
descriptors and (PLS- —In (p/ (1-p)) 54 0.72 0.53 0.66
M5.2)

4.6. Study 6: Prediction of cytotoxicity of heavy metals adsorbed on nano-TiO2 with
periodic table descriptors using machine learning approaches.

In this research, we have used four ML models namely RF, AdaBoost, Gradient Boost, and
Extreme Gradient Boost to forecast the toxicity of nano-TiO; adsorbed heavy metals to HK-2
cells using periodic table-based descriptors (Table 4.18). The ML models were built using the
features selected by the RF algorithm. Model specification and configuration were built by
optimization of the hyperparameters. The AD was also diagnosed and all the compounds were
found to be within the critical point (h*) i.e., 0.42 as suggested by Figure 4.33 The applicability
domain (AD) is the chemical space formed based on the descriptors of the training set
compounds. The compounds in the space are considered reliable for predictions and those
beyond the AD do not guarantee accurate predictions. AD plays an important role in
determining the uncertainty of the predictions of specific molecules based on how close they
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are to the training set compounds used to develop the model. AD is a valuable tool for the
characterization of interpolation spaces based on the modeled descriptors and response
functions.

The applicability domain developed here is based on the features of some specific heavy metal
salts, that is, CdClz, ZnCl,, MnClz, CoClz, CuSOs4, NiClz, Pb(NO3)2, and SbCls. The developed
model should be applicable to other closely related heavy metal salts.

Williams Plot
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N
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Figure 4.33 Williams plot.

4.6.1. Diagnosis based on SHAP value

The goal of SHAP is to explain the prediction of an instance by computing each feature to the
prediction. Firstly, the SHAP value is used to calculate the magnitude of the contribution of
each feature and then ranked to obtain the importance ranking of features. Features with large
absolute Shapley values are important. Here, we have used the kernel method to calculate the
SHAP value (Liu et al., 2022). The SHAP analysis and hyper parameter tuning (max_depth:
“none” min_samples leaf, min samples split, n_estimators) revealed that concentration,
followed by atomic radius and IP_ActivM, ranked highest among the eight features (Conc, )y,
atomic radius, IP_ActivM, Mol Wt, x of metal, D3 HeteroNonMetal, and atoms in the
molecule) in the RF model. The hyper parameter setting n_estimators was kept ‘at 80’ for RF,
while for 130, 70, and 170 for Gradient Boost, Extreme Gradient Boost, and AdaBoost
respectively. The relative importance of each descriptor for all ML algorithms can be
understood using the SHAP analysis (Figure 4.34). The SHapley Additive exPlanations
(SHAP) methodology identifies the features contributing most to the model prediction. We can
find that the conc (concentration of the heavy metal) descriptor is the most contributing one in
all the EL algorithms. The Shapley values reflect the average marginal contribution of a feature
value across all possible feature coalitions, both in terms of magnitude and direction.
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Table 4.18: Statistical parameters and selected features from the developed ML models.

Method

RZ

2
QLoo

MAE

train

RMSE
C

2
QF1

2
QF2

MAE

test

RMSE
P

Optimized hyper
parameters

Random
Forest

0.96

0.72

0.13

0.2

0.94

0.94

0.14

0.19

'max_depth': None,
‘min_samples_leaf":
L,
'min_samples_split':
2, 'n_estimators': 80,
max_features:1.0,
bootstrap: True
random_state:0

Gradient
Boost

0.99

0.77

0.06

0.08

0.82

0.81

0.2

0.34

‘max_depth': 6,
‘min_samples_leaf":
4,
'min_samples_split":
4, 'n_estimators':
130, max_features:
None,
random_ state:0

Extreme
Gradient
Boost

0.94

0.46

0.16

0.26

0.83

0.83

0.25

0.32

'booster": 'gbtree’,
'colsample_bytree":
0.3, 'max_depth'":
None,
‘min_child_weight":
1, 'n_estimators': 70,
'subsample': 0.5

AdaBoo
st

0.88

0.64

0.31

0.37

0.72

0.71

0.33

0.41

'loss': 'linear’,
'n_estimators": 170,
random_state:None
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Figure 4.34 SHAP summary plot.

4.6.2. Results of Model Validation for all MLL Methods

In order to determine if heavy metals and TiO> nanoparticles had any cytotoxic effects, eight
important periodic table—based features were selected. The final models developed with RF,
AdaBoost, Gradient Boost, and Extreme Gradient Boost were evaluated using MAE rain, RMSE
wrain, R%, and Q2 for the training set and MAEest, MSE, RMSEges, Q2F1 Q2F2 metrics for the test
set, and the results are shown in Table 4.18. According to the results, the MAE s (0.14) was
found to be the least for the test set in the RF method followed by AdaBoost, Gradient Boost,
and XG Boost. The XG Boost gives the highest R? (0.99) for the training set while AdaBoost
gives the lowest R? (0.88) with the highest MAE st (0.33). Cross-validation statistics were
obtained based on 20 times 5-fold repetitive CV along with 1000 times shuffle split CV
(Mean+SEM) method. It is done to protect the model from overfitting when the data is limited.
The results of the CV have a clear indication that the models do not memorize the
correspondence between the descriptors since the outcome as R? is highest and the MAE value
is lowest for the RF model after the repetitive CV method which suggests the superiority of the
RF model to other models. Figure 4.35 represents the cross-validation statistics based on 20
times 5-fold repetitive CV and 1000 times shuffle split CV method on R? and MAE for the
developed ML model.
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Figure 4.35 Cross-validation statistics based on 20 times 5-fold repetitive CV and 1000 times
shuffle split CV method (Mean+SEM)

4.6.3. General Mechanism of Toxicity

In the process of screening all descriptors from different ML methods, some common
descriptors for heavy metals were discovered that are clear indicators of their importance to
HK-2 cells. We found that the concentration of the heavy metal (conc), the atomic radius of
the metal, electronegativity, and molecular weight of heavy metal influence HK-2 cells'
survival. It was observed that conc, mol wt, atomic radius, and the total number of atoms in the
molecule were of high importance in all the models. The increase of conc, mol_wt, and total
atoms in a molecule is believed to increase toxicity. The severity of heavy metal is also time
and dose-dependent. Among many other factors valence state plays an important role in metal
toxicokinetics and toxicodynamics. Many studies have shown the increased level of
concentration of heavy metals is correlated with the severity of hepatotoxicity and
nephrotoxicity (Lund et al., 1991). Lead causes toxicity through an ionic mechanism followed
by ROS (reactive oxygen species) generation. Another, biomarker for ROS is lipid
peroxidation; (Niki, 2008). As a result, the free radical loses electrons and ultimately causes
lipid peroxidation inside the cell membrane. The catalytic property of the metals is also
responsible for increasing the toxicity of NMs causing a decrease in cell survival (Pujalté et
al., 2011), and is well depicted in Figure 4.36 The electronegativity and atomic radius are
responsible for enhancing the catalytic property of the metal. The cationic form of the metal
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thus generated also catalyzes the lipid peroxidation process (Roy and Roy, 2022) through the
enhancement of endocytosis and the intrinsic property of the heavy metal. Their toxicity may
be associated with internalization and bioaccumulation in the HK-2 cell. The increase in the
concentration of heavy metal and its adsorption to nano TiOz induces toxicity by increasing the
generation of ROS in the HK-2 cells.
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Figure 4.36 General Mechanism of toxicity to HK-2 cell by heavy metals (study 6).

4.6.4. Comparison with the previous work

The present work dealt with the model development of heavy metals of different concentrations
with simple periodic table descriptors using various ML methods. The results obtained from
the ML method suggest that the models have better predictivity than the models developed
previously by Sang et al. (2022) as shown in Table 4.19. Sang et al. (2022) applied the random
forest algorithm and AdaBoost algorithm for QSAR modeling using quantum mechanical
descriptors while the present study involved the random forest algorithm, AdaBoost algorithm
along with gradient boost and XGboost algorithm using simple periodic table-based descriptors
that are easy to interpret and can be calculated in no time without the involvement of expert
personnel. These descriptors simplify the nanostructure property calculation and determine the
nano-level interaction without much computational intervention. The use of such descriptors
saves time; they are also cost-effective and have a clear and straightforward physical meaning
which facilitates the mechanical interpretation of the QSAR models developed with these
descriptors. A direct comparison was not possible due to different dataset divisions and
descriptors but the results obtained in the present work for the RF method were superior to that
of the previous work.
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Table 4.19: Comparison of the current work with the previous study.

Descriptors ~ Method  R* @Q7,, MAE RMSEc @}, Qj, MAE RMSEr

train test

Periodic Random 096 0.72 0.13 0.2 0.94 0.94 0.14 0.19
table-based Forest

(Current
study)
Quantum Random 0.85 0.70 - 0.06 0.86 0.85 - 0.10
mechanical Forest
(Sang et al.)

4.7. Study 7: Exploring the relationships between physiochemical properties of
nanoparticles and cell damage to combat cancer growth using simple periodic table-based
descriptors.

To explore the physiochemical properties influencing the Zeta potential of the metal oxide
nanoparticles (MeOx NPs), property-based modeling was performed considering Zeta potential
as the Y-response (Model 7.1). Model 7.1 was developed with basic periodic table-based
descriptors. The different validation metrics showed the models to be robust and of good
predictivity. Furthermore, toxicity-based modeling (Model 7.2) was conducted to illustrate the
impact of Zeta potential on the toxicity of BEAS-2B cell damage. The modeling aimed to create
robust and predictive property and toxicity-based models capable of predicting new novel
MeOx NPs with enhanced features. Figure 4.37 shows the bubble plot for both dataset 7.1 and
dataset 7.2. The green and red colors indicate the positive and negative coefficients of the
respective descriptors. The size of the bubble represents the importance of the descriptors,
where the smaller bubble size has less contribution to the respective endpoints than the larger
bubble descriptor. The Williams plot in Figure 4.38 shows that three compounds were outliers
in the cell damage dataset. According to the PRI tool estimation on a true external set, out of
49 MeOx NPs, we confidently predicted 39 with good accuracy using this simple tool. This
means that we were able to make predictions for untested metal oxides with greater confidence.
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Figure 4.37 Bubble plot for dataset 7.1 (Model 7.1) and dataset 7.2 (Model 7.2).
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Figure 4.38 Williams plot for cell damage endpoint (model 7.2).
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4.7. 1. QSPR model for Zeta potential

{-potential is the key parameter from the regulatory point and can directly affect the NPs’
behaviour in the solution and their interaction with the biological organism (Figure 4.39). 18

MeOx NPs were modeled against the {-potential endpoint to obtain the partial least squares
(PLS) model with one latent variable (LV).

Model 7.1 (PLS)
¢ = 35.9157 — 8.4317 xox + 2.0002 tot_metal_alpha
— 0.1854 valence electron potential

Nerain = 13; R?=0.80; Q(00y =0.67; Niesr = 5; QF; =0.68; Q7, = 0.67; LV=1; MAE =; F
=44.20; p =0.002 (4.10)

Model 7.1 considered three descriptors to evaluate the influence of Zeta potential based on
basic attributes. In equation 4.10, N¢,.4in, and Ny, stand for the number of training and test set
compounds, respectively. R? is the determination coefficient; Q(Zwo) is LOO (leave-one-out)
cross-validation R?. Again, Qfl and sz were calculated for external data predictions. The
model parameters suggested the good predictive ability of the developed model as it passes the
various statistical criteria (Golbraikh, and Tropsha, 2007). The descriptors depicted in the
model also interpreted the influence of Zeta potential as discussed below.

The descriptor yox pertains to the oxidation number of the metal, which represents the
hypothetical charges within an atom. The Zeta potential decreases as the oxidation number
increases, as indicated by the negative coefficient of the descriptor. A lower (negative)
oxidation number indicates a higher electronegativity of the metal, which determines the
electron distribution in a molecule. The metal's electronegativity also influences the catalytic
property of the cationic form and the surface charge formed around the metallic oxide surface.
The high electronegative surface of MeOx NPs (Kwon et al., 2001) affects their behavior and
stability, thus determining the net charge of ions in a given medium. Certain MeOx are unstable
and tend to become stable by increasing the size of NPs through agglomeration. To prevent
this aggregation, NPs attract negative or positive ions from the medium to build a diffusion
double layer. The electronegativity of the NPs is also dependent on the medium's pH (Toropov
etal., 2018). In colloidal solutions, negatively charged metal oxides decrease the Zeta potential,
which reflects stability based on the aggregation phenomenon. This is well observed in MeOx
NPs, where an increase in the oxidation number (yox) decreases the Zeta potential as in WO3
NPs where the yox value is 6 and Zeta potential value is -23 mV and vice versa occurs for NiO
NPs where yox value is 2 but the Zeta potential value is 34.4 mV.

Valence electron potential (valence eV ¢) determines the elements' reactivity and is based on
the charge of the valence electron and the ionic radius. It is denoted by equation 4.11

—el = an (4.11)

Here, k expresses the energy (in electron volts) exerted by the valence electrons for an element
with valence ‘n’, and the ionic radius ‘r’.
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This descriptor negatively contributes to the {-potential suggesting that with the increase of the
valence electron potential of the metal, there will be a decrease in {-potential value as observed
in Mn2Os3 NP that has a valence electron potential value of 220 eV whereas the Zeta potential
i1s -15.9 mV. On the other hand, Co303 NP shows an opposite result where the decrease in the
valence electron potential value (38 eV) shows an increase in (-potential value (22.6 mV).
MeOx NPs with large ionic radius tend to have low electron potential as it is inversely
proportional to the ionic radius of the NPs. Thus, large-size NP particles tend to have low
electron potential. NPs with lower valence potential are prone to leave the outer orbital easily
than the one with higher potential thus allowing Electrostatic Double Layer (EDL) formation
easier. If the solution with NPs shifts to lower ionic strength, then the {-potential increases as
the EDL expands to balance the electrostatic force thus allowing the dispersion of NPs.

Tot_metal_alpha descriptor defines the core environment of the metal. It also defines the
molecular bulk of the metal oxide. This descriptor has vital characteristics that are heavily
influenced by the number of metals present in the metal oxide. Furthermore, the electronegative
density of the metal is a crucial factor in determining the surface charge and stability of the
NPs in the solution. Research indicates that an increase in the surface charge of the metal
surrounding the NPs can significantly aid in its dispersion within the media and prevent
flocculation. The positive regression coefficient suggests that an increase in the surface charge
of the metal surrounding helps the NPs to be dispersed in the media and thus avoid flocculation.
This phenomenon is observable in Yb2O3 NP with a high tot_metal_alpha value (13.6) having
the highest {- potential (46 mV); on the other hand, SnO2> NP with a descriptor value of 2.88
has a -20.5 mV -potential value.
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Figure 4.39 Zeta potential formation and influence phenomenon in respect to the modelled
descriptors
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4.7.2. QSPR model for cell damage

Model 7.2 (PLS)

ZX Sq SUMepsilon
cell damage = —1.681 — 1.11°%/ , + 0.295 /N +0.318 D1erqr —

0.263 Metal alpha + 0.035 time of exposure + 0.00057 zeta potential +
0.0057 Electronsy tivemy — 0.079 valence

Nppgin = 111; R?=0.62; Q(Zwo) =0.54; rm? , = 0.389; Arm},, = 0.246; Nips; =
21; Q?l = 0.653; Qﬁz = 0.652; rm?, = 0.532; Arm},, = 0.183 LV=7; MAE,,s; = 0.206;
F =19.87;

4.12)

Model 7.2 utilized eight descriptors to evaluate crucial attributes that can impact cell damage.
Equation 4.12 shows the number of compounds used in the training and test sets represented
by Nirain and N, respectively. Additionally, R? and Q(zloo)’ the determination coefficient
and leave-one-out (LOQO) cross-validation were employed. Furthermore, external data
prediction calculations were made using Qfl and Q?z- The model parameters confidently
demonstrate its exceptional predictive ability, meeting various statistical criteria (Golbraikh
and Tropsha, 2007). The descriptors used in the model were well-interpreted and are
comprehensively discussed in a later section. Note that zeta potential has appeared as a
significant descriptor in defining the cell damage. On removal of Zeta potential as a descriptor,
the model quality decreases. Using the predictions from one model as a descriptor for another
model is done to fill the data gap or to determine the missing values. This approach is similar
to the imputation methodology, which creates a model embedded within another model. Instead
of using dummy variables for quantitative prediction, a useful imputation method can predict
various types of inputs. It is worth noting that many existing works utilize imputation
techniques for this purpose (Whitehead et al., 2023). In QSAR studies, it is not unusual to use
a model-derived prediction as a descriptor for other model development or prediction when the
endpoint has been tested under different experimental or varying conditions (as in the case of
interspecies modeling). This approach is reliable and aims to establish a correlation between
different conditions to fill the data gap.

4.7.3. Chemical Read-Across Analysis

The developed QSPR (PLS) model for dataset 7.2 provided 8 descriptors that were utilized for
read-across predictions. Three similarity-based prediction methods, namely Euclidean
Distance (ED)-based, Gaussian Kernel (GK) Similarity-based, and Laplacian Kernel (LK)
were employed. Upon optimizing the dataset, it was concluded that the RA-ED (read across-
based on the Euclidean Distance) function outperformed the others, as shown in Table 4.20.
The Read-Across-v4.0 software (Banerjee et al., 2022) was utilized for this work. After
performing RA, the resultant Q ]%1 increased from 0.65 to 0.766.
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Table 4.20: Results for read across prediction using different similarity-based

approaches.
Feature Hypothesis Hyper parameter Statistical parameters
combinations ¢ y | Distance | Similarity | Q%; | Q%, | MAE | RMSEP
threshold | threshold
Model 7.2 RA-ED 1.75 | 1.75 1 0 0.766 | 0.765 | 0.177 | 0.252
(132 MeOx
NP) RA-GK
8 descriptors 0.764 | 0.763 | 0.178 | 0.254
(7LV)
0.724 10.724 | 0.195 | 0.274
RA-LK

4.7.4 Interpretation of the descriptors

The periodic table descriptor X / no Stands for the total metal electronegativity in a specific

metal oxide relative to the number of oxygens. This descriptor takes into account the crucial
role of oxygens in causing cell damage. Concerning the cell damage endpoint, this descriptor
has a negative effect, indicating that an increase in the number of oxygens compared to the
electronegativity sum results in a lower ratio of the descriptor. Thus, a high concentration of
oxygens in the metal oxide can expedite the oxidative damage process, leading to the
production of more reactive oxygen species (ROS) and causing more cell damage. The CoO

NP shows that a high z:X/ no value (1.88) leads to less cell damage (-4.38) whereas a low value

(ZX/ n0=0-77) has more cell damage (-2.50) as observed for the TiO2 NP. The production of
ROS (reactive oxygen species) can enhance the catalytic activity of Fenton/Fenton-like
reactions, but can also result in cellular damage (Roy et al., 2019). ROS can break down the
basic components of the cell, including DNA, proteins, and lipids. ROS can cause double-
stranded breaks in DNA by converting guanine to 8-oxoguanine. This conversion can lead to
mispairing with adenine, resulting in transversion mutations. Proteins can also be damaged
when their amino acid side chains are oxidized by ROS. Exposure of lipids to ROS can result
in lipid peroxidation, which can cause cell damage and generate reactive by-products that
further damage the cell.

The second-generation periodic table-based descriptor sq_sum_epsﬂon/ N or Xe/N )2 stands

for the sum of the electronegativity of the atoms of the metal oxide scaled by the number of
atoms present, which is calculated based on the electronegativity count (3 €) of the oxides.

Y& = Emetal * Nmetar + Eoxy * Noxy (4.13)

In equation 4.13, &perqr and &,y,, are the electronegativity count of metal and oxygen atoms,
respectively and Nperq; and Ny, are the number of metal and oxygen atoms. The positive
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coefficient of the descriptor infers that an increase in electronegativity favors the rise in cell
damage as in CuO nanoparticles where a high (Y &/N)?value (9.93) causes more cell damage
(-2.87), whereas the nanoparticles with the presence of low electronegativity ((3&/N)?=0.018)
causes less toxicity (-4.625) as observed in Sb2O3 nanoparticles. It has been observed that due
to the presence of high electronegativity, the atoms pull electrons from their neighboring
elements or molecules leading to the development of an electrostatic bond with the protein
constituents present in the biological system. The high electronegativity also influences the
formation of metal cations. The increase of catalytic property of the metal cation enhances the
toxicity through the generation of reactive oxygen species, thus, causing damage to the
membrane of the respective cell (Roy et al., 2019). The high electronegativity steals electrons
from the molecules producing free radicals. Free radicals are unstable and highly reactive.
These short-lived radicals are unable to leave the sub-cellular location where they are generated
without being reduced leading to oxidative damage (Ge et al., 2009). The presence of high
electronegativity metals in the cellular membrane can lead to the leakage of cellular content
(Roy and Roy, 2023).

The D1,,¢¢q; descriptor signifies the total number of metals in the MeOx NPs. An increase in
the number of metals can have a detrimental effect to cells by impacting ROS generation. A
higher presence of metals tends to cause more damage to the cell as compared to a low count
of metal in the metal oxide. This is well observed by the positive coefficient of the descriptor.
The positive coefficient of the D1 metal descriptor indicates that an increase in metal count in
the MeOx NPs causes more cell damage (-2.63) as observed in Fe304 MeOx NP (D1,,0¢a1 =3).
On the other hand, the low metal count as in CoO (D1mer=1) nanoparticles causes less cell
damage (-4.375). Metal ions possess dual properties. They can generate reactive hydroxyl
radicals, resulting in oxidative damage to proteins. Moreover, they can bind non-specifically
to amino acid residues and replace existing metal ion enzyme active sites, leading to abnormal
protein folding. Protein aggregation diseases are a type of neurodegenerative diseases that
occur when proteins lose their structure and deposit in the brain, causing a loss of their function.
These diseases are the most common type of neurodegenerative diseases. Many of these
structures are highly toxic to the cell (Dobson, 2004). The folding of the protein also causes a
drop in the immune system because certain structures do not induce the production of
antibodies (Bossy-Wetzel et al., 2004).

Metal alpha defines the core environment of the metal. This descriptor represents the ratio of
the number of core electrons to the number of valence electrons. Metal alpha descriptors
describe the electron density of the metal. This descriptor is calculated using equation 4.14

Ol metal = A ¥ 1L (4.14)

Further, A is (Zmetal = Zvmetal)/Zymetal, and  is the 1/(PNmetar); here Zmetar is the atomic number,
Zvmetal Stands for the valence electrons of the metal, PNyeta stands for the periodic number in
the periodic table. The negative coefficient of the descriptor signifies the low electron affinity
of the metal oxide to accept electrons. This means that the metal has a propensity of having a
cationic charge, which leads to the catalytic power of metal cations. For example, in WOs3, the
metal alpha value is 7.2 and cell damage is —4.57. In contrast, Al,O3; with a metal alpha value
of 1.66 causes higher damage to cells (—2.8). Metal cations are more harmful than normal
nanoparticles. This is because their electropositivity and inherent toxicity increase significantly
with atomic weight. In addition, the formation of metal-ligand bonds has a direct impact on
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the metal’s toxicity. Furthermore, it is a well-established fact that each metal has an affinity
constant for various ligands, which means that most metal cations can form stable complexes
with a wide variety of ligands, further increasing their potential toxicity.

In the field of physical chemistry, the Zeta potential ((-potential) is a crucial parameter that
measures the surface charge of particles relative to their size. In the colloidal system, {-potential
is widely used as an indicator to reflect stability. It is important to note that NPs with higher
positive charges can be more harmful than those with higher negative charges. Moreover,
positively charged NPs with like charges interact more significantly with cells, leading to
greater cell damage. Another crucial factor to consider is that NPs with a higher Zeta potential,
regardless of their charge, are more easily absorbed by cells due to the electrostatic interaction
between dispersed particles and the effective electric charge on the surface of the NP (Toropov
et al., 2018). This feature is particularly relevant to their biological activity, especially their
ability to bind to and be absorbed by cell membranes. For instance, CroO3; NP, which has a high
{-potential (2130 mV) and a high cell damage propensity; whereas, the metal oxide Y203, with
a low (-potential (-23 mv), causes less damage to cells (-4.5). The increase in Zeta potential
enhances the accumulation of nanoparticles on the surface of cells. The intensity of
accumulation determines the toxicity parameter of the nanoparticles. The concept of C-potential
plays a vital role in adhesion to the hydro-water interface and solid surfaces, providing an idea
about the viability and permeability of the cell membrane under stress. As most of the cell
surface carries a negative charge, metals with higher zeta potential can easily enter the cell,
increase the production of ROS, and have a mechanical effect on the membrane, leading to
depolarization of the membrane and cell damage.

Electron Active M is a representation of the number of electrons that an active metal possesses.
Active metals are known for their quick and robust reactions owing to the electron arrangement
in their structure. These metals contain free electrons in their outermost shell that can readily
create a cation by interacting with other atoms and initiating a chemical reaction. The
delocalized electrons can easily interact with macro proteins, leading to the acceleration of
damage to the biological membrane. Unstable free radicals, which are electrons in the
outermost shell, tend to react quickly to become stable and initiate oxidative stress in the cell.
The Electron Active M descriptor indicates that a positive coefficient leads to more oxidative
stress and more damage to the cell with an increase in free radicals. WO3 has a high descriptor
value of 74, resulting in high cell damage (-2.8), while Cr2O3 NP has a low descriptor value of
24, leading to low cellular damage (-4). Transition metals are capable of forming coordinate
complexes with the imidazolyl group of histidine. These metal ions are redox-active and can
play a crucial role in the production of Reactive Oxygen Species (ROS) within the cell. The
reduced forms of these redox-active metal ions are involved in the Fenton reaction, which
generates hydroxyl radicals from hydrogen peroxide. Similarly, the Haber-Weiss reaction
involves the oxidized forms of redox-active metal ions and superoxide anion, which generates
the reduced form of the metal ion. This reduced form can then be coupled to Fenton chemistry
to produce hydroxyl radicals. ROS further accelerates the damage to the cell.

Valence, which is symbolized as V, is a factor that contributes to cell damage. It indicates the
number of electrons in the outermost shell of an atom that is available for chemical bonding
and is similar to other descriptors that provide information about free electrons. The insights
obtained from the developed model 7.2 strongly suggest that an increase in valence (7) leads
to a decrease in cell damage (-3), as observed in MnO3 NPs. This is supported by the negative

145




Chapter 4 Results and Discussions

regression coefficient of the descriptor. Conversely, a low valence (2) poses a greater risk of
harm to cell damage (-2), as seen in ZnO MeOx NP. Atoms with fewer electrons in their outer
shell tend to lose them and become metal cations, which can damage cells (Roy et al., 2019).
Cations aid in the transportation of metal ions across the cell surface by interacting with its
negatively charged surface. Unfortunately, this interaction can lead to DNA damage through
processes such as delocalization, redox chemistry, and the generation of reactive oxygen
species (ROS).

Our research aimed to examine how the time of exposure to metal oxide affects cell damage,
regardless of other physiochemical properties of MeOx NPs. Our findings were remarkable,
indicating that exposure time plays a crucial role in cell damage, where prolonged exposure
times increase the damaging potential. For instance, exposing cells to WO3 NP for 7 hours
resulted in a cell damage score of -2.75. On the other hand, exposure to Yb2O3 for only 1 hour
still resulted in a severe score of -3.5. These results demonstrate the significance of considering
exposure time when evaluating the potential risks of metal oxide exposure. When nanoparticles
(NPs) are exposed to living organisms for an extended period, they can cause inflammatory
conditions that lead to physical, muscular, and neurological degeneration or increased intensity
of oxidative stress. This happens because longer exposure times enhance the toxicity
mechanism of NPs. On the other hand, short-term exposure does not show significant effects
on the cells. NPs can induce oxidative stress by impairing antioxidant defenses in humans when
they are chronically exposed to NPs.

4.7.5 Importance of Zeta potential as a descriptor

The developed QSPR model without the Zeta potential descriptor shows R?= 0.47, Q(zloo) =

0.34, which is quite less than the desired acceptance criteria. The obtained results indicate that
the fitting and robustness of the developed model without the presence of the zeta potential
descriptor is unsatisfactory. Therefore, to achieve the fit and predictive power of the model, we
included the Zeta potential descriptor along with the other seven descriptors. In the presence
of Zeta potential, the statistical quality and internal validation metrics increased ( R*= 0.62;
Q(zloo) = 0.54) showing the stability and predictive ability of the model. The observation also
infers the importance of the Zeta potential descriptor in the development of a good model to
predict the basic attributes of the toxicity profile for the cell damage dataset.

4.7.6. Utilization of the metal oxide cell damage knowledge for cancer treatment

Nanoparticles (NPs) have shown immense potential in treating various diseases owing to their
small size and high surface-to-volume ratio, which makes them an effective drug delivery
system. Metal NPs can lead to greater signal amplification, greater sensitivity, and higher
detection. However, NPs with properties that generate reactive oxygen species (ROS) can
increase cell damage. In cancer cells, rapid proliferation leads to an imbalance of oxygen,
abnormal structure, and blood supply, making the tumor microenvironment (TME) prone to
hypoxic conditions (Gilkes et al., 2014). Insufficient oxygen reduces ROS generation, which
decreases the efficacy of oxygen-dependent therapies like photodynamic therapy (PDT),
chemodynamic therapy (CDT), and radiation therapy. The information derived from the
positive contribution of D1,,.¢4; descriptor (model 7.2) draws attention to the fact that metal
oxides are good candidates for generating oxidative stress in the cell. The treatment based on
PDT requires oxygen concentration, so a low oxygen level in TME lowers the efficacy of such
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treatment. The zx / no descriptor suggested a higher oxygen requirement for damaging the

cells, and it indicates the presence of oxygen in the metal oxide nanoparticle that can increase
the sensitivity to PDT. Furthermore, transition metals can catalyze Fenton/Fenton-like
reactions (Cao et al., 2021), generating highly oxidative species that can kill tumor cells. The
presence of electronegativity of the metal oxides helps in the permeability of the NPs through
the cell membrane. The formation of cationic forms of metal can also affect the pH of the cell,
and increase the catalytic properties of metal oxides, thereby increasing ROS generation.
Tumor cells have a mechanism for dealing with hypoxia, acidosis, and high glutathione (GSH)
levels, which promote drug resistance, especially for ROS-dependent drugs (Figure 4.40).
However, metal oxides can reverse the TME condition by supplying oxygen and suppressing
hypoxia-inducible factor 1 and CD39/CD73 in T cells, which reduces the immunosuppression
effect of tumors.
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Figure 4.40 Interpretation of descriptors with respective to cell damage (endpoint)

mechanism for cancer cells (study 7).

4.7.7. Comparison with the previously published literature

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

The study provides in-depth knowledge about the properties and causes of toxicity of
nanoparticles using simple regression-based models. Although it is important to note that a
direct comparison with a previous study by Toropova (Toropova et al., 2015) is not possible
due to the different data division methods (five random splits) and the use of different types of
descriptors (Optimal nano-descriptors) and also due to the dissimilar modeling methods
(Monte Carlo method), it is clear that the statistical metric values for the developed model in
the present study are similar to those of the previous study (the best-split results only shown)
as presented in Table 4.21. Furthermore, we have proposed an effective mechanism to treat
cancerous cells with the cell-damaging property of MeOx NPs.

Table 4.21. Comparison with a previous study for the statistical parameters.

Sl. no. Q2 RZTrain S train QZFI RZTest MAE test S test
Current study (Model 7.2) 0.538  0.621 0.361  0.768 0.767 0.181 0.377
Previous study (best split) 0.486  0.512 0.387 - 0.822 - 0.318

(Toropova et al., 2015)

4.8. Study 8: Imsights into nanoparticle toxicity against aquatic organisms using

regression, Read-Across, and ML algorithms: QSAR models for Daphnia magna and
Zebra fish.

One crucial aspect of nano-toxicological modeling is exploring the correlation between the
physiological properties of nanoparticles and their toxicological behavior. To achieve this, we
first need to develop and validate models, followed by understanding a clear definition and
interpretation of the variables that are important for modeling the respective toxicity endpoint.
By decoding the information in the descriptors, we can understand how nanoparticles affect
organisms and their reproduction in aquatic environments. The statistical parameters suggest
good predictivity of both datasets. Figure 4.41 confirms and supports the developed models'

predictability.
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Figure 4.41 Scatter plots of model 8.1 (D. magna) and model 8.2 (zebrafish).
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We have also checked the AD status of both datasets and found that for dataset 8.1, two
compounds from the training set were outside the AD. whereas for dataset 8.2 no compound
from the training and test set was outside the AD space (Figure 4.42).
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Figure 4.42 AD plots of model 8.1 (D. magna) and model 8.2 (zebrafish).
4.8.1. QSAR model with Daphnia magna (Model 8.1)

The structural effect analysis is one of the important tools in the field of ecotoxicity to predict
hazards caused by the NPs to different organisms. Therefore, in the present study, the nano-
QSAR toxicity modeling with 28 MeOx NPs for Daphnia magna (Dataset 8.1) was developed
for the toxicity assessment. The developed model showed (Equation 4.15) good statistical
performance concerning its endpoint (-logECso). The PLS model obtained with three latent
variables has metric values of QZ,, =0.57, R?> = 0.69,Q2, = 0.74. The basic molecular
information like size, number of metals, oxidation number, and metal alpha were integrated
into the developed model for Daphnia magna toxicity.

Model 8.1
—log(EC)so = 5.373 — 0.0712 * size + 1.220 * Nmetal — 0.806 * yox + 0.0323
* sum aplha
Training set

n = 24,R? = 0.69, Qfoo = 0.57, s=0.86, MAE=, F=14.08, p<0.05, LV=3
Test set
n=7R?=0.58, le = 0.74, s= 0.86, MAE=0.40, p<0.05 (4.15)

The size of nanoparticles (NPs) is crucial in determining their toxicity. Studies have found that
there is an inverse relationship between the size of NPs and their accumulation in Daphnia
magna, meaning that smaller NPs can easily pass through cell membranes compared to larger
ones (Schultz et al., 2003). Consequently, the toxicity of Daphnia magna increases as the size
of NPs decreases as in Fe3Q4 with size 6 nm has a toxicity value of 6.64, since smaller particles
can penetrate the organism's epithelial tissue, enter the bloodstream, and damage or alter cells
in different organs. On the other hand, MgO with a larger size of 48nm has a lower toxicity
value (1.2). The size of NPs is also related to their surface reactivity, which greatly affects their
dissolution behavior (Fischer et al., 2021). Studies (Rosenfeldt et al., 2015; Shin et al., 2021)
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have suggested that NPs with sizes similar to those of the food consumed by Daphnia magna
(1 um up to 50um, and occasionally up to 70um) (Brun et al., 2017) are most harmful to the
organism. Furthermore, smaller NPs are more toxic than larger ones, which has been
demonstrated by several studies (Park et al., 2011). Therefore, the size of NPs is an important
factor to consider when assessing their dispersion stability in a specific medium, and it is a
driving parameter for their toxicity.

The Nmetal descriptor indicates the number of metals in the NPs. It has been observed that
an increase in the number of metals can lead to higher toxicity to Daphnia magna. This is
evident in NPs where an increase in metal content has resulted in a greater toxicity compared
to NPs with a smaller number of metals. The presence of a higher number of metals as in Ag20
(Nmetat =2) may cause oxidative stress and genotoxicity with the reported toxicity value of 4.39.
On the contrary, CeO2 with metal count 1 has a toxicity value of 1.99 signifying a less toxic
effect than the higher metal count of metal oxides. Reactive oxygen species such as hydroxyl
radical (OH), superoxide anion (O7’), and hydrogen peroxide (H20.) are vital signaling
molecules that can induce ROS (Reactive Oxygen Species) production. This ROS can also
affect other signaling pathways such as MAPKs (mitogen-activated protein kinases), Nrf2,
HIF-1 (hypoxia-inducible factor 1), and nuclear factor-kappa B (NF-kB), which can result in
severe apoptosis, DNA damage, and genotoxicity (Dominguez et al., 2015). However, the
generation of ROS production is material-specific. The higher presence of metal count can
cause excessive production of ROS which leads to DNA damage through its breakage, a
phenomenon that has been shown in Daphnia Magna (Maselli et al., 2017; Park et al., 2010).

One of the descriptors that determines the toxicity of Daphnia magna is the oxidative number
of the metals i.e., yox. The negative coefficient of this descriptor indicates that as the value
of the descriptor decreases, the toxicity increases as observed for CeQ2, where with an increase
in the descriptor value (yox=4) there is a fall in the toxicity value (1.7), whereas the opposite
is true as the oxidation number increases; for example, Ag20 has a descriptor value of 1 while
the corresponding toxicity value is 4.39. Nanoparticles with a lower oxidative number are more
toxic than those with a higher value. When a metal has a lower oxidation number, it has fewer
valence electrons in its outermost shell. This makes the metal behave as a reducing agent, with
a greater tendency to lose electrons and act like a base. This can lead to the formation of cations,
which can then participate in the formation of coordination complexes, synthesis of other
compounds, or protein complexes (Remelli et al., 2016). Studies (Sheehan et al., 2001) have
also reported the inactivation of GST (Glutathione-S-transferase) isoforms when organisms
were exposed to metal ions. It is known that the GST enzyme has many functions, and different
forms of the enzyme have different mechanisms of action. Thus, the inactivation of the GST
enzyme could proceed through the non-specific binding of metal ions to the thiol group of the
GST moiety, forming metal thiolate clusters whose conformation is different from the non-
bound thiol groups and this change in the structure would affect the function.

The descriptor Sum alpha refers to information about the core environment of the metal oxide
(Roy and Roy, 2022). It indicates the number of metal and oxygen atoms present in the NP and
provides insight into the molecular bulk of the metal oxide. A positive correlation has been
observed between molecular bulk and the toxic effect on Daphnia magna. The
electronegativity of the metal determines the charge and stability of the metal in the NPs. In
turn, the presence of surface charge acts as a mediator for the formation of co-ordinate bonds
with proteins and other compounds. A higher value of the descriptor causes an increase in the
toxicity as in CeQz, where the descriptor value (Sum alpha = 6.26) leads to a higher toxicity
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(4.9). The opposite is observed in MgO, with a low descriptor value (Sum alpha=2.83) leading
to lower toxicity (-logECso = 1.2).

4.8.2. QSAR model with Zebra fish (Model 8.2)

A QSAR model (equation 4.16) was developed for the zebrafish (Danio rerio) dataset using
the zebrafish hatching enzyme ZHE]1 inhibition activity results as the endpoint for the abiotic
enzyme assay. The GA algorithm was used for feature selection and model development
through BSS method.

Model 8.2
Enzyme Activity = 0.892 + 0.00115 * Mol,,; + 0.128 * Noxygen — 0.0472 *
t0lmetalgyn, — 0-00207 * AtWiactivg,

Training set
y=0.38, 41,100y = 0.187,

n=19,R? = 0.72 R%,; = 0.64, Q% = 0.52, 5= 0.105, , 13},
MAE =, F=12.87, p<0.05, PRESS=0.161

Test set
n=5R?=0.94, QF = 0.83,17 1051056, A1 ey = 0.189. MAE = 0.0263 (4.16)

The descriptors appearing in Model 8.2 can demonstrate their potential towards the respective
enzyme inactivation and at the same time describe different mechanisms of action based on
four descriptors. It has been observed that the delay or inhibition of NPs towards the hatching
enzyme activity ZHE1 (zinc-based matrix metalloproteinase hatching enzyme) is highly
correlated with the response with an R? of 0.72.

The molecular weight (Mol wt) of metal oxides is an important descriptor that represents the
molecular mass of the metal nanoparticles. It has been observed that the less soluble NPs can
easily accumulate in the organs such as the heart, gall bladder, lung, and kidney of the zebrafish.
During development, the zebrafish embryo is surrounded by a chorion, which is an acellular
envelope that helps protect the embryo from foreign interference. The pores of the chorion play
a critical role in the transportation of nutrients and oxygen from the aquatic environment to the
embryo. The inactivation of the ZHE1 enzyme was found to be influenced by the molecular
weight along with other parameters (Chen et al., 2020) by the present research work. CuQ,
with a molecular weight of 79.54, showed a less effect with an enzyme inactivation activity of
0.62. However, In203 and Co304, with molecular weights of 277.63 and 240.79 respectively,
were found to be more toxic with enzyme inactivation activity of 1.17 and 1.25, respectively.
It has been observed that the large molecular weight nano substances do not enter the embryo
but adhere to the surface of the chorion preventing oxygen exchange with the embryo
(Ghobadian et al., 2015).

The Noxygen descriptor refers to the number of oxygen atoms associated with the metal oxide
present in the nanoparticles (NPs). The metal oxide is believed to absorb photons and produce
electron-hole pairs that interact with water and oxygen to form reactive oxygen species (ROS)
(Bar-Ilan et al., 2012). These ROS can be toxic to zebrafish and cause damage to their tissues.
This effect is known as oxygen toxicity and is a result of oxidative stress, which is the major
pathway in nanoparticle toxicity. Exposure to metal oxide NPs can produce the hydroxyl
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radical (-OH’), which is capable of inducing DNA damage and protein denaturation,
demonstrating mutagenic and carcinogenic properties of nanoparticles (Manke et al., 2013).
This is due to the phototoxic effect of the metal oxides in zebrafish, which is mediated via
oxidative damage. The higher the oxygen count in the compound, the more dramatic the effect
on the hatching of the zebrafish enzyme. CoO with oxygen number 4 showed an enzyme
inactivation activity of 1.2, while ZnO (Noxy=1) with less oxygen number in it reduced the
ZHE]I inhibition activity to 0.7.

The tot_metal_alpha descriptor provides information on the core environment of metals
present in the NPs. It is associated with the number of metals involved and their nature in the
environment. A negative coefficient indicates that there are fewer metals, which means that the
size of the NP will be smaller compared to NPs with greater metal counts. Metals with different
chemical compositions have different developmental toxicity. The stability of the chemical
composition is an important factor for inhibiting enzyme activity (ZHE1). The physical and
chemical properties of the metal also have toxic effects on the zebrafish hatching enzyme. The
release of metal ions in the physiochemical fluid can influence toxic potential. The histidine-
based binding site is highly reserved in any fish-hatching enzyme. The dissolving metals may
also impact the hatching of the fish. Cr203 with a descriptor value of 15.3 has less effect on
the inhibitory activity of the enzyme, whereas SnO2 with a descriptor value of 2.87 has more
inhibitory activity for the ZHE1 enzyme. Therefore, for proper enzyme activity, the number of
metals as well as their electron density and charge should be lower.

The descriptor AtWt_Activ_SM refers to the atomic weight of the active metalloid or semi-
metal, which can affect the toxicity of the ZHE1 enzyme in zebrafish. This descriptor is
negatively correlated with the toxicity endpoint. It helps to interpret the influence of metalloids
or semi-metals on toxicity. The negative correlation suggests that their influence is not as
significant as that of metals. This is because metalloids or semi-metals do not form cations
quickly, and their electron clouds are smaller than those of metals (Roy et al., 2023). Therefore,
the toxicity of metal NPs is much higher than that of NPs with less metallic characteristics. For
instance, SiQ2 with a descriptor value of 28.08 has a more inhibitory activity for the ZHEI
enzyme than metallic NPs with a descriptor value of 0 and an inhibitory activity of 1.25
(C0304).

3.3 Discussion similarity and read across (RA) predictions

In order to reinforce our choice for grouping, we employed the read-across method using the
selected descriptors from both PLS models (model 8.1 and model 8.2). After optimizing the
hyperparameters for both models, there was a significant improvement in the quality of external
prediction quality, especially for dataset 8.1. For the Daphnia magna dataset, the RA-ED (read-
across based on the Euclidean Distance) approach yielded the best results, while for the
zebrafish dataset, the RA-LK (read-across based on the Laplacian kernel) approach was the
best similarity-based prediction for 2 and 3 close source compounds, respectively. Table 4.22
displays the results of the RA analysis.
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Table 4.22. Statistical analysis of the developed RA models for both datasets with their
optimized hyper parameters.

Feature Hypothesis Hyper Statistical validation metrics
combinations parameters

c y  Distance Similarity Q%, Q%, MAE RMSEr
threshold threshold

Model 8.1 RA-ED 1.75 1.75 1 0 075 061 040 0.545
(Daphnia
magna)
Model 8.2 RA-LK 0.25 0.25 1 0 095 0.95 0.01 0.024
(zebrafish)

4.8. 4 Discussion on ML (Machine Learning) models

We evaluated the performance of various machine learning techniques using supervised
learning algorithms, such as Random Forest, AdaBoost, Gradient Boost, XGboost, and SVM
(Support Vector Machine). We used the selected features from both models (model 8.1 and
model 8.2) to perform respective model development using supervised regression algorithms.
Our findings indicate that Model 8.1 produced better prediction outcomes with the ML
algorithm. Among the different algorithms tested, Gradient Boost worked best for dataset 8.1.
However, when we applied the ML approach to the second dataset, which contained zebrafish
data, we did not observe any significant improvements (Table 4.23). The results were similar
to the PLS model with 3 LVs. For Dataset 8.1, with ECsp as the endpoint, the ML models
outperformed the other modeling algorithms. The models differed in the MAE values, with
Gradient Boost showing a lower value than the other models.

Table 4.23. Statistical results of the developed models with various ML algorithms for dataset
8.1 and dataset 8.2.

Methods Training set Test set
Daphnia magna
R?> Q%0 MAEwin RMSE: Q% Q2 MAEwst RMSEp

RF 0.91 0.56 0.29 0.40 0.76 0.63 0.40 0.52
Adaboost 091 0.64 0.29 0.39 0.57 0.31 0.50 0.71
Gradient Boost 0.95 0.57 0.12 0.27 0.78 0.65 0.37 0.51
XGBoost 0.79 0.48 0.43 0.62 0.58 0.33 0.44 0.70
SVM 0.33 -0.14 0.86 1.12 0.15 -0.35 0.83 1.01
Ridge regression 0.69 0.53 0.77 0.76 0.75 0.61 0.34 0.53
Zebrafish (Danio rerio)
PLS 3BLYV) 0.72 0.51 0.06 0.09 0.83 0.83 0.039 0.05
XGBoost 0.72 0.52 0.06 0.09 0.83 0.83 0.039 0.05

The best model was predicted based on the lowest MAE by running the algorithms in basic
settings. Supervised nonlinear learning algorithms have also made a significant progress in
predicting toxicity compared to linear regression. The boosting algorithm converts weaker
learners into stronger learners, and this ensemble learning technique reduces both bias and
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variance (Mienye and Sun, 2022) Figure 4.43 represents SHAP summary plot of model that
demonstrates the influence of each descriptor towards the model performance.
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Figure 4.43 SHAP summary plots of model 8.1 (D. magna) for (A) the training set and (B)
the test set.

4.8.5. The NP effects on morphological parameters of D. magna and hatching of zebra fish

The fifth principles of the OECD (The Organization for Economic Cooperation and
Development) require a model with a mechanistic interpretation wherever possible. Such
insights help to assign mechanisms towards toxicity. While machine learning (ML) descriptors
are difficult to interpret, periodic table descriptors were able to interpret the reason for toxicity
towards both zebrafish and Daphnia magna species. Although the physicochemical properties
of ENPs are crucial for modulating the toxic effect of NPs, other physical and chemical
properties of NPs also play an important role in determining the toxicity. The surface area of
NPs is essential for their behavior; as high surface reactivity can result in severe toxicity on
biota (Kovalishyn et al., 2018). The descriptors related to electrotopological indices and
solubility are also related to toxicity through intermolecular interactions (L1 et al., 2018; Roy
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and Roy, 2023). Size has often been described as an important characteristic affecting NP
toxicity. Intrinsic properties such as solubility and the ability of NP to aggregate were also
considered to be important features for toxicity prediction. AgNPs (having antimicrobial
properties) cause toxicity to aquatic organisms through oxidative stress and DNA damage
(Tortella et al., 2020). The photocatalytic activity of TiO2 may degrade other contaminants in
the aquatic environment and favor the formation of toxic by-products. When NPs enter the
aquatic environment, they inevitably interact with the aquatic organisms through electrostatic
interactions. The presence of NPs led to an increase in bioaccumulation and toxicity in daphnia.
Moreover, the Trojan horse effect could be influenced by exposure conditions. Reactive
oxygen species (ROS) toxicity is common in nanoparticles towards daphnia. As important
signaling molecules, ROS can affect other pathways, for instance, MAPKs (mitogen-activated
protein kinases), Nrf2, HIF-1 (hypoxia-inducible factor 1), and nuclear factor-kappa B (NF-
kB), which can result in severe apoptosis, DNA damage, and genotoxicity. Similarly, for
zebrafish toxicity, molecular weight and the presence of oxygen play an important role in
enzyme inhibition. Molecules with high molecular weight tend to have poor solubility. Non-
soluble particles could inactivate enzymes by blocking the outer surface, or in other words, the
NPs adsorb the target enzyme. The core environment of the NPs also determines its binding
with respective metal-sensitive active binding sites of the zebrafish enzyme (Lin et al., 2013).
The core of the metal (charge and electronegativity) may facilitate the properties of metal ion
release and interaction with the metal-binding enzyme center that leads to its inhibition. The
surface property reflects the surface molecules and could be responsible for toxicity or
inhibitory activity (Lee et al., 2007). Figure 4.44 is the illustration of the toxicity mechanism.
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Figure 4.44 Illustration of the toxicity mechanism of Daphnia magna (A) and zebrafish
(B)with simplified periodic table-based (PT) descriptors (study 8).

Note: GST- Glutathione-S-transferase, MAPKSs (mitogen-activated protein kinases), Nrf2,
HIF-1 (hypoxia-inducible factor 1), and nuclear factor-kappa B (NF-kB), SOD-superoxide
dismutase, CAT- catalase, LPS-lipopolysaccharide, IL- interleukin 6.

4.8.6. Comparison of ML models with QSAR models and the previous work

The development of ML models has improved the prediction accuracy of QSAR models for
dataset 8.1, but there were hardly any changes observed for dataset 8.2. The developed models
were compared with the predictive models developed by other authors too. In 2017, Sizochenko
et al. (2017) used the non-linear regression tree MSP algorithm to predict the enzyme
inactivation activity of 24 metal oxide NPs. Although the models showed higher values of
prediction quality, they were not exactly comparable as the dataset was divided into training
set, validation set, and external set. In contrast, the present work was performed by dividing
the data set into training and test sets. The present work calculated simple periodic table
descriptors that are easy to compute for new NPs without requiring an experimental setup,
whereas the previous work used hydrodynamic radius, mass density, the Wigner—Seitz radius,
and the covalent index. Moreover, a similarity-based approach (RA) was performed that
showed an improvement in external prediction from 0.83 to 0.95, while minimizing the MAE
value (0.028) represented in Table 4.24.
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Table 4.24. Comparison between the present work with Sizochenko et al. (2017)

Training set Test set Validation
set
Model 8.1 R? Qzloo MAEwin R gd j RM Q2F1 Q2F2 MA Rczld j RM Rczld j RMS
SEC Etest SEp Ev
Sizochenko et al. (2017)
Zebra fish (M5P - - - 0.85 0.06 - - - 0.80 0.11 0.7 0.18
algorithm)
Present work (model 8.2)
PLS 0.72 0.52 0.06 064 0.09 083 083 003 093 0.16 - -
RA - - - - - 095 095 0.03 094 0.02 - -
ML 0.724 0.515 0.06 064 0.09 083 083 004 093 005 - -

The dataset 8.1 was not compared with any other studies since there was no previously reported
QSAR modeling from the particular database i.e., the NanoToxdb database. Therefore, no such
comparison was possible here.

4.8.7. Future research and considerations

Nanoparticles (NPs) are known to have an impact on the uptake, distribution, metabolism, and
excretion of organisms, which can result in toxic effects. When NPs are present in aquatic
environments, they often get exposed to other contaminants, which can further impact their
toxicity. Therefore, it is important to understand the effects of NPs in aquatic environments
and conduct additional research to quantify the toxicological effects on aquatic organisms.
While there has been extensive research on the acute effects of NPs on organisms such as
Daphnia magna and D. rerio, more research is needed on the long-term effects of low levels
of NPs. A major gap in the research is the examination of the effects of NPs on different aquatic
communities. The mechanism of NP toxicity may involve various processes mediated through
the production of reactive oxygen species (ROS). However, ROS-mediated stress is not unique
to NPs and may also be caused by other stressors in the environment. To further predict the
potential toxicity of NPs, it is recommended to develop new in-silico models.
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Chapter 5: Conclusion

Innovative scientific solutions play a key role in meeting the needs of new applications. The
success of any research depends on the conclusions drawn from the results obtained through
careful analysis. This analysis should be designed to address the given problem and explore
both revealed and unrevealed scientific explanations to provide a comprehensive understanding
of the issue at hand. To ensure that the research is both rigorous and accurate, it is important
to use appropriate methodologies and techniques that are suited to the specific research
question. This may involve using quantitative or qualitative methods, depending on the nature
of the problem and the data available. It is also important to use reliable and valid measures,
instruments, and tools to collect and analyze data. Furthermore, research should be conducted
ethically and responsibly, taking into account the potential risks and benefits of the study for
participants and society as a whole. This means ensuring the study is conducted in a way that
minimizes harm and maximizes benefits. With access to new knowledge, we unlock the doors
to deeper understanding and limitless possibilities within specific research domains.

In the present thesis, the development of in silico studies has been discussed, with special
emphasis on nanoparticle toxicity prediction against several ecologically relevant endpoints.
The toxicity of nanoparticles has been predicted in various fields, such as nanomedicines and
nanopesticides. Then from terrestrial organisms to aquatic organisms. To ensure the safety and
high performance of nanoparticles, nanotechnology has been utilized to focus on appropriate
design and the use of relevant nanodescriptors that provide valuable nanotoxicological
information. Predictive QSAR models, sometimessupplemented by ML algorithms, have been
employed with the objective to aid in the creation of safe and effective nanoparticles. Read-
across prediction methods have also been employed for the same purpose. Encoding
nanostructure information in mathematical features or descriptors presents a challenge that has
been addressed. This thesis delves into the efficacy of periodic table-based descriptors in
nanotoxicology modeling, alongside other available nanodescriptors. It provides a
comprehensive understanding of the fundamentals and mathematical derivations of second-
generation periodic table descriptors, which possess clear physical and chemical meanings,
rendering them easier to apply. These descriptors aid in understanding mechanisms and are
computationally less demanding and more reproducible than other types of descriptors, such
as QC (Quantum chemicals), SMILES, experimental, and MD (Molecular dynamics)
simulation. The nano-QSPR/QSAR/QSTR models have been developed obeying the five
OECD principles to avoid any ambiguity in the results obtained. The important structural
features (specific to each dataset) have been identified that are responsible for nanoparticle
toxicity. All the models have been strictly validated using conventional internal and external
validation tests. To check the reliability of external validation, the domains of applicability of
the developed models have been examined, which also provides knowledge about the chemical
space of the respective models. An effort of data gap filling has been made in this thesis, where
the toxicity of different hypothetical and/or real, untested nanoparticles has been predicted
against corresponding ecological species.

The research conducted in this thesis not only aimed to predict toxicity against different
organisms but also focused on improving the properties of nanoparticles to derive particles
with better properties and less toxic effects. The mechanism of the effects on various cell lines
was explained well, using the information obtained from the developed regression and
supervised algorithms. The results have been fruitful and significant which lead to the
conclusion that QSAR modeling can be applied for the property and toxicity determination of
nanoparticles and the knowledge derived from the modeled descriptors can also be used to
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design and synthesize new compounds with desired properties of interest. Finally, the
individual studies conducted in this thesis work provided precise information and knowledge
gained, which are described below:

5.1. Study 1: Assessment of toxicity of metal oxide and hydroxide nanoparticles using the
QSAR modeling approach.

Recent advances in NP engineering are believed to have a potential impact in diverse areas in
the near future. Production of metal-based NPs for commercial use and other purposes has
increased exponentially, and as a result, the assessment of their safety has also gained attention.
Therefore, in this work, we have made efforts to develop interpretative nano-QSAR models
that are reliable and capable of predicting not only the investigated NPs but also unexplored
NPs if present within the applicability domain. As we know, working with small datasets is a
critical job, here we have applied the Small Dataset Modeler version 1.0.0 to develop a PLS
(N1.1) model without applying the conventional splitting approach. Further, MLR (M1.1-1.4)
models were also generated through best subset selection, and then ICP was applied to obtain
reliable predictions. After performing ICP, CM3 was found to be the winner model. The
insights obtained from the various descriptors from both PLS and MLR models pointed out
that electronegativity, solubility, formation of a metal cation, and an increase in the number of
metal NPs increase the cytotoxicity whereas non-metal NPs and an increase of the oxidation
degree contribute to low toxicity to RAW 267.4 cells. A short-proposed mechanism has also
been explained to determine the cause of cellular toxicity by the MeOx NPs. We hope that the
present work will be useful in establishing the cause of toxicity of unexplored NPs within the
applicability domain, and the information obtained about the features of MeOx NPs would help
in designing new NP entities with reduced toxicity to living cells. Considering the limited
experimental data available for the toxicity of metal oxide and hydroxide nanoparticles, the
developed models might be used for the prediction of toxicity of untested nanoparticles that
may help in prioritizing further experiments.

5.2. Study 2: Modeling and mechanistic understanding of cytotoxicity of metal oxide
nanoparticles (MeOxnrs) to Escherichia coli: categorization and data gap filling for
untested metal oxides

In the study, we have developed 2D MLR QSAR models to investigate the essential features
in 17 MeOxNPs responsible for the cytotoxicity of E. coli cells with -log LCso as the endpoint.
This predominant nano-structure information has helped in identifying the cause of toxicity of
MeOxNPs and has also suggested some mechanisms through which it can affect E. coli cells
or other biological cells. The statistical results of the developed models are robust and can be
used to extrapolate the endpoint if the experimental information of new MeOxNPs is
unavailable. The periodic table descriptors used in this work can be easily obtained either using
the Elemental Descriptor Calculator software (available from
https://dtclab.webs.com/software-tools) or from the Periodic Table information. Now, knowing
the regression coefficients of different descriptors in the reported model, one can easily
compute the toxicity in an Excel sheet without requiring the use of any codes. The major
findings of the present study are summarized below:

1. Only periodic table descriptors were used which can be calculated easily without any
computational calculations. The reproducible descriptors can easily encode the cytotoxicity
with good interpretability.

2. The application of the ‘Small Dataset Modeler ’software was emphasized in the current
work. Division of the small dataset (17 compounds) into training and test sets is not desirable
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here to generate and validate QSAR models to avoid the loss of information and introduce bias
in descriptor selection.

3. The developed MLR models were conceptually simple, easy to apply, computationally
inexpensive as well as can be used to reduce the data gap in untested NPs.

4. Here, we interpreted that an increase in valency and oxidation state of the metal in MeOxNPs
will decrease the cytotoxicity whereas the atomic radius of the metal and electronegativity of
MeOxNPs has a substantial influence on the toxicity toward E. coli cells.

5. This study can be used for predicting the cytotoxicity of untested MeOxNPs for which the
experimental data are not known. The developed models can be used in designing eco-safe NPs
with better properties as evidenced by the predictions of 42 MeOxNPs, out of which, 38
MeOxNPs showed good predictions with the dark condition toxicity data model and 35
MeOxNPs showed good predictions with the photo-induced toxicity data model. Therefore,
these models could be used to predict the cytotoxicity of the untested NPs before their
utilization in commercial products.

5.3. Study 3: Risk assessment and data gap filling of toxicity of metal oxide nanoparticles
(MeOxNPs) used in nanomedicines: A mechanistic QSAR approach.

The ever-increasing use of NMs in the form of nanoparticles (NPs) in biomedical applications
and consumer products has raised concerns about their safety for humans and the environment.
Nanosafety has become an important part of nano education for future researchers and a highly
demanding research area in recent times. Their potential to cause undesirable health effects to
the environment and susceptible parts of the human population could be seen as an alarm and
a call for preventive measures. The concept of nanotoxicology in medical sciences is needed
for the safety evaluation of nanomedicines for their nanotechnology-based therapies and
diagnostics to identify the potential hazards it may cause after application. Nanoparticle
potential toxicity, as well as human toxicity, has prompted major scientific organizations to
assess the risk that may be associated with new nanoparticles. Therefore, the present work was
performed to identify the main features governing the cytotoxicity in human keratinous cells
(HaCaT). Combining calculated periodic table descriptors with available experimental data
allowed us to reveal and explain the features responsible for toxicity to the corresponding cell
line through the development of a predictive and validated QSTR model. This work
demonstrated the toxicity profile of HaCaT cells derived from two datasets. The insights
obtained from the two datasets pointed out that periodic table descriptors can also well predict
the relevant features responsible for the toxicity to the respective cell. The key factors
influencing the toxicity of NPs were determined from the developed models (MLR and PLS).
From the MLR model (Model 3.1), atomic radius and thermal conductivity were found to
increase toxicity through metal cation formation. On the other hand, a decrease in melting point
and increase of electronegativity of the atom were responsible for cell death through ROS
production, and damaging DNA, mitochondria, and Lysosomes. The same observation was
noticed in the case of the PLS model (Model 3.2) where the heat of fusion, an increase of
cationic charge, and the dose have a substantial effect on the cytotoxicity. From the developed
QSAR models, it was stated that the major factors for the toxicity were the formation of cations,
an increase in solubility, and the dose of the NPs. This feature was responsible for controlling
the physicochemical properties of metallic NPs to achieve safe and reliable Meox NPs. This
work opens a new horizon for awareness and knowledge for understanding the NPs' toxicity.
The nanotoxicology information can help design modern material within a safe threshold with
optimal properties and minimal potential toxicity.
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5.4. Study 4: Nano-read-across predictions of toxicity of metal oxide engineered
nanoparticles (MeOx ENPS) used in nanopesticides to BEAS-2B and RAW 264.7cells.

Advancements in nanotechnology have paved innovations in the agro-food sector. Research
work has focused on developing a nanoscale formulation of pesticides to enhance the efficacy
and production of food. Nanotechnology has provided us with enormous opportunities while
imposing a potential threat to human beings and living organisms. The small size particles have
raised a question about their safety and their sustainability in the environment. It has been seen
that the small-sized particulates with a large surface area led to unintended ecotoxicological
effects on non-target organisms when applied to the agricultural field. Therefore, understanding
the benefits and potential risks of MeOx ENPs used in food as pesticides is urgent and critical.
Thus, in the present work, we have tried to identify the main features governing the toxicity of
BEAS-2B and RAW 264.7 cell lines derived from four datasets. Periodic table-based
descriptors were used to reveal the main features responsible for toxicity to the corresponding
cells through the development of predictive QSTR models (M 4.1-M 4.4). Considering the
knowledge and current ecotoxicological status of MeOx ENPs, PLS regression and the read-
across approaches were used. Furthermore, the interspecies toxicity correlation study was
performed between BEAS-2B and RAW 264.7 cells to fill the data gap that needs to be
addressed for safer and sustainable use of pesticides. Particular emphasis was given to
determining the fate and toxicological behavior of nano pesticides in the environmental
compartments. The studies examined the role of metal cation formation, electro-positivity,
binding capacity, and bioaccumulation of nanoparticles in contributing to toxicity. The periodic
table descriptors that can be easily computed can successfully explain the cause of toxicity.
The information derived from the PLS models of both the cell lines suggested that metal cation
formation and bond-forming capacity influence the toxicity, whereas the presence of metal has
an influential impact on the ecotoxicological effects. All the descriptors in the present study
were found to have a negative impact on the toxicity except the number of metals which has a
positive impact. It is also worth mentioning here that the toxicity depends on the organism type.
Therefore, the knowledge derived from the work will not only help in data gap filling but also
help in substantial enhancement in efficacy and stability of formulation of nano pesticides

5.5. Study 5: Understanding mechanism governing the inflammatory potential of metal
oxide nanoparticles using periodic table-based descriptors: A nano-QSAR approach.

Safe implementation of MeOx NPs requires an intimate knowledge of biological and
nanomaterial interactions. Only a few nanotoxicological studies have investigated pro-
inflammatory effects. The pro-inflammatory cytokine release of THP-1 cells can be a good
indicator for MeOx NPs. The relationship of metal with the inflammation potential has been
focused on in the present study. Models for fold change (FCr-1p) and cell viability [-In (p/ (1-
p))] using QSAR MLR (Model 5.1) and PLS (Model 5.2) methods respectively were developed
that included the dose of MeOx NPs as a factor. The developed models were predicted and
validated rigorously following the OECD (Organization for Economic Co-operation and
Development) guidelines. The descriptors obtained from the developed models suggested that
the number of metal ions or an increased number of metals influences inflammatory potential.
Conversely, low electronegativity was found to be more detrimental than high
electronegativity. We found that dose, low electronegativity, and the presence of metal ions
and oxygen are connected to IL-1B leakage from the cell. The metal ions can trigger
inflammasome that leads to a cascade of reactions and activates IL-1f productions. We suggest
that MeOx NPs with lower electronegativity (yme <1:55) have more inflammatory potential.
Summarizing our results, one can conclude that periodic table-based descriptors are efficient
for modeling proinflammatory potential giving rise to statistically sound QSAR models. Our
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results are in agreement with the literature sources. These comprehensive results and
information can be helpful for further research in designing NPs with lower toxicity and
deriving mechanistic information on the cause of proinflammatory conditions due to MeOx NP
exposure.

5.6. Study 6: Prediction of cytotoxicity of heavy metals adsorbed on nano-TiO2 with
periodic table descriptors using machine learning approaches.

We have performed the cytotoxicity modeling of eight heavy metal compounds adsorbed with
nano TiO; on HK-2 cells and explored the features responsible for the toxicity mechanism.
Many studies have shown co-exposure of metal, metalloid mixtures with heavy metals. The
co-exposure may also be affected by the variation in dose at a biomarker level. Also, human
co-exposure to heavy metals was found to have more profound renal damage than exposure to
each of the elements alone. Hence, to elucidate the features responsible for such toxicity, in the
present study, ML algorithms were applied along with periodic table-based descriptors for
QSAR modeling. Experiment-independent periodic table-based descriptors were successful
in producing better results than previous studies with Quantum chemical-based descriptors. PT
descriptors, used in QSAR models, have strong theoretical guidance, which can help scientists
design new entities with expected properties. As a part of the model development process, PT
descriptors can be used in conjunction with other descriptors that are compatible with them.
The application of periodic table-based descriptors is not only less computationally demanding
but also size-independent. The ML algorithm along with periodic table descriptors has helped
to evaluate the cell survival rate of HK-2 cells in less time and cost than expensive quantum
chemical descriptors and experimental descriptors. Among all the algorithms, the random
forest (RF) model shows the best prediction ability with Q*F; =0. 94 and MAE (est =0.14 for the
test set. Hence, a good feature selection method reduces the computation time required to train
a model. The SHAP analysis also emphasized the most significant features contributing to the
model's performance. Here, we also have proposed a generalized mechanism for the most
impactful features generated by the model. As a result, periodic table descriptors and machine
learning can be used together to decipher features of unknown compounds and predict similar
compounds.

5.7. Study 7: Exploring the relationships between physiochemical properties of
nanoparticles and cell damage to combat cancer growth using simple periodic table-based
descriptors.

The impact of nanoparticles on cell membranes has been thoroughly examined through nano-
toxicological research and in-vitro modeling (Pathakoti et al., 2014; Qi et al., 2020). While
toxicity endpoint is a well-explored topic, it is crucial to investigate non-fatal endpoints such
as cell damage. The (-potential is a widely used parameter to characterize the properties of
nanoparticles. However, cell membrane damage is influenced by various factors, including
exposure time and dose. Thus, this study aimed to establish a relationship between the
properties of nanoparticles and their toxicity, with a focus on cell membrane damage.

The study was divided into two parts. The first part involved modeling nanoparticles against -
potential to determine the features that can alter their properties. The second part focused on
the causative elements that can influence toxicity and damage to the cell membrane. Both the
QSPR model (Model 7.1) for {-potential and another model against cell damage (Model 7.2)
were developed using periodic table-based descriptors. The QSPR model (Zeta potential) was
able to predict -potential for MeOx NPs without experimental values. The developed models
showed good predictivity and robustness, confirming their effectiveness.
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The features obtained from the models suggested that surface charge and electronegativity play
a role in altering (-potential. Additionally, an increase in oxygen count, electronegativity,
formation of cationic charge, and an increase in {-potential can influence membrane damage.
Based on these findings, the authors propose that the damaging power of metal oxide
nanoparticles can be harnessed in treating cancerous cells. This study not only identifies the
features required to enhance the properties of nanoparticles but also provides knowledge for
treating cancerous cells through cell damage techniques. The study can pave the way for
researchers to use nanoparticles in clinical practices with confidence.

5.8. Study 8: Imsights into nanoparticle toxicity against aquatic organisms using
regression, Read-Across, and ML algorithms: QSAR models for Daphnia magna and
zebrafish.

An understanding of the factors that are critical in determining the activity of nanoparticles is
essential in establishing a relationship to the mechanism of toxicity. In this study, we
investigated the effectiveness of in silico modeling to predict the nanotoxicity of metal oxides
on Daphnia magna and zebrafish. We collected acute toxicity data from databases and
literature reviews and used PLS modeling followed by read-across predictions and supervised
machine learning (ML) on the respective datasets. The computational modeling was validated
internally and externally. We found that several environmental parameters should be
considered while addressing the toxicity of nanoparticles in the aquatic environment. The
grouping hypothesis improved the external prediction for both datasets. Moreover, a nonlinear
regression algorithm was believed to predict the toxicity of dataset 8.1 more confidently than
dataset 8.2, in the latter case nonlinear models produced similar results as the regression-based
linear QSAR model. The model for Daphnia magna hypothesized that nanoparticles' size, the
number of metals, the core environment of the metal present in the metal oxide, and the
oxidation number of the metal play a key role in the final expression of toxicity of nanoparticles
to Daphnia. Similarly, oxidative stress is a major mechanism of toxicity for other models as
well.

The nano-QSAR model for zebrafish reliably predicted the activity of nanoparticles towards
zebrafish hatching enzyme. The interpretation of the descriptors from the developed model is
related to the possible mechanism of nanoparticles. The presence of higher molecular weight,
the core of the metal, and the presence of oxygen influence the enzyme inhibition activity. The
enzyme inhibition is correlated with the ability of zebrafish embryos to hatch, and therefore,
the inhibition of ZHEI seems to be the factor driving hatch delay. Given that nanoparticles can
inhibit several enzymes, other aquatic organisms depending on the hatching enzymes could be
similarly affected when exposed to nanoparticles. The lack of hatching is sometimes
overlooked as an endpoint for toxicology studies, but the results clearly show that some
nanoparticles can cause death due to an inability to hatch. More research should be conducted
to understand the interference of nanoparticles with hatching inhibition. Therefore, this study
evaluates the predictive power of the proposed models, provides insights into the mechanism
of toxicity towards aquatic organisms, and provides information to develop nanoparticles with
less toxicity.
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Nowadays, nanotechnology is a promising area of research. Therefore, a detailed understanding of
comprehensive risk assessment of nanomaterials and their behavior to the biological system is required
before working with any metallic oxide (hydroxide) nanoparticles (MeOx NPs). Empirical testing of all
toxicity endpoints of MeOx NPs is impossible with limited resources; therefore, an efficient alternative
method complementary to experimentation is very essential. Quantitative structure-activity relationship
(QSAR) models are widely adopted to predict the toxicity of untested nanomaterials. In the present study,
QSAR models were developed to computationally evaluate the cytotoxicity of MeOx NPs towards RAW
264.7 cells. Both MLR and PLS models were developed with 25 NPs (nanoparticles) from 6 metal (hydro)
oxide families (SiO,, TiO,, CeO,, AIOOH, ZnO, and Ni(OH),) using the release of lactate dehydrogenase
(ldhg) from the cell as the endpoint. Multiple linear regression (MLR) models were developed using the best
subset selection method followed by enhancement of model derived predictions by the application of the
intelligent consensus predictor (ICP) tool. On the other hand, a partial least squares (PLS) model was
developed using the Small Dataset Modeler software which can handle a limited number of data points.
Periodic table descriptors and some physicochemical descriptors have been used to characterize the
nanostructure of MeOx NPs. All models were validated meticulously by employing internal and external
Received 10th August 2021, validation metrics followed by the randomization test and applicability domain (AD) study. The statistical
Accepted 30th September 2021 metric values suggested the robustness of the models. The insights from both models suggested that
electronegativity, solubility, formation of a metal cation increase the cytotoxicity whereas non-metal NPs
and an increase of the oxidation degree contribute to low toxicity towards RAW 264.7 cells. A short
rsc.li/es-nano proposed mechanism has also been explained to determine the cause of cellular toxicity by the MeOx NPs.

DOI: 10.1039/d1en00733e

Environmental significance

The fate and dynamic behavior of metal oxide and hydroxide nanoparticles (MeOx NPs) depend on their interaction with the different biological
compartments of the environment. Considering the increased synthesis of metallic NPs and lack of experimental toxicity data, it is essential to develop
toxicity assessment methods to predict their possible environmental toxicity impact. This study involves sophisticated computational tools to provide a
comprehensive mechanistic view of how electronegativity, solubility, formation of a metal cation and an increase of the oxidation degree collectively
influence the cytotoxicity of MeOx NPs to RAW 264.7 cells. This approach aims to develop safer and effective MeOx NPs for commercial, environmental and
medicinal use.

1. Introduction Plenty of Room at the Bottom”," and since then there has been
a lot of developments in this field. Nanotechnology has been
applied in diverse areas, and at the same time, the probability
that it could adversely affect humans and the environment has
also expanded rapidly.” Today, nanotechnology materials have
become the prime focus of many researchers due to the unique
Drug Theoretics and Cheminformatics Laboratory, Department of Pharmaceutical properties and diversity of such materials. One of the important
Technology, Jadavpur University, Kolkata, 700032, India. classes of nanomaterials (NMs) is metal oxide nanoparticles
E-mail: kunalroy_in@yahoo.com, kunal.roy@jadavpuruniversity.in; (Mer NPS). They have been included in different products
Fax: +91 33 2837 1078; Tel: +91 98315 94140 . o . . .
such as paints, additives in food, electronic devices, cosmetics,

t Electronic supplementary information (ESI) available. See DOI: 10.1039/ - . 3 .
d1en00733e biological products, and nanomedicines.” Due to this fact, the

In 1959, the term ‘Nanotechnology” was coined by the Nobel
laureate Richard P. Feynman in his well-known lecture “There's
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interaction of nanoparticles with humans and the environment
is inevitable. Their potential threat to human life and the
environment has also drawn much attention. MeOx NPs
venture the human system through breathing, gastrointestinal
tract, and skin, and then circulate via the blood or lymphatic
system and eventually accumulate in various organs.” Several
researchers have found that MeOx NPs can decrease cell
longevity through production of ROS (reactive oxygen species)
which would cause mitochondrial damage by modulating the
DNA strand that further leads to other ways of cell death via
autophagy, pyroptosis and apoptosis. In some cases, an enzyme
may not produce superoxide but could accelerate free radical
production, and one such candidate is the lactate
dehydrogenase enzyme (LDH).

LDH, a cytoplasmic enzyme present in almost all kinds of
cells, leaks out into the extracellular space when the plasma
membrane becomes distorted.® It is believed that the ROS
produced from mitochondria can activate LDH-bound NADH
and enhance the free radical reaction chain in injured cells
through other sources (NO;~, O,, H,0,, and superoxide (0))’
that might eventually cause toxicity towards the cells.

Considering the complexity of nanoparticles (NPs) and
their diverse applications to mankind, it is required to
determine their expected toxicity economically and more
easily. There is a desperate need to develop a technical
method to extract the essential properties of NPs.® Since the
investigational assessment of hazardous characteristics of
NPs is laborious as well as expensive, and most importantly
to avoid animal sacrifice, alternative computational methods
can give reliable predictions before their mass production. In
silico approaches are extensively accepted by regulatory
agencies such as the United States Environmental Protection
Agency (U.S. E.P.A) to fill the data gap of toxicity with no
experimental details recorded.

QSAR (quantitative structure-activity relationship) is the
front runner among the alternative in silico methods. The
implication of QSAR in the field of risk assessment and
management of NPs is recommended by regulatory agencies
like the European Union Commission's Scientific Committee
on Toxicity, European Centre for the Validation of Alternative
Methods (ECVAM), and the Agency for Toxic Substances and
Disease Registry (ATSDR). When QSAR is applied to
nanostructures, it is then termed as nano-QSAR.° In silico
predictive tools like nano-QSAR can be useful to facilitate
better understanding of certain mechanisms.

The application of computational approaches in the
nanomaterials field has been increasing as demonstrated by
some studies. Puzyn et al.'® have applied nano-QSAR modeling
on a dataset of 17 metallic oxides having different chemical
compositions with Escherichia coli toxicity and concluded that
the cause of toxicity was due to the electronegativity and cation
charge. Further, this was corroborated by Gajewicz et al.** while
working with the HaCaT cell line and 18 MeOx NPs. Forest
et al™ have also performed a nano-QSAR study with 25
nanoparticles from 6 metal hydro (oxide) families to determine
the cytotoxicity to RAW 267.4 cells. A classification decision tree
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along with a partial least squares (PLS) model was developed
with a limited number of data points. However, the PLS models
developed by Forest et al. were not predictive'” as evidenced by
unacceptable leave-one-out Q? statistics. On the other hand,
classification-based models give only graded response
prediction instead of quantitative values. This made us
interested to develop robust and properly validated regression-
based models for quantitative predictions of cytotoxicity data to
RAW 267.4 cells.

In the current paper, the relationships between
physicochemical properties and the cytotoxicity of 25
nanoparticles from 6 metal hydro (oxide) families (CeO,, SiO,,
TiO,, AIOOH, ZnO, and Ni(OH),) to RAW 264.7 cells (collected
from ref. 12) were examined using multiple linear regression
(MLR) and partial least squares (PLS) models with lactate
dehydrogenase release (Idhg) used as the endpoint. Nano-QSAR
modeling was done using periodic table-based descriptors and
physico-chemical descriptors.'® The Organization for Economic
Co-operation and Development (OECD) guidelines were
followed during determination of the quality of the models.™

2. Methods and materials
2.1 Dataset

In this work, data on toxic potential of 25 NPs (nanoparticles)
from 6 metal (hydro) oxides families (CeO,, SiO,, TiO,,
ALOOH, ZnO, and Ni(OH),) were obtained from laboratory
experiments reported in the literature'® and were expressed in
terms of LDH release (ldhg) from macrophage RAW 264.7
cells. A total of forty descriptors were calculated covering both
physicochemical and periodic table based descriptors.”® The
details of the dataset are presented in the ESIf (Table S1).

2.2 Descriptor calculation

To develop nano-QSAR models, we have gathered information
related to MeOx NPs (hydroxides) to encrypt their toxicity
towards macrophage RAW 264.7 cells. The complexity and
versatile behavior of NPs complicate the nanodescriptor
calculation. The nano-QSAR models were developed using
descriptors derived from the periodic table and some
physicochemical descriptors derived from the experimental
procedure as already reported in a previous study.'” Periodic
table descriptors were calculated from the Elemental
Descriptor Calculator software developed in our laboratory,"
while some additional information of the metals was added
directly from the periodic table as descriptors. The selection
of periodic table descriptors was advantageous because of
their ease of calculation.

2.3 Data set division

Division of a dataset is crucial for the development of
statistically significant and predictive models. For the
development of MLR models, the toxicity dataset was divided
into a training set (containing 18 compounds) and a test set
(containing 7 compounds) with the help of a modified

This journal is © The Royal Society of Chemistry 2021
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Fig. 1 Flowchart of the work.

k-medoids clustering technique keeping the highest and
lowest toxic data of NPs in the training set. The training set
was utilized for model development whereas the test set was
used to assess the predictivity of the MLR models. Note that
the partial least squares (PLS) model was also obtained with
the Small Dataset Modeler considering the whole dataset
without any dataset division."

2.4 Model development

Managing small datasets due to non-availability of
experimental data for a particular endpoint is a pivotal work

applicability domain with
mechanism

for QSAR researchers. As the existing dataset contains limited
data, we have applied Small Dataset Modeler version 1.0.0 on
the whole dataset. This software performs dataset curation,
“exhaustive” double cross-validation and consensus
predictions as optimal model selection techniques. It also
involves the DCV (double cross-validation) (as shown in
Fig. 2) method for model development for the small dataset
without the need of dividing the data into training and test
sets. The inner loop used as the modeling set is constantly
spit into calibration and validation sets containing n and n-r
compounds respectively for deriving all possible “k”
combinations. Based on the defined calibration and

Model development and
model selection

= [ romining set ] |

Internal loop

Fig. 2 Double cross-validation methodology.
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Using respective CM1/CM2/CM3  «—
predicted values, compute various
external validation metrics
including MAE(95%) for
consensus models

Fig. 3 Algorithm of the ICP tool.

validation sets, the tool allows the management of validation
set (r) compounds. The calibration set uses the GA-MLR
(genetic algorithm-MLR) technique to develop MLR models
whereas the quality of the developed MLR models is
predicted with the validation set. All validation metrics (both
internal and external metrics) were calculated with the help
of exhaustive double cross-validation techniques for the
respective models.

Further, we tried dividing the dataset using the modified
k-medoids clustering technique. Best Subset Selection v2.1
software was used for model development. The training set
(with forty descriptors) was used for development of models
from which four best MLR models were selected based on
the mean absolute error (MAE) criteria.'® Further, ICP
(intelligent consensus prediction) was performed with the
four MLR models to enhance the predictability of the
models’” through intelligent selection of multiple models
(Fig. 3). The whole work flow is well depicted in Fig. 1.

2.4.1 Double cross validation (DCV). Double cross
validation (DCV) consists of two nested loops named as
internal and external loops. The dataset in the external cross
validation loop is split into a training set and a test set. The
training set in the internal loop is used for model selection
and development; on the other hand, the test set is used for
assessment of the developed models. The training set (in the
internal loop) is repeatedly divided into calibration and
validation sets. The calibration data set is utilized to generate
various models whereas the validation set is used to

3398 | Environ. Sci.. Nano, 2021, 8, 3395-3407

MAE 95%
Ifthe\
performance of Select the best
the consensus consensus model
m?dels is based on MAE
satisfactory (95%)

determine the error of the models. Lastly, the model having
the least prediction error (in the internal loop) is chosen. The
test dataset in the outer loop is then employed to assess the
predictability of the selected model in the inner loop. This
method of splitting the training set into calibration and
validation obviates the bias caused due to usage of a single
training set of selected composition.

2.4.2 ICP (intelligent consensus predictions)'’. This
software evaluates the performance of the consensus models
and relates them with the individual MLR model derived
prediction quality based on the MAE criteria (95%). It is
assumed that an individual model might not predict all
individual test set compounds with the same accuracy; in
other words, one QSAR model may be best for prediction of
one test set compound while other QSAR models may be best
for prediction for some other test set compounds. So, here in
our current study, we have selected four models (M1-M4)
and performed ICP to explore the quality of predictions of
test set compounds being enhanced through an “intelligent”
selection of multiple MLR models. Four different ways of
consensus prediction are employed they are:

i) Consensus model 0 (CMO0): Ordinary consensus.

ii) Consensus model 1 (CM1): Average of predictions from
all qualified individual models.

iii) Consensus model 2 (CM2): Weighted average
predictions (WAP) from all qualified individual models.

iv) Consensus model 3 (CM3): Best selection of predictions
(compound-wise) from individual models.

This journal is © The Royal Society of Chemistry 2021
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Table 1 Statistical results of MLR models
Training set Test set
Statistical r 2 ’ 2 MAE based
parameters ~ R> RadjZ QLoo” Arm(lloo]z m(L00) Qs 05> Arm(mo)2 m(L00) CCC MAE (100%)  criteria
M1 0.749 0.695 0.611 0.166 0.665 0.722 0.682 0.130 0.632 0.855 0.235 Good
M2 0.750 0.696 0.612 0.161 0.666 0.720 0.679 0.133 0.628 0.853 0.233 Good
M3 0.750 0.697 0.624 0.161 0.667 0.712 0.670 0.140 0.615 0.847 0.249 Good
M4 0.747 0.693 0.620 0.169 0.661 0.707 0.665 0.147 0.596 0.842 0.241 Good
CMO — — — — — 0.717 0.675 0.137 0.618 0.850 0.236 Good
CM1 — — — — — 0.714 0.672 0.140 0.611 0.848 0.242 Good
CM2 — — — — — 0.714 0.672 0.140 0.610 0.848 0.240 Good
CM3“ — — — — — 0.711 0.669 0.143 0.606 0.845 0.228 Good

“ Winner model.

Consensus models are more reliable due to the following
reasons:

1. Consensus predictions are precise and reliable as they
do not rely on a single model but on multiple models and
the predictions are not biased.

2. Consensus predictions may consider the WAPs from the
individual models along with compound wise prediction of
the individual models thus selecting the model that is best
for a particular test compound.

3. They also check prediction taking the AD criteria, Dixon
Q-test, and Euclidean distance into consideration. Checking
AD before prediction makes the prediction value more
acceptable.

4. For limited data points, we can rely more on consensus
models than individual models as it enhances the
applicability domain.

2.4.3 Applicability domain'®. The applicability domain
(AD) is the physico-chemical, structural or biological space of
a QSAR model surrounded by model descriptors and
modeled response based on which training sets have been
developed.'® Relying on this knowledge or information, the
prediction of new compounds is made. The motive of
computing the AD is to state whether the required
assumptions of the models are met and for which type of
chemical the model is reliably applicable. In the development
of a QSAR model, the AD has a significant role for evaluating
the unpredictability of the new compounds depending upon
how close it is to the compounds used in development of the
model. Therefore, the prediction of any response with the
help of QSAR is possible if the new predicted compounds fall
in the space of the modeled AD. Two methods namely the
standardization approach (for MLR models) and DModX, ie.,
distance to model in the X-space (for the PLS model) were used
to check any outlier(s) in the dataset. Both methods were
capable of determining the AD correctly. The standardization
approach assumes that the descriptor values follow a normal
distribution, but it does not consider the intercorrelation
among descriptors nor its contribution to the model unlike the
k-nearest neighbour approach proposed by Consonni and
co-workers some years ago.'”?' Therefore, along with the
above-mentioned methods, we have also applied the

This journal is © The Royal Society of Chemistry 2021

knearest neighbour approach and found that all the test
set compounds were inside the AD since the test set reference
number matched the reference number of the training set. It
was found that no metal (hydro) oxides were outside the
region of the AD.

2.5 Model validation

Validation of a QSAR model is crucial for nano-QSAR models.
Rigorous assessment of the model quality for the
measurement of stability, fitness, robustness and predictivity
of the developed models was carried out. Here, all the models
were evaluated based on the OECD proposed criteria.'® In the
present work, we have calculated R?, Radjz, the variance ratio
(F), and the standard error of estimate (s) and the leave-one-
out squared correlation coefficient (Qroo’) for internal model
quality and validation.>> We have also computed the leave-
many-out squared correlation coefficient (QLMO(ZO%)Z) for the
final PLS model.>® Additionally, we have also calculated the
'm’ metrics’ and mean absolute error (MAE)."® Further,
other external validation metrics (Ryrea” and Qp,”) were also
calculated for the test set in the case of the MLR models.

3. Results and discussion

Linear regression models have been developed for the
cytotoxicity data of 25 nano oxides (hydroxides) towards
macrophage RAW 267 cells using release of LDH (ldhg) as
the endpoint. The present work was divided into two
sections; first, the whole set was subjected to the small data
set modeler due to the limited number of experimental data
being available, and secondly, the same dataset was further
divided into a training set and a test set to check the
predictivity of the developed models (Tables 1 and 2). The
statistical values (R* = 0.75, Q> = 0.664) of the PLS model (N1)
developed with the small dataset modeler were satisfactory,

Table 2 PLS model results

—2

Model R? Q? Qumo(20%) T'm Ary?

N1 0.75 0.662 0.662 0.579 0.077
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M1
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ldhg = 1.2782(+0.4431) + 0.00134(+0.00055) Metals_SumIP + 0.0322(+0.0066) SumElectrons_Active_M_SM + 0.20123(+0.03801) Solubility
Mesaining = 18, R = 0.749, Ryq® = 0.695, Q* = 0.611, S = 0.421658, F = 13.92, PRESS = 3.85635, MAE based criteria = moderate
Niest = 7, Qp1” = 0.722, Qp,” = 0.682, MAE based criteria = good

M2

1dhg = —0.488(+0.6306) — 0.00367(+0.00058) Metals_SumIP + 0.0406(+0.0083) Cat_rad + 0.197(+0.0375) Solubility
Megaining = 18, R = 0.750, Rygi® = 0.696, Q* = 0.612, § = 0.421001, F = 13.98, PRESS = 3.84633, MAE based criteria = moderate
Niest = 7, Qp1” = 0.720, Qp,” = 0.679, MAE based criteria = good

M3

Idhg = -0.150(+0.6904) + 0.041596(+0.0079) Cat_rad — 0.091(+0.0.137) Oxidation degree of metal(N_oxy_M) + 0.1834(+0.045) Solubility
Riraining = 18, B2 = 0.750, Ryq> = 0.697, Q° = 0.624, S = 0.420392, F = 14.03, PRESS = 3.72620, MAE based criteria = moderate
Neest = 7, Qp1” = 0.712, Qp,” = 0.670, MAE based criteria = good

M4

ldhy, = -0.436(+0.6208) — 0.246(+0.5132) D1_Metals + 0.0405(:0.0088) Cat_rad + 0.0.204(+0.0.0377) Solubility
Neraining = 18, R> = 0.747, Raqi® = 0.693, Q% = 0.620, S = 0.423426, F = 13.77, MAE based criteria = moderate
Ttest = 7, Q" = 0.707, Qg,” = 0.665, MAE based criteria = good

PLS model (N1)

ldhg = 1.44 + 0.19 X Solubility + 0.01 x Metals_SumIP + 0.029 x SumElectrons_Active_M_SM

R> =0.75,Q> = 0.664, > = 0.579, Ary> = 0.077

and it was also noted that a few descriptors obtained from
the MLR models (M1, M2, M3, M4; Box 1) were common to
the PLS (N1) model thus justifying the importance of such
descriptors. The MLR models (M1, M2, M3, M4) were
obtained through the best subset selection method and the
models were subjected to the intelligent consensus
prediction technique. The descriptors obtained from both
the PLS model (N1) and MLR models (M1, M2, M3, M4) were
elaborately discussed (Table 3) below with their possible
mechanisms. The scatter plots of MLR models are also
shown in Fig. 4. The descriptors obtained from the developed
models (MLR and PLS) were not highly correlated as can be
checked from the cross-correlation matrix.>> Besides these,
we have presented additional statistical results (normal
distribution of residuals, homoscedasticity, no
autocorrelation of the residuals, and non-multicollinearity
among the descriptors) in the ESL}

The AD was checked using the standardization approach
for MLR models and DModX, ie., distance to model in the
X-space with SIMCA 16.0.2 software for the PLS model to
calculate the AD. At 95% confidence level (D-crit = 0.009998),
the AD of the PLS model was checked (Fig. 5) and it was

found that no metal (hydro) oxides were outside the region of
the AD.

The variable importance plot of the PLS model highlights
the influential descriptors contributing to the cytotoxicity of
MeOx NPs to RAW 267.2 cells. The descriptors of the N1 model
appearing as per the VIP scores are solubility, Metals_SumlIP,
and SumeElectrons_Active_M_SM. The descriptors from higher
to lower contributions are shown in Fig. 6.

3.1 Loading plot of the PLS model

The loading plot gives the relationship between the
X-variables (descriptors) and the Y-variable (LDH) of the PLS
model as shown in Fig. 7. The development of the loading
plot was done using two PLS components (first and second
components). This plot gives insights into how different
variables influence the model. During the evaluation, the
distance from the origin was taken into consideration in the
loading plot. The descriptors located far away from the origin
in the plot are considered to have a greater influence on the
model and on the Y response. The solubility descriptor is
situated furthest from the origin, and hence it has more

Table 3 Description and contribution of the descriptors obtained from MLR and PLS models

SL

no. Descriptor Description Contribution
1 Metals_SumIP Sum of ionization potential energy (k] mol™") of metals +ve

2 D1_Metals Total number of metals +ve

3 Cat_rad Distance between the nucleus and the electron in the outermost shell of an ion +ve

4 SumElectrons_Active_M_SM Summation of electrons of active metals and semi-metals +ve

5 N_oxy_M Oxidation degree or state of the metal -ve

6 Solubility The ability of a solid, liquid, or gaseous chemical substance (referred to as the solute) -ve

to be dissolved in solvent (usually a liquid) and form a solution
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Fig. 4 Scatter plots of MLR models.

impact with respect to the other two descriptors. It can also
be confirmed from the VIP plot.

3.2 Model randomization

Randomization of a model authenticates the robustness of
the model. This signifies that the developed model is not
obtained by chance correlation. The randomized model is
developed by shuffling different combinations of X or Y
variables leading to multiple models generated. Here, we
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have used 100 permutations, which can be randomized
depending on the user's choice. The random models should
have poor statistics to prove that the nonrandom model is
not formed by chance correlation. We have provided the
correlation between original Y-vector and permuted Y-vector
versus cumulative Ry2 and cumulative Qy2 plots as represented
in Fig. 8. The plot shows that the model is nonrandom as
well as robust since Ry2 =0.025 and Qy2 = -0.258 and one can
easily predict the cytotoxicity of the MeOx NPs from the
developed PLS model.

DModXPS[Comp. 2]

41 D-Crit(0.00999898)

DModXPS|2](Norm)

1 2 3 4 5 6 7 8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

M1-D-Crit[2] = 4.257

Fig. 5 Applicability domain of model N1 (PLS model).
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Fig. 7 Loading plot of the PLS model (N1).

3.3 Description of the descriptors

The Metals_SumIP descriptor stands for the sum of
ionization potential energy (k] mol™") of metals. The
ionization potential energy is the quantity of energy that an
isolated gaseous atom in the ground electronic state must
absorb to discharge an electron resulting in a cation. The
positive contribution of the descriptor suggests that with an
increase of the ionization potential, the toxicity also increases
as found in the case of nanoparticles 12 (ZnO-1) and 6
(Ni(OH),-1) whereas the reverse happens for nanoparticles 24

0.50 0.60 0.70 0.80 0.90

w*c[1]

(SiO,-1) and 3 (AIOOH-3) where with a decrease in ionization
potential the toxicity also decreases. Ionization potential is
related to electronegativity and electron affinity. If a molecule
has more ionization potential that means that it is difficult
to remove the valence electrons easily to form a cation which
suggests that the molecule is more electronegative. The
increase of electronegativity of the chemicals may increase
the production of reactive oxygen species (ROS).

D1_Metals stands for the total number of metals. The
presence of metals in the nanoparticles tends to increase the
release of LDH from the cells as indicated by nanoparticles 8

Rzi Intercepts: R2=(0.0, 0.0251), Q2=(0.0, -0.258)

0.00

0.00 0.10 0.20 0.30 0.40

0.50 0.60 0.70 0.80 0.90 1.00

100 permutations 2 components

Fig. 8 Randomization plot of the PLS model (N1).
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(Ni(OH),-3), 12(ZnO-1) while nanoparticle 24 (SiO,-1) shows a
low LDH release from the RAW 264.7 cell line for being non-
metallic in nature. This is correctly indicated by the positive
contribution of the descriptor. Metal-based NPs can show
tremendous toxicity and can pose detrimental biological
interaction to mammalian cells.>® Metal oxide nanoparticles
with a larger surface area can penetrate deeply into the body
due to their smaller size and possess surface charge which
causes greater inflammatory response.”” Studies revealed that
different nanoparticles modulate inflammatory responses of
macrophages in different ways.

The periodic table descriptor, Cat rad, is the distance
between the nucleus and the electron present in the
outermost shell of an ion. The positive contribution of the
descriptor suggests that with an increase of the cationic
radius, the LDH release from the cell increases as shown in
nanoparticles 14 (CeO,-1) and 8 (Ni (OH),-3). In contrast, a
decrease in the cationic radius leads to less LDH release as
indicated by nanoparticles 3 (AIOOH-3) and 24 (SiO,-1). The
addition of electrons increases the size of an atom through
repelling of the electrons within the shells. When the cationic
radius increases, it becomes easier for the metal to lose
electrons to form a cation. This happens because as the size
of the atom increases, the outermost electrons feel a decrease
of shielding by the inner-shell electron and as a result
electrons present in the outer shell do not “feel” the entire
positive charge of the nucleus. Consequently, metal cations
released from the metal oxides (MeOx) may catalyze the
formation of hydroxyl radicals to produce ROS via the so-
called Haber-Weiss-Fenton cycle*®?° leading to apoptosis to
the cell through LDH leakage.

SumElectrons_Active_M_SM stands for the summation of
electrons of active metals and semi-metals. This descriptor
positively contributes towards cell toxicity. The presence of
electrons can also be correlated to higher electronegativity of
that atom. The increase in electronegativity is responsible for
the catalytic properties of the metal cationic form as well as
for the cytotoxicity to RAW 264.7 cells. This descriptor
positively contributes as seen in nanoparticles 15 (CeO,-2)
and 8 (Ni(OH),-3) where an increase of electronegativity
increases the release of LDH from the cell, but on the other
hand a decrease in electronegativity decreases the cytotoxicity
and release of LDH from the cell as evidenced by
nanoparticles 23 (TiO,-4) and 3 (AIOOH-3). The presence of
electronegativity is responsible for initiating cation formation
in metal oxides.*

N_oxy_M stands for the oxidation degree or state of the
metal. This descriptor is negatively correlated with the
cytotoxicity of the cell which means that an increase of the
oxidation degree decreases the cytotoxicity to the cell as
evidenced by nanoparticles 19 (CeO,-6) and 23 (TiO,-4). On
the other hand, the lower degree of oxidation enhances the
cytotoxicity effect towards the cell and promotes the release
of LDH as seen in nanoparticles 8 (Ni(OH),-3) and 12 (ZnO-
1). The lower degree of oxidation makes the metal unstable
due to the unfilled valence shell and therefore the metal tries

This journal is © The Royal Society of Chemistry 2021
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to gain a higher oxidation state or a stable one. A transition
metal has a different oxidation state due to partially filled-d
and -f orbital shells.*® When a transition metal tends to have
a lower oxidation state, it means that the metal easily donates
its valence electrons or can gain electrons to form metal
cations or enrich itself with electrons respectively but this is
not so easily done if the oxidation state of the metal is
increased; thus, a lower oxidation state of the metal is
detrimental to the cell.

Another descriptor, Solubility stands for the ability of a
solid, liquid, or gaseous chemical substance (referred to as
the solute) to be dissolved in a solvent (usually a liquid) and
form a solution. The solubility depends on three factors such
as temperature, pressure as and the solvent used. Solubility
is one of the pivotal parameters that is involved in
nanomaterials-induced toxicity.*> The positive contribution of
the descriptor suggests that an increase in solubility
increases the cytotoxicity as in nanoparticles 12 (ZnO-1) and
8 (Ni (OH),-3), and the opposite happens for nanoparticles 11
(NiO) and 19 (CeO,-6) with decreased solubility. The NP
toxicity is related to its solubility, the dissolution of NPs
under acidic conditions and as well as the presence of lipids
and proteins (amino acids) which can induce toxicity by
binding with them and interfering with the cell functions.
Few studies of Xia et al. and Li et al**** confirmed that
solubility of NPs has a strong relation with cellular toxicity.

The descriptors selected in our models are in conformity
with the descriptors reported in the study of Forest et al'?
such as Cat_rad and N_oxy_M which show a high impact in
the determination of the toxicity of MeOx NPs. The selection
of appropriate descriptors is also necessary for a robust
model. The descriptors used by Forest et al'> were
physicochemical and dimensional descriptors whereas the
present work not only included the physicochemical
descriptors but also the periodic table descriptors. The
advantage of periodic table descriptors is that they are not
specific family dependent and show a good impact towards
the determination of cytotoxicity.

3.4 Mechanism of toxicity

The wide applications of metallic NPs with their unique
properties and structural alteration have led to the
modification of biological functions along with potential ROS
production as well as the change of cellular signaling linked
with cell death, proliferation, and differentiation. Reactive
oxygen species (ROS) are small, short lived and reactive
molecules that are continuously produced and destroyed by a
wide variety of antioxidant defense mechanisms in the
human body. The generation of ROS by the MeOx NPs has
been considered as the major contributor and originator of
cytotoxicity. Excessive production of ROS by MeOx NPs causes
oxidative damage, by destroying the cell function through
acting on the biomolecules (lipids, proteins and DNA)
hampering their functionality, ultimately causing death of
the cell. The biological toxicity of MeOx NPs occurs when
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they interact with solubilized metallic ions. The derived
information from the various descriptors gave us insights
that among the various features of the nanoparticles,
electronegativity is the most prevailing feature responsible
for the cytotoxicity. Due to the higher electronegativity, the
dipole charge distribution takes place between the atoms in
the MeOx NPs. The surface charged NPs then cause
electrostatic interaction with the cellular membrane (CM) of
the cell which enhances the membrane-wrapping
phenomena. This may also increase the surface tension and
facilitate the entry of NPs through generation of pores.
Hydrophobic interaction is also possible with oxides of NPs.
The cationic form of MeOx NPs has a more disruptive
influence on the membrane bilayer, and through membrane
phase change they enter into the cell.>> MeOx NPs can
interfere with the electron transport chain and depolarize the
mitochondrial membrane through activation of NADPH-
related enzymes (nicotinamide adenine dinucleotide
phosphate). The interaction of NPs blocks the electron
transfer chain, thus elevating the cellular O, (oxygen radical)
level through electron transfer from the respiratory carriers
to 0,.°° The oxidative stress generated further affects the
DNA by formation of 8-hydroxyl-20-deoxyguanosine (8-OHdG)
that ultimately leads to DNA damage, arrest of the cell cycle
causing alteration of the apoptosis mechanism and damage
to the cellular membrane which promotes the leakage of
LDH from the membrane.?” Inflammatory responses by ROS
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are also enhanced by metallic NPs like TiO, NPs and SiO,
NPs.*® ZnO NPs cause cytotoxicity by triggering oxidative
injury by generating ROS and releasing inflammatory
mediators that finally lead to cell death in phagocytic RAW
264.7 cells.

3.5 Comparison with previously published models

The present work was performed using periodic table
descriptors in addition to a few physicochemical descriptors,
as the periodic table-based descriptors were easy to calculate
without involving much complicated calculations. One of the
problems with the dimensional descriptors as used by Forest
et al.' is that they are family dependent whereas the other
descriptors are not. Therefore, it might be difficult to obtain
predictive results with dimensional descriptors for new
nanoparticles.
Forest et al'> considered physicochemical and
dimensionality related descriptors for the development of
PLS regression models first. The developed PLS models were
no way statistically acceptable as they show leave-one-out Q”
values of 0.0 and -0.3. To be qualified for statistical
acceptability and predictability, all QSAR models should
satisfy some requirements like statistical quality metrics,
internal validation metrics and external validation metrics,
etc. as per the OECD guidelines (https://www.oecd.org/
chemicalsafety/risk-assessment/validationofgsarmodels.htm).

Fig. 9 Mechanism of toxicity.
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A check of simple statistical measures suggests that
previously reported PLS models are not presentable as they
do not have any predictive quality. This was also
acknowledged in the paper of Forest et al.'®> The leave-one-
out Q” values of their models are no way acceptable (0.0 and
-0.3) while the statistical metric values of our regression
models are indeed acceptable as per the OECD guidelines. In
addition, the previous paper also does not report external
validation, which is considered as the gold standard of
validation of QSAR models.?®

We would also like to add that Forest et al. performed
leave-one-out cross-validation, but not double cross-
validation. To know more about the latter technique one can
refer to ref. 15.

However, Forest et al. then developed classification based
QSAR models which were indeed acceptable. Classification
based QSAR models give graded or semi-quantitative
predictions while regression-based models give exact
quantitative predictions. In our current work, we have
developed regression-based models for quantitative
predictions. Obviously these two categories of models are not
comparable. Thus, we will not compare our models with
classification-based predictions which are only semi-
quantitative and give graded values. We have also performed
external validation of our models and finally applied
consensus predictions which are considered good practices
in QSAR.>®> We have also reported a model for the whole
undivided data set with leave-many-out cross validation in
addition to models obtained from data set splitting.

We have also proposed the mechanism of toxicity for
better understanding.

4. Conclusion

Nanotechnology has potential applications in various fields.
Recent advances in NP engineering are believed to have
potential impact in diverse areas in the near future.
Production of metal-based NPs for commercial use and other
purposes has increased exponentially, and as a result,
assessment for their safety has also gained attention.
Therefore, in this work, we have made efforts to develop
interpretative nano-QSAR models that are reliable and
capable of predicting not only the investigated NPs but also
unexplored NPs if present within the applicability domain. As
we know working with small datasets is a critical job, here we
have applied the Small Dataset Modeler version 1.0.0 to
develop a PLS model without applying the conventional
splitting approach. Further, MLR models were also generated
through best subset selection, and then ICP was applied to
obtain reliable predictions. After performing ICP, CM3 was
found to be the winner model. The insights obtained from
the various descriptors from both PLS and MLR models
pointed out that electronegativity, solubility, formation of a
metal cation and an increase in the number of metal NPs
increase the cytotoxicity whereas non-metal NPs and an
increase of the oxidation degree contribute to low toxicity to

This journal is © The Royal Society of Chemistry 2021

View Article Online

Paper

RAW 267.4 cells. A short-proposed mechanism has also been
explained in Fig. 9 to determine the cause of cellular toxicity
by the MeOx NPs. We hope that the present work would be
useful in establishing the cause of toxicity of unexplored NPs
within the applicability domain, and the information
obtained about the features of MeOx NPs would help in
designing new NPs entities with reduced toxicity to living
cells. Considering the limited experimental data available for
toxicity of metal oxide and hydroxide nanoparticles, the
developed models might be used for prediction of toxicity of
untested nanoparticles that may help in prioritizing further
experiments.
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ABSTRACT

Metal oxide nanoparticles (MeO,NPs) production is expected to increase every year exponen-
tially, and their potential to cause adverse effect to the environment and human health will also
expand rapidly. Hence, risk assessment of nanoparticles (NPs) is necessary to design ecosafe
products. However, experimental ecotoxicological assessments are time-consuming requiring a
lot of resources. Therefore, researchers rely on alternative in silico approaches to predict the
behavior of NPs in the biological system. Quantitative structure — toxicity relationship (QSTR) has
been adopted as a potential method to predict the cytotoxicity of untested NPs. Hence, in the
present study, multiple linear regression (MLR) models were developed using 17 MeO,NPs on
Escherichia coli (E. coli) bacteria cells under both light and dark conditions. The models were
developed applying Small Dataset Modeler software, version 1.0.0 (http://teqip.jdvu.ac.in/QSAR_
Tools/DTCLab/) which generates models with a limited number of data points. Periodic table-
based descriptors (both 1st and 2nd generation) were used for the modeling purpose. Two stat-
istically significant MLR models based on photo-induced toxicity (wam = 0.612, R?> = 0.726)
and dark-based toxicity (Q%LOO) = 0.627, R*> = 0.770) were developed. From the developed
models, we interpreted that increase in valency and oxidation state of the metal will decrease
the cytotoxicity whereas the atomic radius of the metal and electronegativity of MeO,NPs influ-
ence the toxicity toward E. coli cells. The MLR models were validated using different internal val-
idation metrics. Additionally, we have collected 42 MeO,NPs as an external set to observe the
predictive power of the two developed MLR models and categorize them into toxic and non-
toxic classes. The chemical features selected in the developed models are important for under-
standing the mechanisms of nanotoxicity. Thus, the developed models can be a scientific basis
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for designing safer NPs.

1. Introduction

Metal oxide nanoparticles (MeO,NPs) due to their
unique inherent physicochemical properties have
been applied to different consumer products like
cosmetics, dental fillings, self-cleaning coatings, tex-
tiles, etc. (Puzyn et al. 2011). They are also used in
solar batteries, in automobiles as catalytic converter.
Owing to the photocatalyst property, the MeO,NPs
are used as water-treatment agents to degrade vari-
ous organic pollutants. However, it has been
observed that these nano-sized particles with their
extraordinary properties may be toxic to some
organisms. Cosmetics containing such nanoparticles
may cause more harm than the UV rays they are

intended to protect from (Dreher 2004). The recent
report from Research and Markets warned that the
nanoparticle drug market may reach up to US$200
Billion by 2024 which is approximately equal to
10% of growth according to per compound annual
growth (CAGR) (Global Nanoparticle Drug
Delivery Market, Dosage, Price and Clinical Pipeline
Outlook 2024). The significant data gap and uncer-
tainties of MeO,NPs have led to obstruction to their
potential risk assessment which has doubted our

rate

concern regarding their adequate regulations. A
prior study of 24 MO,NPs in mammalian cells
revealed that some of these materials show hazard
potential (Kaweeteerawat et al. 2015). Therefore,
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developing rapid methods for predicting their tox-
icity profile to the living organism in a timely fash-
ion is very essential. As it is impossible to evaluate
many MeOxNP based commercial goods via in vivo
and in vitro studies, in silico approaches are the
best alternatives (Fourches et al. 2010).
Computational techniques may speed up the pro-
cess and reduce time and cost in the development
of new NPs with reduced toxicity.
Chemoinformatics along with data statistics,
machine learning, and artificial intelligence (Al)
have gained a lot of attention in recent times. A
study on the toxicity of NPs has been reported by
Sizochenko et al. (2018) against various species.
Furthermore, Gonzalez-Diaz et al. (2013) introduced
various theories including the perturbation-theory
(PT), machine learning (ML), and information fusion
(IF) approach known as the IFPTML algorithm. The
basic idea of this approach is to predict the output
values of the function f (Vij)cac for the jth multiple
properties of the query system (Si) under study
with a single model (Ortega-Tenezaca and
Gonzélez-Diaz 2021). The developed models by this
process can be used to predict the biological activ-
ity of NPs, proteins, drugs, and complex molecules.
Nanoparticles with different surface coating popu-
larly known as Nanoparticle Drug Delivery Systems
(DDNS) are also of high interest in biomaterial sci-
ences. But the data are dispersed and not as large
as the DNNS components. Therefore, Santana et al.
combined Perturbation Theory and Machine
Learning (PTML algorithm) to predict the score
function (f(Vij)calc) and predict the best component
for Nanoparticle Drug Delivery Systems (DDNS)
designing. In another work, Urista et al. performed
perturbation theory in combination with ML and IF
(PTMLIF) to predict the antimalarial activity prob-
ability of nanoparticle compounds or drug com-
plexes (Urista et al. 2020). Perturbation theory was
also applied in the computational modeling of
nanomedicine (Speck-Planche et al. 2015). The per-
turbation theory was also used by Kleandrova et al.
(2014) to probe the ecotoxicity and cytotoxicity of
NPs under various experimental conditions, sizes,
compositions, coating agents, and time to which
the biological targets were exposed to the NPs.

The in-silico approach has been adopted by the
United States Environmental Protection Agency
(US. EPA) for toxicity data gap filling for those
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MeOxNPs that do not have available experimental
data. Among the in-silico approaches, quantitative
structure-activity relationship (QSAR) is most com-
monly used to predict and screen toxicity of nano-
particles (NPs) at a low cost and in less time. QSAR
is a mathematical method that finds correlations
among the properties of interest to the nanopar-
ticle structures with the help of certain descriptors.
QSAR finds the complex relationship of the property
with the nanostructures without having detailed
knowledge about their interaction mechanism. The
recent development in the field of nanoparticles
has raised interest in extending the traditional
QSAR paradigm to develop nano-QSAR for predict-
ing the toxicity of newly generated or synthesized
MeO,NPs which can also work as a blueprint for
experimental design of new MeO,NPs with
enhanced activity (Puzyn, Leszczynska, and
Leszczynskii 2009). One of the biggest challenges of
QSAR is assessing the reliability of the identified
relationships with the interpreted mechanism
(Guidance Document on the Validation of
(Quantitative) Structure-Activity Relationship
[(Q)SAR] Models 2007). Although QSAR has made
great progress in modeling traditional chemicals, its
application in the field of NPs is very limited. The
reason may be attributed due to the less amend-
able features or due to highly complex large three-
dimensional nanostructures. The lack of appropriate
descriptors also limits the nano-QSAR modeling. In
most cases, the determination of experimental
descriptors is laborious and time-consuming. For
the computation of the quantum mechanical
descriptors, a certain quantum-chemical back-
ground is essential to be able to calculate such
descriptors; these descriptors are also computation-
ally demanding whereas periodic table-based
descriptors are easy to calculate, and they do not
require any extensive computational knowledge.
Periodic tables descriptors were used in Kar et al.
(2014) work which showed the efficiency and the
predictive of the easily computable descriptors.
Moreover, the main problem with NPs is the avail-
ability of a sufficient number of experimental data
with high quality. During handling of limited data,
much useful information may get lost due to the
hold-out samples. Again, the division of such data-
sets into training and test sets may cause a bias in
descriptor selection with the fixed composition of
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the training set. The Small Dataset Modeler tool
(Ambure et al. 2019) can be a solution to such
problems. This tool is designed to handle small
datasets and provide components like ‘Double
cross-validation’ which have options set for model
selection techniques to generate different models.

In the present study, we have tried to develop
cytotoxicity models for 17 MeO,NPs ranging from
15 to 90nm and validated the models to find the
correlation of chemical features with the cytotox-
icity of MeO,NPs to E. coli cells [—logLCs, which is
a dose required for a fixed response type of end-
point (Roy, Kar, and Das 2015)] using the Small
Dataset Modeler tool. The cytotoxicity of NPs was
investigated in E. coli cells because they are single-
celled organisms and can be correlated to other
higher-level organisms. Single-celled organisms, due
to their versatile metabolism, are considered excel-
lent environmental indicators to determine the
impact of NPs on environmental health as well as
human health (Kertesz and Mirleau 2004; Osler and
Sommerkorn 2007). During model development, we
have avoided using physicochemical descriptors,
such as size, shape, zeta potential, etc., as the use
of such descriptors will make the model less usable
for new data without such information. In addition,
without using these descriptors also, we have got
statistically sound models. In addition, we may
mention here that Adams, Lyon, and Alvarez (2006)
in one of their papers mentioned that particle size
of NPs does not affect the antibacterial activity
against E. coli for the investigated sizes as all the
nanopowders in water suspension result in similar
size aggregate. So, the effect of the powder size of
NPs gets nullified over here. Because of the limited
experimental data available, this study uses the
Small Dataset Modeler tool with an application of
the Double Cross-validation tool. Although the
availability of toxicity data sets for metal oxides is
very limited, this is also the inspiration for the
development of new robust models for filling
data gaps.

2. Methods and materials
2.1. The dataset

The cytotoxicity data of 17 MeO,NPs to E. coli was
obtained from the previously published research

paper by Pathakoti et al. 2014 and was expressed
in terms of negative logarithm of lethal concentra-
tion causing 50% growth inhibition of E. coli (—log
LCs0). The dataset was considered for 2D-QSAR
modeling under two experimental conditions, i.e. in
the dark and in presence of light.

2.2. Molecular descriptors

The dynamic behavior of MeOxNPs complicates the
descriptor calculation. So, descriptor calculation for
metal oxide nanoparticles is a crucial job for
researchers. Therefore, in the present work, we have
calculated sixteen 2nd generation periodic table-
based descriptors (De and Roy 2021) along with
forty-four descriptors using Elemental Descriptor
Software freely available from our laboratory
(https://dtclab.webs.com/software-tools). The rest
periodic table descriptors were taken directly from
the periodic table based on the nature of the met-
als. Total sixty-one periodic table descriptors were
calculated for modeling of the MeO,NPs.

2.3. Model development: application of the small
dataset modeler

Before performing QSAR model development, usu-
ally division of a dataset into training and test sets
is performed. However, as the present dataset con-
tains a limited number of data points, division of
the dataset is not desirable. Here, the model devel-
opment has been done using the Small Dataset
Modeler, version 1.0.0 software (Ambure et al. 2019)
without any data set division. Small dataset mod-
eler works on the double cross-validation (Ambure
et al. 2019) strategy as illustrated in Figure 1. The
double cross-validation consists of two nested
loops: internal (inner) and external (outer) cross-val-
idation loops. The external loop divides the dataset
into calibration and validation sets while in the
internal loop, the calibration set is used for model
development and model selection. The predictivity
assessment of the models is entirely done by the
validation set. The Small Dataset Modeler software
(Ambure et al. 2019) avoids the dataset splitting
step in the inner loop; instead, the whole dataset is
used as the ‘modeling set.” The modeling set is con-
stantly divided into calibration and validation sets
and all possible combinations (‘’k’) of both sets are
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Figure 1. The double cross validation (DCV) methodology.

derived. The number of compounds in the valid-
ation set is user-defined and based on it, different
combinations of calibration sets and validation sets
are derived. The generated calibration sets are used
to develop multiple linear regression (MLR) models
applying the genetic algorithm-MLR (GA-MLR) tech-
nique (Devillers 1996; Venkatasubramanian and
Sundaram 2002). On the other hand, the validation
set is used to obtain the prediction quality of the
respective developed MLR models. The whole work-
flow is illustrated in Figure 2.

Additionally, internal and external validation met-
rics are calculated for all the selected models. The
final model could be selected out of any of the five
recommended methods.

MLR/PLS model with the least absolute MAE
(95%) value in the validation set is selected.

2. MLR/PLS model with least MAE (95%) value in
the modeling set.

3. MLR/PLS model with highest Q cave-many-out in
the modeling set.

4. In the case of consensus predictions, the top-

ranking model should be selected based on the
least MAE (95%) values in the respective valid-
ation set. It works on two variants namely

a. Simple arithmetic average of prediction
containing all the selected top models
b. The weighted average of prediction works

by assigning appropriate weight to the top
selected models based on the mean abso-
lute error gathered from leave-one-cross
validation MAE, (95%).
A pool of unique descriptors is selected from
the top three models with the least MAE (95%)
of the validation set. Further, these descriptors
are used for model development purposes. The
best subset selection (BSS) method is used in
the case of the MLR model to find the best
descriptor combination, whereas, in the case of
PLS models, the models are formed by the
descriptors selected from the top models.

5.

The small dataset modeler software also combines
data curation, exhaustive double cross-validation,
along consensus predictions in the case of model
development which is essential for small datasets.

2.4. Reliability of predictions of untested NPs

The estimation of checking the reliability of predic-
tions of the generated model for an external set is
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Figure 2. Flowchart of the approach used by the Small Dataset Modeler.

an interesting job when the data points are within
the AD. A robust QSAR model can help in predict-
ing the external dataset depending on the molecu-
lar features. Several tools are available for
estimating the confidence of a QSAR model.
Among them, one of the tools which can rely on
for the prediction of the response data of the exter-
nal set is the ‘Prediction Reliability Indicator’ tool
available  from  http://dtclab.webs.com/software-
tools. This tool categorizes the quality of predictions
for the test set or a true external set as good, mod-
erate, and bad based on the three rules of scoring.
Rule 1: scoring depending on the quality of leave-
one-out prediction of the 10 closest training set
compounds to the test/external compounds, Rule 2:
scoring based on the AD in terms of similarity using
the standardization method (Roy, Kar, and Das
2015), and the Rule 3: scoring based on the proxim-
ity of predicted value of the query compound to
the experimental mean of the training set
responses. Thus, in the present study we have

collected 42 MeO,NPs as an external set (Table S3)
to evaluate the predictive power of the developed
MLR models and found that out of 42 MeO,NPs, 38
MeO,NPs showed good predictions with the dark
condition toxicity data model and 35 MeO,NPs
showed good predictions with the photo-induced
toxicity data model. We were able to classify the
untested metal oxides into toxic and non-toxic cate-
gories based on the mean toxicity value of the
training set as the threshold (Figure 3).

2.5. Statistical validation metrics

Validation of the developed models is an important
part of any QSAR study. Multiple approaches can be
applied to the developed MLR models to rigorously
measure and validate their fitness, stability, robust-
ness, and predictivity. In the present study, we have
computed statistical quality metrics like determination
coefficient (R?) and variance ratio (F) and validation
metrics like leave-one-out determination coefficient
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Figure 3. Prediction of the untested NPs with the developed MLR models shown in the increasing order of toxicity. The NPs
within the circle represent the NPs which were not correctly predicted by the MLR models as per the ‘PRI tool.’

(Q%0o) and predicted residual sum of squares
(PRESS). Additionally, r,?> metrics (Roy et al. 2012),
root mean square error (RMSE), and mean absolute
error (MAE) were also calculated (Roy et al. 2016).

3. Applicability domain

The applicability domain, also known as AD, is
defined as the chemical space in which the QSAR
model makes predictions for new compounds
based on the knowledge of the training set with
given reliability. The test set compounds should be
structurally similar to the training set compounds
so that the models work fine based on the similar-
ity-based principle. The AD assessment of the
proposed models was performed using a standard-
ization approach (Roy, Kar, and Das 2015). After per-
forming AD, it was found that compounds 1 (CuO)
and 9 (Al,O3) were outliers in the modeling set, and
compounds 2 (Au,0), 19 (IrOy), 25 (0s0O,), 29 (PtO),
30 (PtO,), and 33 (RuO,) were outside AD in the
external prediction set in the case of light-induced
toxicity data whereas in the case of dark toxicity
data it was observed that compound 9 (Al,O3) was
an outlier in the modeling set and compounds 25

(0s0,), 33 (RuO,), and 41(Yb,03) were outside AD
in the external set.

4, Result and discussion

Periodic table-based descriptors were used for mod-
eling 17 MeO,NPs using the Small Dataset Modeler
software (http://teqip.jdvu.ac.in/QSAR_Tools/). The
details of the descriptors used in the QSAR modeling
are shown in Table 1 in the molecular descriptors
section. The statistical quality and validation metrics
of both the models have shown acceptable values
for R?, Q%.oo, RMSE, MAE, r,,> metrics as per Table 2.
The descriptors obtained from the MLR models of
the two datasets (dark and light-induced toxicity) are
explained in Table 3. The experimental and predicted
values of all MeOxNPs are given in Tables S1, S2 in
the Supplementary Section. The scatter plots (Figure
4) of the MLR models are also shown in this section.

4.1. Interpretation of the obtained descriptors
4.1.1. Model 1: photo-induced toxicity

1
log—— = 4.686 + 0.015 atomic rad (pm)
LCso

— 0.725 Valence + 0.134 sq_sum_epsilon/N
(M
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Table 1. Description of the descriptors generation wise.

No. generation of
PT descriptors

Mathematical expression

Description

1st generation

D1_Metals
D2_SemiMetal
D3_HeteroNonMetals

Metals_SumlP
SemiMetals_SumIP
Electrons_ActiveM
AtWt_ActiveM
MassNo_ActiveM
Neutons_ActiveM
IP_ActivM

X_ActivM
VWR_ActivM
Electrons_Activ_SM
AtWt_Activ_SM
MassNo_Activ_SM
Neutons_Activ_SM
IP_Activ_SM
X_Activ_SM
VWR_Activ_SM
Electrons_Activ_NM
AtWt_Activ_NM
MassNo_Activ_NM
Neutons_Activ_NM
IP_Activ_NM
X_Activ_NM
VWR_Activ_NM
SuM_Active_M_SM
SuMElectrons_Active_M_SM
SuMAtWt_Active_M_SM
SuMMassNo_Active_M_SM
SuMNeutons_Active_M_SM
% Ox

N oxygen

Molar volume
Atomic rad
Electronegativity
Thermal conductivity
Melting point
Electron affinity
Density

Mol wt

Cationic charge

2

> y/no

Z metal
Z vmetal
PNmetal

A = (Zmetal — Zvmetal)/Zvmetal

pn=1/(PNmetal)

V metal

o metal=L * p

> ametal = ometal * Nmetal
> aoxy = Noxy * 0.33

> o= > ametal + > ooxy

¢ metal = —ametal + (0.3 x Zvmetal)
€ oxy = —aoxy + (0.3 * Zoxyv)
S~ e=emetal * Nmetal + goxy * Noxy

> e/N
o)
(> e/N)?

Total no. of metals

Total no. of semi-metals

Total no. of non-metallic heteroatoms (N, O, F, P, S, Cl, Se, Br, I, At)
excluding hydrogen

Sum of ionization potential energy (kJ/mol) of metals

Sum of ionization potential energy (kJ/mol) of semi-metals

No. of electrons of active metal

Atomic wt. of active metal

Mass no. of active metal

Number of neutrons of active metal

lonization potential energy (kJ/mol) of active metal

Electronegativity of active metal

van der Waal radius of active metal

No. of electrons of active metalloid/semi-metal

Atomic wt. of active metalloid/semi-metal

Mass no. of active metalloid/semi-metal

Number of neutrons of active metalloid/semi-metal

lonization potential energy of active metalloid/semi-metal

Electronegativity of active metalloid/semi-metal

van der Waals radius of active metalloid/semi-metal

No. of electrons of active non-metal

Atomic wt. of active non-metal

Mass no. of active non-metal

Number of neutrons of active non-metal

lonization potential energy of active non-metal

Electronegativity of active non-metal

van der Waals radius of active non-metal

Summation of number of metals and semi-metal

Summation of electrons of active metal and semi-metal

Summation of At. wt of active metal and semi-meta

Summation of mass no. of active metal and semi-metal

Summation of neutrons of active metal and semi-metal

Oxidation number

Number of oxygen atoms present in the metal oxide.

Atomic radius

Molecular weight

Total metal electronegativity in specific metal oxide

Total metal electronegativity in specific metal oxide relative to the number
of oxygens.

The atomic number of metals

Valence electron of metal

Period number of metals

The core environment of metal is defined by the ratio of the number of
core electrons to the number of valence electrons

Valence of metal

The core count gives a measure of the molecular bulk

Electronegativity count of metal

Electronegativity count of oxygen

Electronegativity count of total metal oxide

Sum epsilon relative to the number of atoms in the molecule

Square of the summation of alpha, gives a measure of the molecular bulk
Squared sum epsilon relative to the number of atoms

Table 2. Details of statistical parameters were obtained from both MLR models.

Statistical parameters R? RZ; 72 Ar?, MAE (95%) PRESS value F
Model 1 0.726 0.663 0.497 0.166 0.587 9.747 11.48
Model 2 0.770 0.717 0.543 0.054 0.482 8.494 14.48
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Table 3. A detailed description of the obtained descriptors from two developed MLR models (A and B).

Serial No. Descriptors Description
1. Atomic rad (pm) This descriptor stands for the measure of the size of the atom. It typically
measures the distance from the center of the nucleus to the outermost
shell containing electrons.
2. Valence The valence of an element is the measure of its combining capacity with
other atoms when it forms chemical compounds or molecules
3. (X e/N)? It stands for the sum of electronegativity of the atoms of the metal oxide
scaled by the number of atoms present which is calculated based on the
electronegativity count (> _¢) of the oxides.
4. %0X It represents the oxidation number of the metal atom.
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Figure 4. Scatter plots for the dark toxicity dataset (A) and the photo induced dataset (B).

Qoo = 0.612,R =0.726, RZy = 0.663,
F2 = 0.497,Ar% = 0.166

The first descriptor influencing the toxicity is
Atomic rad (pm). This descriptor stands for the
measure of the size of an atom. It typically meas-
ures the distance from the center of the nucleus to
the outermost shell containing electrons. This
descriptor is positively correlated with the response
which means that with an increase of the descriptor
value, the toxicity data also increases as in nanopar-
ticles 11 (LayO3) and 8 (Y,03); in contrast, a
decrease of descriptor values as represented in
nanoparticles 13 (SiO,) and 9 (Al,Os) decreases the
toxicity value. The reason for such phenomenon is
that due to the increase of the atomic radii, the
pull of the electrons by the neutron reduces since
the number of the shells in the atom increases
which is also known as the shielding effect.
This makes the removal of the electrons from the
atom easier and leads to the formation of
metal cation.

The next descriptor, Valence or valency of an
element is the measure of its combining capacity
with other atoms when it forms chemical com-
pounds or molecules. This also indicates the pres-
ence of the number of valence electrons in the
outermost shells. The negative contribution of the
descriptor suggests that with an increase of valence
of the metal, the toxicity decreases as in nanopar-
ticles 16 (Cr,03) and 17 (Fe,03) whereas with a
decrease of valence the toxicity increases as
observed in nanoparticles 9 (Al,O3) and 2 (ZnO).
The presence of few electrons in the outermost
shells makes it easier for the metal to exchange the
valence electron with its neighboring element and
form a covalent or electrovalent bond with it. On
the other hand, it is also possible to lose its elec-
tron easily to get converted into its cationic form
and accelerate the toxic reaction.

This second-generation descriptor (3 &/N)?
stands for the sum of electronegativity of the atoms
of the metal oxide scaled by the number of atoms
present, which is calculated based on the electro-
negativity count (> ¢) of the oxides.
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E €= €metal* Nmetal + Eoxy* Noxy

Here, emetar and e, are the electronegativity
count of metal and oxygen atoms, respectively and
Nmetar @and Ny, are the number of metal and oxygen
atoms. The positive coefficient of the descriptor in
Equation 1 infers that an increase in electronegativ-
ity favors the rise in toxicity as in nanoparticles 1
(CuO) and 2 (ZnO) whereas the nanoparticles with
the presence of low electronegativity have less tox-
icity as observed in nanoparticles 14 (SnO,) and 10
(Bi,03). It has been observed that due to the pres-
ence of high electronegativity, the atoms pull elec-
trons from their neighboring element or molecules
leading to the development of an electrostatic
bond with it.

4.1.2. Model 2: dark-induced toxicity

1
log—— — 6.433 — 0.838 y0x
91Cos X

+0.014 atomic rad (pm) — 0.607 Valence
(2)
Qoo = 0.627,R> =0.770, R:

24 = 0.717,
TF2 = 0.543,Ar’ = 0.054

The first descriptor in this equation contributing to
the toxicity is yox, which stands for oxidation num-
ber of the metal atom. This descriptor contributes
negatively toward the toxicity which is
observed in nanoparticles 3 (TiO,) and 14 (SnO,)
where an increased oxidation number leads to a
decreased toxicity value and vice versa as exempli-
fied in nanoparticles 1 (CuO) and 2 (ZnO). The oxi-
dation number reflects the ability of an atom to
acquire, donate or share electrons, and it is quite
like the valence electrons. If the oxidation number
is positive, then it means that the element has lost
electrons and has fewer electrons in the outermost
shell. On the other hand, the negative oxidation
number suggests that the element has gained elec-
trons and has more electronegativity. As described
earlier in the case of the valence descriptor, here
also, the loss of electrons can accelerate the forma-
tion of the cationic form of the metal that leads to
the toxic reaction.

Other descriptors having an influencing effect on
toxicity to E. coli are discussed previously in the
case of Model 1.

well-

The atomic rad and valence descriptors appear-
ing in both Model 1 and Model 2 play an important
role in influencing the toxicity toward E. coli.
Comparing both the models, we can infer that the
presence of light triggers the impact of toxicity of
the metal oxides. It was noted that with an increase
in atomic rad and valence descriptors values, the
respective toxicity value (log 1/LCso) was found to
be more in presence of light than in dark. The posi-
tively contributing descriptor, atomic rad, lead to
log 1/LCsq values of 4.96 and 5.79 for nanoparticles
11 (La;0s) and 8 (Y,03), respectively in dark condi-
tions whereas in presence of light, the toxicity value
increases to 5.56 and 5.84 for the same respective
nanoparticles with same descriptor values. The
same observation was seen in the case of nega-
tively contributing descriptor valence; in this case
too, with the same descriptor value, the log 1/LCsq
values for nanoparticle 9 (Al,O3) and 2 (ZnO) in
dark condition were 242 and 5.8, respectively
which became 2.75 and 6.23 in presence of light.

4.2. Proposed mechanism of toxicity to E. coli cell

The potential mechanism of cytotoxicity of
MeO,NPs to E. coli cells was deduced with the help
of information extracted from the descriptors of the
nano-QSTR models. The insights obtained from the
descriptors pointed that atomic radius, the electro-
negativity of the metal in metal oxides, and the
number of electrons in the valence shell have a
substantial effect on the mortality of E. coli. The
cluster of MeO,NPs after forming metal cations due
to the loss of electrons can easily interact with the
proteins present on the surface of the membrane
and can enter into the E. coli cells. An increase in
electronegativity raises the catalytic properties of
the metal oxides and enhances their intervention
process. After the entry of the metal oxides in the
plasma region through physiochemical interaction,
it breaks the Me-O bond due to the presence of
acidic conditions within the cells. The detached
metal cation can lead to macromolecular complex-
ation and destruct the molecular structure (Mu
et al. 2016). On the other hand, the metal cation
instigates the formation of free radicals ((OH) while
interacting with the ribosomes present in the E. coli
cell more than the metals naturally do (Roy, Ojha,
and Roy 2019). The elevated levels of radicals



interact with the molecules in the cells and produce
more reactive oxygen species. ROS production
causes nucleoid damage that causes DNA fragmen-
tation and death of the cell due to blockade of the
synthesis of proper protein structure. The whole
process of the toxicity mechanism is well-depicted
in Figure 5.

4.3. Comparison with the previous work

A comprehensive comparison is not possible with
the previous work since the models were developed
using different compositions of modeling sets.
Pathakoti et al. (2014) used DFT (density functional
theory) descriptors which require computationally
intensive quantum chemical calculations whereas

Atomic rad 'T\

St ir[rfrf
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the work performed in the current paper used peri-
odic table-based descriptors which are simple, easy,
and do not require any expert knowledge. It is also
noteworthy that in the previous paper, the authors
reported only a few statistical quality metrics. They
have kept aside a few data points for predictions
and developed models using a lower number of
data points. But in the present paper, we have used
all available data points to avoid information loss
and reported more extensively the quality metrics,
such as R, F, PRESS value, RZy, Q°, 7, Ar} met-
rics (Tables 4, 5). We believe that handling a small
dataset is a crucial job for a nano-QSAR modeler
and information may be lost while modeling a small
dataset due to holding out samples. This problem
has been overcome in this work by using the small

Destructien of the membrane
protein

l Endocytosis of MeOx NPs
2.Me-O Bend break

Oxidative

3.Metal cation

Figure 5. Toxicity mechanism of the MeOx NPs to E. coli cell.

Table 4. Comparison table for the photo-induced dataset.

Statistical parameters Number of data points (n) R? F Press value R Q 2 Ar2 MAE (95%) SD

Previous* work Training set = 13 0.804 20.51 - - - - - - 0.63
Test set = 4

Current work Whole dataset (n=17) 0726  11.48 9.747 0663 0612 0.497 0.166 0.587 -

*Rzp,ed calculated to be a negative value.



162 J. ROY AND K. ROY

Table 5. Comparison table for the dark dataset.

Statistical parameters ~ Number of data points R? F Press value RZ; Q 2 Ar?, MAE (95% SD

Previous* work Training set = 13 0.87 33.83 - - - - - - 0.48
Test set = 4

Current work Whole dataset (n=17) 0.77 14.48 8.494 0.717 0.627 0.543 0.054 0.482 -

*Rzp,ed calculated to be a negative value.

dataset modeler tool which uses the DCV method.
By using the DCV method, we also omit the bias in
description selection with a constant composition
training set. Furthermore, the developed models
were used to predict the toxicity of 42 untested
metal oxides which do not have any reported tox-
icity data. The developed models successfully pre-
dicted most of the query NPs which were found to
be within the AD, and with the help of the
Prediction Reliability Indicator tool (PRI), their pre-
diction quality was also tested. Additionally, we
have also tried to provide a conceptual toxicity
mechanism diagram for a better understanding of
toxicity to E. coli cells (Figure 5).

5. Conclusion

In the study, we have developed 2D MLR QSAR
models to investigate the essential features in
17 MeO,NPs responsible for the cytotoxicity of E.
coli cells with—logLCso as the endpoint. This pre-
dominant nano-structure information has helped in
identifying the cause of toxicity of MeO,NPs and
has also suggested some mechanisms through
which it can affect the E. coli cells or other bio-
logical cells. The statistical results of the developed
models are robust and can be used to extrapolate
the endpoint if the experimental information of
new MepxNPs is unavailable. The periodic table
descriptors used in this work are can be easily
obtained either using the Elemental Descriptor
Calculator software (available from https://dtclab.
webs.com/software-tools) or from the Periodic Table
information. Now, knowing the regression coeffi-
cients of different descriptors in the reported
model, one can easily compute the toxicity in an
excel sheet without requiring the use of any codes.

The major findings of the present study are sum-
marized below:

1. Only periodic table descriptors were used
which can be calculated easily without any
computational calculations. The reproducible

descriptors can easily encode the cytotoxicity
with good interpretability.

2. The application of the ‘Small Dataset Modeler’
software was emphasized in the current work.
Division of the small dataset (17 compounds)
into training and test sets is not desirable here
to generate and validate QSAR models to avoid
the loss of information and introduce bias in
descriptor selection.

3. The developed MLR models were conceptually
simple, easy to apply, computationally inexpen-
sive as well as can be used to reduce the data
gap in untested NPs.

4. Here, we interpreted that increase in valency
and oxidation state of the metal in MeO,NPs

decrease the cytotoxicity whereas the
atomic radius of the metal and electronegativity
of MeO,NPs has a substantial influence on the
toxicity toward E. coli cells.

5. This study can be used for predicting the cyto-
toxicity of untested MeO,NPs for which the
experimental data are not known. The devel-
oped models have can be used in designing
eco-safe NPs with better properties as evi-
denced by the predictions of 42 MeO,NPs, out
of which, 38 MeOxNPs showed good predic-
tions with dark condition toxicity data model
and 35 MeOxNPs showed good predictions
with the photo-induced toxicity data model.
Therefore, these models could be used to pre-
dict the cytotoxicity of the untested NPs before
their utilization in commercial products.
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Risk assessment and data gap filling of toxicity of
metal oxide nanoparticles (Meg, NPs) used in
nanomedicines: a mechanistic QSAR approachy

Joyita Roy and Kunal Roy @ *

Nanotechnology has become a fast-growing area of science. Recently, there has been an increase in the
use of metal oxide nanoparticles (Meg, NPs) due to their unigue morphology and physical properties. The
application of Meg, NPs in nanomedicines has opened up new perspectives for medical devices and devel-
opment in health care. Nanomedicines and nanotoxicity are complementary to each other. Lack of suffi-
cient data and low-adequacy experimental setups obstruct the assessment of their potential risk to human
cells. Regulatory authorities have also encouraged the application of the quantitative structure-activity rela-
tionship (QSAR) approach towards the safe design of nano-based products. Therefore, in the present com-
putational study, multiple linear regression (MLR) modeling with 16 Meo, NP datasets and partial least
squares (PLS) regression modeling with 15 Meg, NP datasets (117 data points with different physical features
and conditions) were performed to determine the cytotoxicity of NPs towards HaCaT cells. Easily interpret-
able periodic table descriptors (1st and 2nd generation) and some previously reported physical descriptors
were employed for modeling. The genetic algorithm (GA) followed by best subset selection (BSS) technique
was applied before the model development. The final MLR model (4 descriptors) and PLS (2 LVs) model for
the two datasets was rigorously validated with various stringent validation criteria following the strict Orga-
nisation for Economic Co-operation and Development (OECD) guidelines. The statistical data of the MLR
model (Quoo)® = 0.83, R? = 0.95) and PLS model (Qoo)® = 0.73, R? = 0.76) were robust and reliable. Fea-
tures like electronegativity, formation of a metal cation, increase in solubility, and dose were important for
the mechanism of toxicity. Therefore, these models can be efficient tools for designing modern materials
with optimal properties and minimal potential toxicity.

Nano-technological advancements in biomedical applications have vast and promising future avenues. However, it is believed that nano-sized metal oxide
nanoparticles (Meo,NPs) can facilitate unfavorable absorption through natural barriers, resulting in toxicological changes that may differ from those of
their pristine forms. Despite these properties, Meo,NPs, which are considered boons to mankind, can also present potential risks. Exposure to Meo,NPs
can induce adverse and undesirable effects to non-targeted organisms in the environment, raising more concerns regarding potential environmental risks
from nanomedicines. This work highlights the potential features that influence Me,NP toxicity and explains possible mechanisms, which may elucidate
their risks to environmental and human health.

1. Introduction

nanomaterial-based goods are produced every year. Approxi-
mately 1015 different types of products are produced and

The past few decades have witnessed the evaluation of “nano”
species in the field of science and technology. Recently, there
has been increasing application of metal oxide nanoparticles
due to their compelling properties. A diverse array of
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marketed as per a report in 2009," and this number is expected
to increase steadily. According to the project on Emerging
Nanotechnologies  [https://www.nanotechproject.org/invento-
ries/consumer/], many new nanotechnology-based products are
introduced in the market on a weekly basis, and the annual
turnover from such products would be $2.6 trillion. According
to previous studies, nanoparticles (NPs) have different useful
properties than the materials in their conventional forms,
which has greatly increased their applications. Notably, nano-
medicines® are an application of nanotechnology that has
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ignited hope in the field of medical sciences. The implication
of nanostructures in this field has not only created advanced
opportunities, but also generated perspectives on issues such
as targeting tissues or cells, controlled release of a drug at a
specific target, and detection of diseases at an early stage.
Nanotechnology, nanomedicines, and nanotoxicology go hand
in hand. The increased use of nanoparticles (NPs) in pharma-
ceutical sciences has imposed major concerns about their pos-
sible nanotoxicity and has emerged as a major sub-discipline
of nanotechnology. Nanotoxicology refers to the study of the
interaction of nanostructures with biological systems to eluci-
date the physical and chemical properties of nanoparticles that
cause toxic biological responses. Determination of the long-
term toxic effects of NPs may consume a lot of time in clinical
trials involving animal models and human volunteers. Toxicity
and biokinetics information for nano-products, along with in-
formation regarding unintended human exposure or intended
delivery for medical purposes, is necessary to determine the
perceived risks of nanomaterials. The dose of NPs should also
be taken into consideration for the determination of their tox-
icity. It was shown in the study by Pisanic II et al.® that when
PC12 cells were exposed to different doses of Fe,O; MNPs,
there was a decrease in cell viabilities. Vanadium oxide (V,03)
was ten times more potent in the reduction of cell viability
even at a concentration of 10 ug mL ™", The induction of heme
oxygenase 1 (HO-1) in ECV304 cells and reduction of protein
levels by nanoscale V,0; NPs in epithelial cells (A549) was
found to occur in a dose-dependent manner.

Considering these facts, the determination of toxicity for
nanomedicines is very important. Hence, regulatory bodies
are searching for ways to assess their risk before their appli-
cation as pharmaceuticals. The use of nanoinformatics in
combination with nanomaterials (NMs) has attracted the at-
tention of many scientists, leading them to create compre-
hensive databases comprising the physical and chemical fea-
tures of the materials, based on which quantitative structure-
activity relationship (QSAR) models are generated.” In silico
toxicological methods such as QSARs play an efficient role to
complement and reduce animal testing. QSARs can also be
used as an excellent tool for determining the physicochemi-
cal properties of NPs computationally, involving various types
of descriptors. These studies can be utilized to forecast the
properties or toxicity of NMs that are yet to be explored or
synthesized.® In the field of nanotoxicity, only a few studies
have been carried out using QSAR models, and only a few re-
views concerning the risks of NPs have been reported to
date.”® Furthermore, to date, all QSAR models have pre-
dicted the toxicity of NPs without giving proper information
regarding important factors such as dose, hydrodynamic size,
etc., which can be determining factors in influencing toxicity.

Therefore, in this context, here we have tried to develop
nano-QSAR models'® that refer to the statistically significant
relationships of the toxicity of metal oxide nanoparticles
(MeOx-NPs) in a human keratinocyte cell line (HaCaT cells)
with the nanoparticle structures. Most of the existing works
on nanotoxicity modeling have focused mainly on prokaryotic
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systems (e.g., Escherichia coli), while very few toxicity models
are available for eukaryotic systems. Information related to
the toxicity of metal oxide (Meo,) NPs to the HaCaT cell line
is also limited."'™® Therefore, the present work mainly fo-
cuses on modeling the toxicity of Meo, toward the HaCaT cell
line. The HaCaT cell line (skin cells), an immortalized epithe-
lial cell line, was chosen to evaluate the mechanism of toxic-
ity because it exhibits a similar nature to human keratino-
cytes. Skin also plays a role of prime importance against
toxins or pathogens, and it is the largest organ of the body
with a large surface area. Thus, it is ideal for studying dermal
toxicity. Exploring the HaCaT cell toxicity of nanoparticles
through a QSAR modeling approach appears to be of impor-
tance due to its potential application in developing safe
nanomedicines.

2. Methods and materials
2.1 Dataset

In the present work, two different cytotoxicity datasets of
metal oxides were employed for performing nano-QSAR
modeling towards the HaCaT cell line, which are presented
as Case study 1 and Case study 2. The cytotoxicity data were
collected from previously published papers.'**”

Case study 1. The first dataset comprises 18 nano-metal
oxides taken from a previously published paper.'* Their cyto-
toxicity is expressed the logarithm of the inverse molar lethal
concentration ie., log(1/LCs,). Here, we removed two Meg,-
NPs because of their outlier behavior in the initial analysis
(Table S1f). Furthermore, another dataset was used for
modeling in Case study 2 to observe the influence of the dose
on the cytotoxicity endpoint.

Case study 2. The second dataset consists of 15 Mep, NPs
(117 data points total) taken from the Safe and Sustainable
Nanotechnology (S2NANO) database built by a research group
in South Korea."” This database deals with toxicity information
for various nanomaterials that has been gathered from differ-
ent experimental reports or literature. The cytotoxicity is
expressed as percentage (%) cell death in Table S2 and S3.F
The HaCaT cells were exposed to NPs with various physico-
chemical properties such as core size, hydrodynamic size, sur-
face charge, and dose ranging from 0-1500 ppm.

2.2 Molecular descriptors

Nano-QSAR modeling was performed using the basic infor-
mation for the metal oxides taken from the periodic table to
encode the cytotoxicity and percentage cell death against the
HaCaT cell line. For Case study 1, a total of 69 descriptors
were calculated using the basic information of the metal ox-
ides from the periodic table directly, and other descriptors
(2nd generation periodic table descriptors) were calculated
from the primary descriptors."® Additionally, a few periodic
table descriptors were calculated with the help of the Elemen-
tal Descriptor Calculator software available from (https://
dtclab.webs.com/software-tools). For Case Study 2, a total of
73 descriptors were calculated, including periodic-table-based

This journal is © The Royal Society of Chemistry 2022
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descriptors as well as some physicochemical descriptors
taken from the experimental conditions."® The list of col-
lected and derived periodic table descriptors is given in
Table 1. The advantage of using periodic-table-based descrip-
tors over other descriptors is that they can be easily calcu-
lated without using any sophisticated software. The details of
the data sets are given in ESI-1 and 2.}

2.3 Data set splitting

Selecting a proper training set and a test set is vital for the
development of a robust QSAR model. The combination of
metal oxides is different for each data point (Case study 2).
So, in the present study, after pretreatment and the removal
of noisy descriptors from both datasets, the dataset for each
case was divided with the dataset division software freely
available from the DTC Lab site (https://dtclab.webs.com/
software-tools). In Case study 1: eleven (11) metal oxides were
kept in the training set and five (5) metal oxides were present
in the test set. In Case study 2, one hundred and six (94)
metal oxide data points were present in the training set and
twenty-six (23) metal oxide data points were present in the
test set for model development and validation respectively.

2.4 Chemometric tools

Model development is a crucial job for the QSAR modeler.
Therefore, after data pretreatment, the datasets were subjected
to feature selection using the genetic algorithm (GA)"” followed
by model development using the Best Subset Selection (BSS)
software (https://dtclab.webs.com/software-tools) based on the
MAE criteria.'® The dataset containing sixteen metal oxides
containing the cytotoxicity data towards HaCaT cell line used
periodic table descriptors, and the final model with the best
combination of four descriptors was selected. In the second
case, along with the periodic-table-based descriptors, some
physicochemical descriptors were also included. Partial least
squares (PLS) regression was performed using the four descrip-
tors obtained in the MLR model. The PLS model was selected
as the final model with two latent variables. The whole
workflow is represented in Fig. 1.

2.5 Validation metrics

Validation of the developed models was done using both in-
ternal and external validation metrics. The internal quality
metric R®> determines the fitting potential of the models,
whereas the Qo> metric'® measures the predictive ability of
the model based on the training set compounds. Although
Q100> measures the robustness of the model, it may not be
sufficient to determine the performance of the model on a
new set of compounds. The external validation metrics (Qz ,
Qr,”) deal with the quality of the predictions for the test set
compounds. Additionally, the rm? metrics and root mean
squared error (RMSE) were also computed. The accepted
threshold value for both the internal and external metrics is
0.5. The results obtained from both datasets confirmed the
robustness of the developed models, as depicted in Table 2.

This journal is © The Royal Society of Chemistry 2022
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2.6 Applicability domain (AD)*°

The applicability domain (AD) in QSAR indicates the physico-
chemical, biological, and chemical space knowledge of the
training set based on which the model was developed. The
model is capable of predicting new compounds when they
belong to the same chemical domain.>® The purpose of the
AD is to confirm the model assumptions. To investigate the
AD of the training set, one can analyze the features of the
multivariate descriptor information of the training set com-
pounds, or the similarity-based metrics. When a compound
is highly dissimilar to the training set compounds, the reli-
ability of that particular compound is low. The concept of AD
was used in the final model to avoid unjustified extrapolation
of the predictions. In this study, we checked the applicability
domain for the MLR model with the leverage approach®'*?
using STATISTICA software,” and for the PLS model, we used
the DModX (distance to model) approach®! using SIMCA-P
software® at the 99% confidence level. Through the leverage
approach, it is possible to determine whether a compound is
within the chemical space or outside it. If the leverage values
(h) of the compounds are less than the critical value (h*),
then the prediction can be considered reliable, and vice versa.
The critical value (7*) is calculated as h* = 3p'/n, where p' rep-
resents the modeled variables plus one and 7 is for the num-
ber of compounds used in model development. Outliers can
easily be detected by plotting the leverages (Hat diagonal)
against the cross-validated standardized residuals (R), ie., a
William's plot. Compounds with a cross-validation standard-
ized residual greater than three standard deviation units, i.e.,
>2.50 can be considered to be outliers (Fig. 2).

3. Results and discussion

Based on the toxicity data and calculated descriptors of the
two datasets, we tried to develop statistically significant QSAR
models based on the regression approach to successfully pre-
dict cytotoxicity toward the HaCaT cell line. The MLR model
generated from the first dataset (model 1) consists of only pe-
riodic table descriptors, which were able to describe the cyto-
toxicity successfully without the need to calculate quantum
chemical descriptors. In the case of the second dataset
(model 2), the PLS model having two latent variables was ob-
tained using periodic-table-based descriptors and physico-
chemical descriptors.
Model 1 (MLR)

log(1/LCs0) = 1.46 + 0.0117 Amt rad (pm) + 0.00520 Thermal
cond (W mk %) - 0.000123 M.P (K) - 0.301%0x

Niraining = 11, B> = 0.95, Ryqi” = 0.92, Q* = 0.83, S = 0.0953388,
F =29.03, PRESS = 0.186201

Niest = 5, Qr,” = 0.73, Q> = 0.62, MAE based criteria = Good
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Table 1 List of the descriptors and their generation method

No. Mathematical expression

Description

1st generation descriptors

1 D1_Metals

2 D2_SemiMetal

3 D3_HeteroNonMetals

4 Metals_SumIP

5 SemiMetals_SumIP

6 Electrons_ActiveM

7 AtWt_ActiveM

8 MassNo_ActiveM

9 Neutons_ActiveM

10 IP_ActiveM

11  X_ActiveM

12 VWR_ActiveM

13  Electrons_Active_SM

14 AtWt_Active_SM

15 MassNo_Active_SM

16 Neutons_Active_SM

17 IP_Active_SM

18 X_Active_SM

19 VWR_Active_SM

20 Electrons_Active_ NM

21  AtWt_Active_NM

22 MassNo_Active NM

23 Neutons_Active_NM

24 IP_Active_NM

25 X_Active_NM

26 VWR_Active_ NM

27 SuM_Active_ M_SM

28 SuMElectrons_Active_M_SM

29 SuMAtWt_Active_M_SM

30 SuMMassNo_Active M_SM

31 SuMNeutons_Active_M_SM

32 Xox

33 Noxygen

34  Molar volume

35 Atomic rad

36 Electronegativity

37 Thermal conductivity

38 Melting point

39 Electron affinity

40 Density

41 Mol wt

42  Cationic charge

43 Y

44 3 y/mO

2nd generation descriptors

1 Zimetal

2 Zymetal

3 PNpetal

4 A= (Zmetal - vaetal)/vaetal

5 M= 1/(PNmetaI)

6 Vinetal

7 Ometal = A X H

8 Zametal = Ometal X Nmetal

9 YOy = Noxy X 0.33

10 Za = Zametal + anxy

11 &metal = ~Ometal T (0-3 x
vaetal)

12 Eoxy = ~Qoxy T (0.3 X Zoyyy)

13 Zg = &metal X Nmetal + Eoxy .
Nowy

14 S ¢/N

15 (Lo

16 (> e/N)
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Total no. of metals

Total no. of semi-metals

Total no. of non-metallic heteroatoms (N, O, F, P, S, Cl, Se, Br, I, At) excluding hydrogen
Sum of ionization potential energy (k] mol™) of metals
Sum of ionization potential energy (k] mol™") of semi-metals
No. of electrons of active metal

Atomic wt. of active metal

Mass no. of active metal

Number of neutrons of active metal

Tonization potential energy (k] mol ") of active metal
Electronegativity of active metal

van der Waals radius of active metal

No. of electrons of active metalloid/semi-metal

Atomic wt. of active metalloid/semi-metal

Mass no. of active metalloid/semi-metal

Number of neutrons of active metalloid/semi-metal
Ionization potential energy of active metalloid/semi-metal
Electronegativity of active metalloid/semi-metal

van der Waals radius of active metalloid/semi-metal
No. of electrons of active non-metal

Atomic wt. of active non-metal

Mass no. of active non-metal

Number of neutrons of active non-metal

Ionization potential energy of active non-metal
Electronegativity of active non-metal

van der Waals radius of active non-metal

Summation of number of metals and semi-metals
Summation of electrons of active metal and semi-metal
Summation of at. wt. of active metal and semi-metal
Summation of mass no. of active metal and semi-metal
Summation of neutrons of active metal and semi-metal
Oxidation number

Several oxygen atoms are present in the metal oxide

Atomic radius

Molecular weight
Total metal electronegativity in specific metal oxide
Total metal electronegativity in specific metal oxide relative to oxygens

Atomic number of metals

Valence electron of metal

Period number of metals

Core environment of metal defined by the ratio of the number of core electrons to the number of valence
electrons

Valence of metal

The core count gives a measure of the molecular bulk
Electronegativity count of metal

Electronegativity count of oxygen
Electronegativity count of total metal oxide

Sum of epsilon relative to the number of atoms in the molecule

Square of the summation of alpha, gives a measure of the molecular bulk
Squared sum of epsilon relative to the number of atoms
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Fig. 1 Flowchart of the work.
Table 2 Statistical quality and validation parameters obtained from the developed MLR and PLS models
Training set statistics Test set statistics
Model r 2 Rpred2 r 2
Types of models Descriptors Division Model R Q(LOO)Z m(LOO) Arm(LOO]Z Fvalue or QF]Z QFZZ CCC 'mitest Arm(test)2
MLR Case 1 (16 MeOx NPs) 4 (four) Train: 11 0.95 0.83  0.773  0.037 29.03 073 0.62 0.79 0.271 -0.505
Test: 5
Case 2 (15 MeOx NPS) 4 (four) Train: 94 0.76 0.73 0.63 0.038 71.69 0.69 0.63 0.81 0.61 0.123
Test: 23
PLS P1 (Case 2) 2 (two) Train: 94 0.76 0.73 0.63 0.038 71.69 0.69 0.63 0.81 0.61 0.123
Test: 23

0.8

0.6 - @ Training set
0.4 @ Test Set
0.2 - [ J

Cross validated standardized residuals
<)

Leverages h*

Fig. 2 William's plot of the MLR model.

Model 2 (PLS)
% Cell death = 113.295 + 0.039 Dose — 21.297

SuM_Active_M_SM - 15.400 cationic
charge - 1.194 Heat of Fusion (k] mol™)

This journal is © The Royal Society of Chemistry 2022

Neraining = 94, B> = 0.76, Q° = 0.73, LV = 2, e = 23, Q> = 0.69

Taking the HaCaT cell cytotoxicity as the response variable,
the regression models (MLR and PLS) yielded determination
coefficients (R?) of 0.95 and 0.76 respectively. The whole work
was divided into two parts; in the first part, we tried to develop
regression-based models (MLR) using only periodic table de-
scriptors and determine the features responsible for the toxicity
of the particular metal oxides, and in the second part, another
set of 15 metal oxides (117 data points total) was utilized to de-
velop a PLS model using periodic-table-based descriptors along
with physicochemical descriptors to determine the influence of
these descriptors on the toxicity to living cells. The PLS model
was constructed with all four descriptors from the obtained
MLR model. A PLS model can handle data that are strongly cor-
related or noisy. The model finds new variables (i.e., latent vari-
ables) that are linear combinations of the original variables.

The models were validated according to the Organisation
for Economic Co-operation and Development (OECD) princi-
ples, as properly validated models can be used for
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Fig. 3 Scatter plot of model 1.

mechanistic interpretation.>® The values of all classical met-
rics were within the acceptable limits for both cases, as pre-
sented in Table 2. The descriptors obtained from both
models are listed in Table 3 and explained in detail below.
For Model 1, the William's plot is shown in Fig. 2 while the
scatter plot is shown in Fig. 3. The AD for both the models
(MLR and PLS) was checked using the Leverage approach®
and DModX, i.e., the distance to model in the X-space with

View Article Online
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SIMCA 16.0.2 software, respectively. No compound was out-
side the AD as per the William's plot in Fig. 2 and the
DModX approach for the training and test set in Fig. 4 and 5.

3.1 Interpretations of different plots

The variable importance plot (VIP) of the PLS model (model 2)
highlights the most influential descriptors of the Meg, in terms
of contributing to the cytotoxicity of the HaCaT cells. In the case
of the PLS model, the most contributing descriptors according
to the plot were dose, cationic charge, and SuM_Active_M_SM,
followed by the descriptor heat of fusion (Fig. 6).

The loading plot gives detailed information regarding the
X-variable and Y-variables of the PLS plot, as represented in
Fig. 7. The loading plot was developed with two PLS compo-
nents. From Fig. 7, we can infer that the dose of the Meo,
plays a dominant role in determining the toxicity to HaCaT
cells. While evaluating the plot, it was observed that the de-
scriptors located far away from the origin have more impact
on the Y response of the model.

The coefficient plot shows the contributions of the
modeled descriptors. Except for the dose descriptors, all
other descriptors (heat of fusion, SuM_Active_M_SM, Cat-
ionic charge) were found to contribute negatively to the re-
sponse in the PLS model of the 15 Meo, NP dataset (Fig. 8).

Table 3 Detailed descriptions of the obtained descriptors from the two developed MLR models (model 1 and model 2)

Serial no. Descriptor Description

Model 1

1. Atomic rad (pm) This descriptor represents the size of the atom. It typically measures the distance from
the center of the nucleus to the outermost shell containing electrons

2. Thermal cond The transfer of energy is due to the random motion of molecules across a temperature gradient

(W mK™)

3. Melting point The temperature at which a material changes state from solid to liquid

4. Xox This represents the oxidation number of the metal atom

Model 2

1. Heat of fusion The heat of enthalpy is the change of enthalpy of a fixed amount of metal resulting from the
supply of energy, typically in the form of heat

2. Dose A quantity of a substance taken or recommended to be taken at a particular time

3. SuM_Active_ M_SM Summation of metals and semi-metals in the nanoparticles

4. Cationic charge Ion that bears a positive charge formed when an atom loses its electron
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4
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Fig. 4 Applicability domain of model 2 for the training set (PLS model).
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Fig. 6 Variable importance plot of model 2 (PLS model).

Randomization of the model authenticates the robustness
of the developed model and ensures that it was not devel-
oped by chance correlation. Randomized models are devel-
oped by multiple shuffling of X and Y variables. Here, 100
permutations were carried out to generate the models. The
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SIMCA-P 10.0 - 3/22/2022 2:46:14 PM

developed random models should have poor statistics to
show it is a nonrandom model. The correlation between the
original Y-vector and permuted Y-vector versus the cumulative
R, and cumulative Q,” plots is represented in Fig. 9. The plot
shows that the model is nonrandom as well as robust since
R,” intercept = -0.0211 and Q,” intercept = -0.179, and one
can easily predict the cytotoxicity of the Meo,NPs from the
developed PLS model.

3.2 Descriptor interpretation

1st case study. The 1st generation periodic-table-based de-
scriptor atomic radius (atomic rad, pm) stands for the dis-
tance between the nucleus and the valence electron. The
positive coefficient of the descriptor suggests that with in-
creased atomic radius, the cytotoxicity towards the HaCaT
cell line increases, as observed for the nanoparticle WO;
(atom rad = 210 (pm), log(1/LCso) = 2.56) and vice versa in
the case of the nanoparticle Al,O; (atom rad = 125 (pm),

dose train with given serial no simca.M2 (PLS), Untitled E $
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=100-dat
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[3) 4 cationic ¢
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Fig. 7 Loading plot of the PLS model.
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Fig. 9 Randomization plot of the PLS model.

log(1/LCs0) = 1.85). This happens because as the atomic ra-
dius increases, the valence electron in the outermost shell
continually moves away from the nucleus, which means that
more atomic shell is being added. The addition of shells

q1q2

____u_____-*

Electron

Fig. 10 Electron removal as the atomic radius increases.
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shields the valence electron in the outermost shell. The
electron in the outermost shell does not feel the counter-
pull of the nucleus, and the presence of electrons in the in-
ner shells repels the similarly charged electron, which
makes it easier to isolate and remove from its shell
(Fig. 10). The removal of the electron converts the metal
into its cationic form. It is this cationic form of the metal
that initiates the production of oxidative radicals in the
cell, which is detrimental to cell viability. Studies®”** on
ROS-mediated mechanisms have shown that cellular uptake
of cationic NPs accelerates the depolarization of the cell
membrane and facilitates calcium channel opening, which
stimulates the mitochondria to generate more oxidative
stress.

Another intrinsic property of metals is thermal conductiv-
ity (thermal cond, W mK "), defined as the transfer of energy
due to the random motion of molecules across a temperature
gradient. It is the measurement of the amount of heat that
passes across a material per unit area of the material per unit
time. According to band theory, the atoms in the metal crys-
tal are close to each other, which leads to overlapping of their
molecular orbitals. This phenomenon, which is depicted in
Fig. 11, suggests the presence of a large number of electrons
in a small piece of metal, and their closeness prefers them as
bands.>® In band theory, there are two types of bands, one
partially filled with electrons, known as the conduction band,
and the other filled with electrons, known as the valence

This journal is © The Royal Society of Chemistry 2022
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Fig. 11 Electron removal through band theory.

band. The ability of electricity to pass through the metal de-
pends on the proximity of the valence and conduction bands.
The positive regression coefficient of the descriptor suggests
that with increased thermal conductivity, the cytotoxicity also
increases, as in the nanoparticle CoO (thermal cond. = 100
(W mK™), log(1/LCso) = 2.85). The reverse happens for the
nanoparticle ALO; (thermal cond. = 2.37 (W mK "), log(1/
LCs) = 1.85). This happens because with increasing thermal
conductivity, the distance between the two bands decreases,
and it becomes easier for the electrons to move faster from
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the valence band to the conduction band. This redox poten-
tial occurring naturally in the cell may be the reason for the
toxicity of nanoparticles.

Another property of metals is the melting point (MP), de-
fined as the temperature at which a material changes state
from solid to liquid. The melting point of a metal is primarily
related to the bond strength. Materials having weaker bonds
between atoms tend to have low melting points. The negative
coefficient of the descriptor suggests that with decreasing
melting point, the toxicity of the nanoparticle increases, as
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Fig. 12 Increase in solubility with melting point.
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observed for the TiO, nanoparticle, for which the MP is 1941
(K) and log(1/LCs,) is 1.76. On the contrary, the V,0; nano-
particle with a lower MP (30.7 K) has a log(1/LCs,) value of
2.24. This is because the melting point is associated with the
solubility of the metal. With decreasing MP, the solubility in-
creases. The solubility determines its transport to the active
site within the cell and thus, the toxicity. Low-melting Meg,
NPs easily dissociate at body temperature (Fig. 12). The pres-
ence of heat makes the molecules vibrate faster and break
their intra-molecular bonds. Since nanoparticles have fewer
bonds compared to their bulk counterparts, it becomes easier
to break them.

The periodic table descriptor . represents the oxidation
number of the metal. The oxidation number reflects the hypo-
thetical charges in an atom. Electronegativity indicates the dis-
tribution of electrons in a molecule, and it can also determine
the oxidation number of the atom. The oxidation number indi-
cates the oxidation power of the metal in a particular environ-
ment. The transition metals may exist in different oxidation
states as they have partially filled d- and f- shells (Fig. 13). An
atom with fewer valence electrons will have a lower oxidation
state, and atoms with a lower oxidation state are more harmful
than those with a higher or stable oxidation state due to their
tendency to become oxidized.*® An atom bearing a negative oxi-
dation number has higher electronegativity, whereas an atom
with a positive oxidative number will have low electronegativity.
The electronegativity is responsible for the catalytic properties of

Promotion of
electron to higher

Fig. 13 Electron removal with electronegativity.
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the cationic form of the metal. The negative coefficient of the
descriptor indicates that with decreasing descriptor value, the
electronegativity increases, and hence, cytotoxicity to the HaCaT
cells increases as in the case of the nanoparticle TiO, (yox = 4,
log(1/LCso) = 1.76), and vice versa in case of the nanoparticle
CoO (yox = 2, log(1/LCs) is 2.83). The low-oxidation-state metals
are more toxic due to their tendency to be oxidized to a higher
oxidation state.

2nd case study. The periodic table descriptor heat of fu-
sion (AH7), also known as the heat of enthalpy, is the change
in the enthalpy of a fixed amount of metal resulting from the
supply of energy, typically in the form of heat. Latent heat is
the amount of heat added or removed from the system to
cause a phase change in the system (Fig. 14). The latter
breaks the intermolecular forces and helps the system to ex-
pand by providing the necessary energy. The temperature at
which this takes place is called the melting point. Based on
the negative coefficient of the descriptor, a decrease in the
heat of fusion leads to an increase in cytotoxicity and per-
centage cell death. For the nanoparticle Sb,03, the heat of fu-
sion was 19.87 (k] mol™") and the% cell death was 15.3%. On
the other hand, the opposite was observed for the nanoparti-
cle In,0;, for which the heat of fusion was 3.26 (k] mol™)
and the% cell death was 72.7%. The heat of fusion descriptor
is inversely proportional to the solubility, which means that
with decreasing heat of fusion, the solubility increases, thus
increasing the toxicity.

Reduction
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Fig. 14 Mechanism of the heat of fusion.

Another descriptor influencing the cytotoxicity is the dose.
Understanding of the dose is very critical. Drugs that are bene-
ficial at a low dose can be detrimental at a high dose. The posi-
tive contribution of the descriptors indicates that increasing
the dose of nanoparticles with the same metal core can de-
crease the cell viability, as observed for the nanoparticle SnO,
(dose 1500, 82% cell death). On the contrary, with a decrease of
the dose for the same metal core, the cell viability increases, as
seen for the nanoparticle AL,O; (dose 50, cell death 5.1%). Rizk
et al*' demonstrated that oxidative stress and liver function
were greatly dependent on the dose and the exposure time of
the cells to the nanoparticles. He also mentioned that genetic
disturbance occurs at a higher dose and long duration. Studies
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have also supported the hypothesis that NPs increase free radi-
cals inside the cell in a dose-dependent manner. The catalytic
processes can initiate free radical generation until the NPs are
removed from the body or degraded.

SuM_Active_M_SM is the summation of the number of
metals and semi-metals in the nanoparticles. The toxicity phe-
nomena of metallic NPs are complicated and depend on vari-
ous physicochemical parameters. These NPs, with their unique
natures, may have different mechanisms and the amount of
toxicity may vary. It has also been observed that different nano-
materials stimulate certain mechanisms. The presence of metal
does not clearly correspond to an increase or decrease in toxic-
ity. The toxicity depends on the solubility, oxidation number,
etc. This descriptor contributes negatively to the toxicity, which
can be interpreted as an increase in the number of metals or
semimetals in the metal oxides leading to an increase in the
molecular size. Monovalent metal oxides are smaller in size
than the divalent or trivalent metal oxides. Therefore, with in-
creasing the number of metals in metal oxides, the cytotoxicity
increases, as in the case of the nanoparticle Sb,03, for which
the descriptor value is 2 and the% cell death is 11.6%; on the
other hand, the nanoparticle NiO having descriptor value 1 has
a % cell death of 87.4%. It can be assumed that an increase in
molecular size increases the size of the MeO, NPs and hence
interferes with the penetration of the NPs through the pores of
the HaCaT cells, leading to a less toxic effect.

The cationic charge (Cat charge) descriptor corresponds to
ions that bear a positive charge formed when the atom loses
an electron. The loss of electrons results in an overall positive
charge. Cationic charges are related to cytotoxicity due to

Tlonization potential

The pull on the electrons becomes stronger

due to reduction in the number of shells

Fig. 15 Mechanism of reduced toxicity due to increased cationic charge.
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Fig. 16 Mechanism of MeOx NP toxicity via various pathways. *ETC - Electron transport chain.

their electrostatic interaction with the negatively charged
membrane. The negative coefficient of the descriptor indi-
cated that an increase in the cationic charge decreases the cy-
totoxicity, as in the case of the nanoparticle ZrO, (cationic
charge = 4, % cell death = 2.9). On the other hand, decrease
in the cationic charge to a certain level increases the toxicity
towards the HaCaT cell line, as observed for the nanoparticle
ZnO (cationic charge = 2, % cell death = 99.07). Electronegati-
vity is the tendency to attract electrons. Weakly electronega-
tive atoms tend to lose electrons and form cations, whereas
strongly electronegative atoms acquire electrons and become
anions. Electronegativity decreases as the electrons in the va-
lence shell decrease. The decreased electronegativity makes
the atom electropositive. Electropositive atoms have high ion-
ization potentials, ie., they require more energy to remove
the electron from the valence shell. As the cationic charge in-
creases, the ionization energy moves from the 1st ionization
potential to a higher form. It is well known that the energy
required for the 2nd and 3rd ionization potential is much
higher than that of the 1st ionization potential. Electronegati-
vity is a function of the nuclear charge, i.e., the effective posi-
tive charge from the nucleus that an electron experiences. A
large effective nuclear charge corresponds to a strong attrac-
tion between the electron and nucleus. The effective nuclear
pull increases as the number of shells decreases, as
witnessed for the atomic radius descriptor in case 1. Thus, it
becomes tougher for the electron to leave its valence shell
against the strong nuclear pull (Fig. 15).

3.3 Mechanism of the toxicity

The increase in production and use of NPs increases the expo-
sure of humans and the environment to NPs. Humans are most

Environ. Sci.: Nano

prone to NP exposure through inhalation, ingestion, dermal
contact, or injection. When a human comes into contact with
NPs, the NPs cause toxicity via various mechanisms. The fea-
tures obtained from the modeled descriptors can explain the
mechanism of toxicity well. Periodic-table-based descriptors
such as ionic charge affect the interaction of NPs with the cell
membrane, which has a great impact on the induced toxicity
mechanism. The charged surfaces of the NPs can be described
by the electronegativity, thermal conductivity, and atomic radius
of the Meo, NPs. The presence of these descriptors promotes
the formation of the cationic form of the metal. The physical in-
teraction of the NPs with the cell membrane is mainly governed
by the cationic charge of the NPs. Due to the presence of a cat-
ionic charge, the NPs can easily enter the cell through endocyto-
sis. The electrostatic interaction of the NPs with the cellular
membrane produces cellular responses that have been identi-
fied as a paradigm for cytotoxicity. The presence of a highly elec-
tronegative ion also increases the catalytic properties of the
metal cation. Thus, electronegativity increases the toxicity of
nanoparticles through the Haber-Weiss-Fenton cycle.** Oxida-
tive stress depends on the concentration of the NPs, or in other
words, on the dose of the NPs. The VIP plot for the PLS model
also demonstrated the importance of the dose descriptor in
influencing cytotoxicity. The intracellular generation of oxidative
stress in the targeted cells may form a malondialdehyde mole-
cule, which triggers deterioration of the lipid membrane (lipid
peroxidation).*® Excessive production of ROS by NPs can dam-
age RNA and DNA (nuclear components) and interfere with cel-
lular signaling pathways, which may alter gene expression,
which ultimately stops the cell growth mechanism (Fig. 16). The
presence of metallic NPs also damages cells through cell mem-
brane permeabilization in a spatial manner. Metallic NPs bind
with the cell wall and lead to cell death. Co NPs (cobalt
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nanoparticles) produce DNA damage that leads to ataxia-
telangiectasia mutated (ATM) protein activation, which further
increases the phosphorylation of p53 and Rad 51 protein expres-
sion. The heat of the fusion and melting point descriptors in-
crease the solubility of the Meo, NPs. The NPs release metallic
ions to the cytoplasm; this is directly proportional to the dissolu-
tion rate of NPs in a particular size range.

3.4 Comparison with the previous work

This study focused on identifying the variables that govern
the toxicity of Meo, NPs toward HaCaT cells. Here, two
datasets of Meo, NPs having cytotoxicity toward HaCaT cells
were used. In the study by Puzyn et al.,’® quantum chemical
descriptors (Table 4) were used; these require a computa-
tional chemistry background to perform, are also computa-
tionally challenging. Generally, they are difficult to use due
to their mathematical and computational complexities. In ev-
ery case in which a different metal oxide is used, energy mi-
nimization and changing of the orientation of the Meo, is re-
quired before calculating the quantum descriptor. The use of
quantum descriptors also has some drawbacks. For instance,
determining the quantum descriptors for mixture nanoparti-
cles can be challenging, but it can easily be accomplished
with periodic-table-based descriptors. Quantum chemical de-
scriptors have failed to directly address the bulk effect of
nanoparticles.*® The periodic table descriptors obtained in
our model corroborate the findings of Puzyn et al.® obtained
from quantum chemical descriptors. It is worth mentioning
here that fundamental properties such as cation charge for-
mation of a metal oxide and LUMO and HOMO energies can
be easily explained from the information acquired from peri-
odic table descriptors in no time. Additionally, such informa-
tion is independent of the size range and does not require
energy minimization for descriptor calculation. The other
work performed by Choi et al.'® used two cell lines in the
same model. According to the OECD guidelines, to perform
any QSAR study, the experimental conditions must be same.
Thus, here we have selected the data corresponding to HaCaT
cells (only one cell line) with a specific assay method
(CytoTox-Glo). The developed models were found to be statis-
tically significant. We have also changed the endpoint to %
cell death for a better understanding of metal oxide toxicity.
A strict comparison was not possible in case of the 2nd
dataset due to differences in the model development proce-
dure, the use of a different cell line, and different assay
methods.

Table 4 Comparison with previously published work (dataset 1)
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4. Conclusion

The ever-increasing use of NMs in the form of nanoparticles
(NPs) in biomedical applications and consumer products has
raised concern about their safety to humans and the environ-
ment. Nanosafety has become an important part of nano-
education for future researchers and a high-demand research
area in recent times. The potential of NPs to cause undesirable
health effects in the environment and the susceptible part of
the human population could be seen as an alarm and a call for
preventive measures. The concept of nanotoxicology in the
medical sciences is needed for the safety evaluation of nano-
medicines for nanotechnology-based therapies and diagnostics
to identify the potential hazards they may cause after applica-
tion. The potential toxicity of nanoparticles, as well as their hu-
man toxicity, has prompted major scientific organizations to
assess the risks that may be associated with new nanoparticles.
Therefore, the present work was performed to identify the main
features governing the cytotoxicity in human keratinous cells
(HaCaT). Combining the calculated periodic table descriptors
with available experimental data allowed us to reveal and ex-
plain the features responsible for toxicity to the corresponding
cell line through the development of a predictive and validated
quantitative structure-toxicity relationship (QSTR) model. This
work demonstrated the toxicity profile of NPs toward HaCaT
cells derived from two datasets. The insights obtained from the
two datasets demonstrated that periodic table descriptors can
also predict the relevant features responsible for toxicity toward
these cells. The key factors influencing the toxicity of the NPs
were determined from the developed models (MLR and PLS).
From the MLR model, the atomic radius and thermal conduc-
tivity were found to increase toxicity through metal cation for-
mation. On the other hand, decreased melting point and in-
creased electronegativity of the atom were responsible for cell
death through ROS production and damage to DNA, mitochon-
dria, and lysosomes. The same observations were noticed in
the case of the PLS model, in which the heat of fusion, in-
creased cationic charge, and dose have a substantial effect on
the cytotoxicity. From the developed QSAR models, it was con-
cluded that major factors for toxicity were cation formation, in-
creased solubility, and the dose of the NPs. These features are
responsible for controlling the physicochemical properties of
metallic NPs to achieve safe and reliable Mep, NPs. This work
opens a new horizon in terms of awareness and knowledge for
understanding NP toxicity. The nanotoxicology information can
help to design modern materials within a safe threshold with
optimal properties and minimal potential toxicity.

Number of data
Statistical parameters

points (n) R’ Quoo

Previous work (quantum descriptors)
Test set = 8

Current work (periodic table descriptors) Training set =11 0.95 0.83

Test set =5

This journal is © The Royal Society of Chemistry 2022

Training set =10 0.93 0.86

F

value 7,7, train Ar,” train Rag® Qr”° Q> Tn’,test Ar,” test
44.6 — — — 0.83 — — —

29.03 0.773 0.037 0.92 0.73 0.62 0.27 -0.505
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ABSTRACT
The demand for nutrients and new technologies has increased with population growth. The agro-
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technological revolution with metal oxide engineered nanoparticles (MeOx ENPs) has the poten-
tial to reform the resilient agricultural system while maintaining the security of food. When uti-
lized extensively, MeOx ENPs may have unintended toxicological effects on both target and non-
targeted species. Since limited information about nanopesticides’ pernicious effects is available, in
silico modeling can be done to explore these issues. Hence, in the present work, we have applied
computational modeling to explore the influence of metal oxide nanoparticles on the toxicity of
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bronchial epithelial (BEAS-2B) and murine myeloid (RAW 264.7) cells to bridge the data gap relat-
ing to the toxicity of MeOx NPs. Initially, partial least squares (PLS) regression models were devel-
oped applying the Small Dataset Modeler software (http://tegip.jdvu.ac.in/QSAR_Tools/DTCLab/)
using four datasets having effective concentration (ECs50%) as the endpoints and employing only
periodic table descriptors. To further explore the predictions, we applied a read-across approach
using the descriptors selected in the QSAR models. Also, the inter-endpoint cytotoxicity relation-
ship modeling (quantitative toxicity-toxicity relationship or QTTR) was conducted. It was found
that the result obtained by nano-read-across provided a similar level of accuracy as provided by
QSAR. The information derived from the PLS models of both the cell lines suggested that metal
cation formation, and bond-forming capacity influence the toxicity whereas the presence of metal
has an influential impact on the ecotoxicological effects. Thus, it is feasible to design safe nano-
pesticides that could be more effective than conventional analogs.
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agricultural areas due to globalization has also
demanded large-scale food production. The applica-
tions of innovative and unique nano-sized particles
as nanopesticides are used extensively to improve
crop production. These nanopesticides and nanofer-
tilizers in different forms in agriculture enable direct
exposure of metal oxide engineered nanoparticles
(MeOx ENPs) to the environment (Colman et al.
2018b) . The extensive use (nearly 4 million tons) of
a large number of metal oxide nanoparticles in the
form of nanopesticides annually may enter the
agro-ecosystem through a direct or indirect applica-
tion (Simonin et al. 2018). Only a small portion of
nanopesticides may reach the targeted organisms
leaving a large portion in the ecosystem as poten-
tial hazards. The higher availability and low degrad-
ation of nanopesticides may result in unwanted
toxicity to the non-targeted organisms. Therefore,
several parameters need to be investigated in
depth that may be a strong drive on an exploration
of environmental fate and ecotoxicity of nanopesti-
cides. The European Union (EU) Regulation 1107/
2009 characterizes the novel nanopesticides for
plant protection products in Europe (EFSA 2011;
Kookana et al. 2014). The rate of metal oxide appli-
cation in nanopesticides far exceeds the rate at
which the toxicity studies are performed. The con-
ventional risk assessment methods are time-con-
suming for the vast application of newly approved
materials. Hence, an easy method that can predict
toxicity is required to keep up with the high and
low rates of tests. Computational methods are in
the fore line to investigate nanopesticides which
have the potential to cause ecotoxicity and provide
a viable tool to address experimental issues
observed during pesticide risk assessment. Chemical
legislative frameworks such as Regulation (EC) No
1907/2006 concerning the Registration, Evaluation,
Authorization, and Restriction of Chemicals (REACH)
have considered such non-experimental methods
reliable. Another Regulation (EC) No 396/2005 cov-
ers matters relating to allowed limits of residues in
food and the official controls. Regarding the safety
aspect of human and animal health, the European
Regulations (EU) No 283/2013 and (EU) No, 284/
2013 were set up for plant production products i.e.
PPP, and for data requirement of the active prod-
ucts used in nanopesticides.

Over the last years, many chemoinformatics pre-
dictive models (Nano-QSAR) have become a notion
to address the limitation of knowledge of nanoma-
terial behavior. But these predictive models cannot
efficiently address the problem of missing data for
nanoparticle toxicity. Hence, there is a lack of mod-
els that can fill the data gaps. For, instance nano-
read across approach is the technique to fill data
gaps based on external prediction for target com-
pounds (or untested) using source compounds. In
other words, the read-across method can predict
information of endpoints for one nanoparticle using
an experiment or calculated data from another
nanoparticle.

Thus, in absence of appropriate validated QSAR
models, the nano-read across approach can be an
attractive technique to fill the existing data gap for
toxicity analysis from a regulatory perspective
(OECD,2007). Read-across has been applied success-
fully to predict the toxicity of many compounds
(Gajewicz et al. 2015; Sizochenko et al. 2018; Ball
et al. 2016). Therefore, the current study focuses on
the application of an efficient approach that is cap-
able of predicting different properties of unknown
nanoparticles based on information derived from
limited data sources. It is known that metal oxide
nanoparticles are capable of generating inflamma-
tory responses (Buchman et al. 2019). The current
paper considers the toxicity of nanopesticides due
to metal oxide nanoparticles; therefore, bronchial
epithelial cell, that is, BEAS-2B data was selected to
determine the inflammatory response in the lung.
Further, a murine myeloid (RAW 264.7) cell line was
selected to determine the toxicity of the murine
mice, as we know that macrophages are resident in
many organs (e.g. lungs) and responsible for the
clearance of NPs, and murine myeloid macrophage
(RAW 264.7) cell lines act as excellent models for
mimicking human cell lines (Ganguly, Breen, and
Pillai 2018) during nanopesticides exposure. These
cell lines are commonly included in determining
cytotoxicity of engineered nanoparticles. Both cell
lines have been used extensively in the literature
for NP and ambient ultrafine particle (UFP) toxicity
studies, including assessment of cellular uptake
routes and study of a cellular stress response
(Batista Caixeta et al. 2020; Liu et al. 2013; Uboldi
et al. 2019).



Most of the predictive models reported in the lit-
erature use quantum chemical descriptors which
require computational resources and expertise;
however, despite these, these calculations may not
be very reproducible and transferable due to sev-
eral assumptions and approximations. The present
work uses periodic table descriptors which are eas-
ily obtainable, transferable, and reproducible.

2. Methods and materials
2.1. The dataset

The cytotoxicity data on RAW 264.7 and BEAS-2B
cell lines were taken from previously published lit-
erature (Zhang et al. 2012). The cytotoxicity data
were obtained from two different assay methods
(i.e. MTS and ATP) for a single cell line. A total of
four datasets were used for modeling purposes
with the half-maximal effective concentration in
the logarithmic (log (1/ECsq)) scale as the endpoint.
Here, four datasets containing 9 (Dataset 1), 10
(Dataset 2), 10 (Dataset 3), and 12 (Dataset 4)
MeOx ENPs respectively were taken for modeling
purposes. Merging compounds from two datasets
(ATP assay data) out of the four datasets from
RAW 264.7 and BEAS-2B cell lines, common eight
MeOx ENPs were used to develop the nano-quanti-
tative toxicity-toxicity relationship (nano-QTTR)
model. The same four datasets were also further
utilized for predictions wusing the similarity-
based approach.

2.2. Molecular descriptors

Molecular descriptors are used to encode the prop-
erties of MeOx ENPs. The complex behavior of
metal oxides complicates their descriptor calcula-
tions making it a difficult job for the QSAR research-
ers. Therefore, in the present study, 58 periodic
table descriptors were calculated which include
twenty-three  second-generation periodic table
descriptors calculated from the primary descriptors
(De et al. 2018), and 30 descriptors were taken from
the Elemental Descriptor Calculator software avail-
able from https://dtclab.webs.com/software-tools.
Additionally, some basic information about the met-
als was taken from the periodic table to encode the
cytotoxicity of RAW 264.7 and BEAS-2B cell lines.
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The details of descriptors are given in Table S1 of
the supplementary section.

2.3. Small dataset modeler for feature selection

The choice of appropriate structural characteristics
that can quantitatively describe the variation of the
MeOx ENPs’ structures is essential for computa-
tional modeling. This is because the general con-
cept of the read-across method is based on the
assumption that similar compounds will bear similar
responses to toxicity. Hence, to identify the struc-
tural features that can relate to the toxic features
of MeOx NPs to RAW 264.7 and BEAS-2B cell lines,
the Small Dataset Modeler software version 1.0.0
(Ambure et al. 2019) was utilized. The existing data-
set contains limited data for modeling, and han-
dling datasets with limited data points (less than
20) is problematic for statistical model development
as lower degrees of freedom lead to statistically
less interesting and unreliable models. The small
dataset modeler software (http://teqgip.jdvu.ac.in/
QSAR_Tools/) can handle the situation as it works
with the whole data set without training-test
splitting and cross-validates the models using the
double cross-validation technique. This software
performs dataset curation, ‘exhaustive’ double
cross-validation, and performs consensus predic-
tions as optimal model selection techniques. In the
Double Cross-Validation (DCV) strategy, the internal
loop (training set) is divided into a calibration set
and a validation set where the calibration set is
used for model development and model selection,
and predictivity is entirely checked by the valid-
ation set. In the case of Small Dataset Modeler soft-
ware (Ambure et al. 2019), the whole dataset is
used as modeling set in the inner loop (avoiding
the data splitting step in the inner loop). The mod-
eling set is constantly divided into all possible 'k’
combinations of calibration and validation sets.
The developed calibration set is used to develop
multiple linear regression (MLR) or partial
least squares models (PLS) using the genetic algo-
rithm-MLR (GA-MLR) technique (Devillers 1996;
Venkatasubramanian and Sundaram 2002). Again,
the validation set is used to derive the prediction
quality of the respective developed models. The
results obtained from the PLS models of BEAS-2B
cell and RAW 264.7 cell datasets were found to be
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statistically significant. The descriptors obtained
from the four PLS models with significant outcomes
were used in the read-across technique.

2.4. Read-across based predictions

After selecting appropriate descriptors from the
four PLS models, a machine learning approach
based on similarity measures was performed. This
approach uses the Quantitative Read-Across v4.0
tool available from our laboratory website (https://
sites.google.com/jadavpuruniversity.in/dtc-lab-soft-

ware/home). The Read-across approach uses
Euclidean distance, Gaussian kernel function, and
Laplacian kernel function-based similarity techni-
ques. This method requires optimization of hyper-
parameters, that is, sigma and gamma values;
distance, and similarity thresholds. The best result
obtained with the specific hyperparameter was
selected as the final set to get the desired outcome.
All four datasets were divided into a training set

MeOx NPs data collection
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Figure 1. TheRead-across flow diagram.
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(source compounds) and a test set (target com-
pounds). Since the dataset was small (less than 20),
conventional dataset division, that is, 70% data
points in the training set and 30% in the test set
does not appear to be satisfactory. In such a case,
the number of test set compounds would be very
limited to check the quality of predictions. For read-
across predictions, ‘many’ source compounds are
not usually required as the limited number of close
source compounds would be sufficient to make effi-
cient predictions. Therefore, 50% division was opted
(Gajewicz 2017), and the division was done ran-
domly many times to further avoid any bias dur-
ing modeling.

The read-across method
Figure 1.

is well illustrated in

2.5. Nano-QTTR model development

The common eight compounds were taken from
the ATP assay of both BEAS-2B cell and RAW 264.7

with the least
MAE and
higher
QF QPFaare
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cell datasets with cytotoxicity values (ECs50%), for
model development. It is interesting to note that
initially without any chemical descriptors, just sim-
ple linear regression was performed between the
cytotoxicity data of both BEAS-2B cells and RAW
264.7 cells. The encouraging results from the MLR
model inspired us to develop the nano-QTTR
model. Subsequently, identification of the most
relevant descriptors from the pool of fifty-eight
descriptors was done employing the stepwise
regression technique (stepwise-MLR) (Darlington
1990). Along with the selected descriptors, the cyto-
toxicity of one of the cells was used as the pre-
dictor variable to predict the cytotoxicity of the
other cell using the partial least squares (PLS)
method (Wold 1995) (Figure 7). As we know that
finding a large number of data points relevant to
MeOx ENPs is difficult, therefore QTTR models may
give us the insight to predict MeOx ENPs’ toxicity
to various species despite a limited number of avail-
able datapoints and help in data gap filling. The
experimental values of the eight metals were avail-
able for the ATP assay methods (Dataset 1 and
Dataset 4) and not for the MTS assay methods
(Dataset 2 and Dataset 3). Therefore, these were
not applied in QTTR modeling.

2.6. Statistical validation metrics

The validation of the developed model is crucial for
the QSAR study. Multiple rigorous assessments were
performed to determine the predictability, stability,
and robustness of the developed models. All the
models were evaluated as per the OECD guidelines.
Here, we have computed coefficient (R?), leave-one-
out determination coefficient (Q%*oo), and mean
absolute error (MAE) (Roy et al. 2016). Additionally,
rm> Metrics (Roy et al. 2012) for the final PLS mod-
els (Wold 1995) were also calculated.Furthermore,
Q% and Q2,, RMSEP, and MAE were also calcu-
lated for read-across prediction.

For compliance of the developed models with
the OECD guidelines for applicability in regulatory
purposes, the following principles were applied:

Principle 1 (a defined endpoint): The responses
being modeled in the present work for the differ-
ent datasets were measured under identical

NANOTOXICOLOGY . 5

conditions. Thus, the QSAR models were devel-
oped following the 1st OECD principle.

Principle 2 (an unambiguous algorithm): Various
chemometric tools based on specific algorithms
were employed for the calculation of the different
categories of descriptors and subsequent QSAR
model development using specific software pack-
ages. Thus, the model development pathway
employed for the present studies follows a definite
algorithm.

Principle 3 (a defined domain of applicability):
The domain of applicability of all the statistically
significant PLS QSAR models was analyzed using
the DModX method. Thus, the selection of the
best QSAR model was done in corroboration with
this principle.

Principle 4 (appropriate measures of goodness-
of-fit, robustness, and predictivity): All the
developed models were rigorously validated using
internal, external, and validation
approaches. The quality of fitness and the predict-
ive potential of the developed models were
assessed based on the different validation metrics
while the robustness of the models was judged
using the randomization approach. The selection
of the most significant models based on the
acceptable values of the various validation metrics
accounts for the compliance of the models with
the 4th guideline.

Principle 5 (a mechanistic interpretation): All the
descriptors appearing in the developed QSAR
models could aptly define the essential structural
attributes of the molecules imparting optimum
endpoint values thus signifying suitable mechanis-
tic interpretation of the developed models.

overall

3. Applicability domain

The applicability domain (AD) in QSAR (Gadaleta
et al. 2016) is the physicochemical, structural, and
biochemical space knowledge of the training set
compounds based on which the model has been
developed. Prediction of the new compounds is
possible when the new entity falls in the same
chemical domain of the modeled descriptors. AD
confirms the model assumption for which type of
compounds the model is reliably applicable.
Therefore, in this study, the AD assessment for the
developed PLS models was done by the DModX
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Figure 2. Flowchart of the present work.

approach, that is, distance to model in the X-space
with SIMCA 16.0.2 software. The AD was checked at
a 99% confidence level (D-crit 0.009998). The
whole workflow is well explained in Figure 2.

4, Result and discussion

Periodic table descriptors were used for modeling
four datasets (M1-M4) comprising 10, 9, 10, and 12
MeOx ENPs respectively (the details are given in
supplementary Tables S2-S5). First, the small data-
set modeler software (Ambure et al. 2019) was
employed to find out whether the datasets were
modelable or not. After developing statistically
significant models with the small dataset modeler
software, we have selected the modeled descriptors
to perform read-across to fill the data gap.
Furthermore, the inter-endpoint cytotoxicity compari-
son between BEAS-2B and RAW 264.7 cells was per-
formed to evaluate the toxicological characteristics
of MeOx ENPs. The models were validated according

to the OECD principles (OECD, Guidance of gruping
of chemicals, Organisation of Economic Cooperation
and Development, Paris, France 2007). The statistical
results are given in Table 1, and the values are
within the acceptable criteria. The AD of the four
PLS models was checked using DModX, that is, dis-
tance to model in the X-space with SIMCA 16.0.2
software. At a 99% confidence level, the AD test was
performed and all the compounds were found to be
within the critical value. No compound was outside
the AD as per the AD plot in Figure 3.

The order of importance of the descriptors of
four PLS models toward the cellular uptake was
determined from the Variable Importance
Projections (VIPs) (Figure 4). The descriptors are
ranked in decreasing order according to the VIP val-
ues. The developed PLS models were also validated
using randomization tests through randomly shuf-
fling (100 permutations) response data using SIMCA
10.0. software. Each random shuffle subsequently
generates a new set of Q° values which are plotted
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Figure 3. Applicability domain of the PLS models (M1-M4).

against the correlation coefficient with the original
and permuted Y values. The Q* and R? values
should yield an intercept that is below zero, indicat-
ing the robustness and applicability of the model
Figure 5. The obtained result showed that the mod-
els are not obtained by chance.

The loading plots were checked for the devel-
oped PLS models. The loading describes the rela-
tionship between the descriptors, that is, X variable
with that of the response, that is, Y. Through the
loading plot (Figure 6), the impact of descriptors on
the response can be easily understood. The descrip-
tors with a higher impact on the developed model
will be situated far away from the origin.

4.1. Prediction by the small dataset modeler

PLS regression models were developed using the
four cytotoxicity datasets of BEAS-2B and RAW
264.7 cells performed using the two assay methods
(MTS and ATP). The small dataset modeler version
1.0.0 software was employed to check the

Applicability domain of Dataset 3

"D-Crit(0.00998998)

24

EN

N

DModXPS[2](Norm)
W

=

(=

1 2 3 4 5§ 6 7 8 9 10 11 12

M4

modelability of all the datasets. The availability of
limited MeOx NP data restricted data division. The
whole dataset was used for modeling by the soft-
ware. The statistical results and modeled descriptors
along with their contribution are given in Table 1.
The results obtained from the PLS models of BEAS-
2B cell (Q* 00 = 0.655—0.871, R> = 0.931-0.956)
and RAW 264.7 cell (Q® oo = 0.946-0.969, R> =
0.964-0.982) were statistically significant. The defini-
tions of the descriptors obtained from the PLS mod-
els are given in Table 2.

4.2. Statistical aspects of the nano-QTTR models

The linear regression performed between cytotox-
icity data for the common eight compounds from
BEAS-2B cells and RAW 264.7 cells yielded a
squared correlation coefficient (R?) of 0.5 without
using any kind of calculated descriptors. To get a
more robust model, along with the response value
of one of the cells, some periodic table descriptors
were also included. Using the RAW 264.7 cell
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Figure 4. Variable Importance Projections (VIPs) of the PLS models (M1-M4).

response variable, the BEAS-2B cell cytotoxicity was
used as a predictor variable and vice versa. The
values of the leave-one-out cross-validation metrics
(Q%.00) Were 0.37 and 0.50 respectively. Therefore,
to get an interpretable and statistically significant
model, along with some periodic table descriptors,
the cytotoxicity of one cell type can be used as the
predictor variable for determining the cytotoxicity
of other cells.

4.2.1. RAW 264.7 cells and BEAS-2B cell toxicity
correlation

Considering RAW 264.7 cell toxicity as the response
and BEAS-2B cell cytotoxicity as a predictor variable
along with some calculated periodic table descrip-

tors, we have constructed a PLS model as below:
loggc soRawcell = —8.69557 — 0.22261log,sBeas cell
+ 4.4442X pctivm
(M
n=8R> =090, R2; =090, Q,_0.86,

LV =1, PRESS = 6.60254
In Equation (1), X_ActivM is a second-generation

periodic descriptor, which stands for the electro-
negativity of active metalloid/semi-metal.

4.2.2. BEAS-2B cell and RAW 264.7 cell toxicity
correlation

Similarly, in this case, BEAS-2B cell toxicity was
taken as the response, and RAW 264.7 cell toxicity
was considered as a predictor variable along with a
structural descriptor to develop a PLS model repre-
sented as Equation (2).

loggcsoBeas cell = 13.6745 — 1.2606logg- soRawcell

) i (2)
— 8.0142 Atomic radius

n=8R =098 R =0.99, Qfy,=0.66LV

=1, PRESS =100.7

In Equation (2), the atomic radius is a periodic
table descriptor that signifies the measure of the
size of the atom. It typically measures the distance
from the center of the nucleus to the outermost
shell containing electrons (Roy and Roy 2022). Thus,
it is evident that the toxicity values of the cell lines
are interrelated to each other. The MeOx NPs
responsible for murine cell line toxicity are also
toxic to human cells. The nano-QTTR models can be
employed for extrapolating cytotoxicity to BEAS-2B
and murine myeloid RAW 264.7 cells for metal
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Figure 5. Y randomization plot of the PLS models (M1-M4).

nanoparticles when the data for the other species
are available.

In the scarcity of experimental nanotoxicity data,
these results would indicate a new approach and
contribute to more possibilities for comprehensive
risk assessment of nanoparticles when cytotoxicity
data is missing for a specific cell line. The predicted
values are given in Table 3.

4.3. Chemical read-across analysis

Read-across (RA) is a similarity-based approach for
the prediction of a new compound referred to as
‘target compound’ based on the endpoint of other
similar compounds known as the ‘source’ com-
pounds. The similarity-based prediction method has
gained enormous attention owing to its success in
data gap-filling issues. In the present work, the
quantitative-read across approach based on similar-
ity for the four datasets was implemented using the

descriptors obtained from the four PLS models for
the four datasets. The datasets were divided into
training and test sets for performing the read-across
technique. In this work, we tried to maintain an
equal number of compounds in training and test
sets. Three similarities-based measures were
involved in this work namely Euclidean Distance
(ED)-based Gaussian Kernel (GK) Similarity-based,
and Laplacian Kernel (LK) Similarity-based predic-
tion. After optimizing the hyperparameters, that is,
o (sigma value) and y (gamma value) for all the
datasets separately, it was observed that the read-
across prediction was within acceptable criteria as
given in Table 4. The work was performed using
Read-Across-v4.0 (Banerjee and Roy 2022; Banerjee
et al. 2022; Chatterjee et al. 2022). The threshold
values for distance can range from 1 to O, similarity
threshold values from 0 to 1, and the numbers of
most similar training compounds from 2 to 10. The
sigma (o) and gamma value (y) range from 0-2.
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Figure 6. Loading plotof the PLS models (M1-M4).

4.4. Interpretation of the descriptors for the BEAS-2B cell toxicity model
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Interpretation

Example

BEAS-2B
cell toxicity

Model Descriptors

Model 1 Z_metal
Xox

Model 2 Electro Eqv

The atomic number of an atom is the charge number of the

nucleus. The increased electropositivity of the nucleus has
a stronger pull on the valence electrons preventing them
to leave the outermost shell. As a result, the valence
electrons cannot form a bond or influence ROS initiation
since the electrons cannot move out due to the strong
electropositive attraction of the nucleus.

The oxidation number or state reflects the electronic

configuration. A reducible oxide contains metal ions with a
maximum oxidation state, yet can be reduced to a lower
oxidation state within certain limits. Such metals contain
vacant oxygen vacancies after the loss of oxygen in the
crystal lattice that may exist in the bulk or on or
subsurface of nanomaterials (Baek et al. 2015). These
vacancies result in presence of reduced cations on the
surface of nanoparticles with Lewis base character. The
surface of Oxidizable oxides prevalently exhibits oxygen
vacancies associated with the oxidized metals that behave
like a Lewis acid, that is, they accept electrons. Concerning
their Lewis acid-base behavior, this nanoparticle vacancy
acts as a binding site, particularly for biomolecules that
may compose bio-corona responsible for adverse pathways

The electrochemical equivalent (Electro Eqv) of a chemical

element indicates the mass of that element (in grams)
transported by 1 coulomb of electric charge. It indicates
the kinetics of corrosion rate and estimates the oxidizing

La,03 and Sb,03; MeOx NPs with an

increase in atomic number show a
decrease in the toxic effect on the
cell. On the other hand, the reverse
phenomenon happens in Cr,03 and
Mn,05; MeOx NPs, where a decrease
in atomic number elevates the
toxicity of the cell.

The increase in the oxidation number

suggests that with the increase of
the oxidation number, more electrons
are removed from the metal oxide as
in MeOx NPs CoO and CuO, and the
metal results in the formation of
metal cation. Again, the opposite
happens in MeOx NPs Sb,03

and Ni203_

The Electro Eqv descriptor negatively

influences cytotoxicity in BEAS-2B,
and as the descriptor value
decreases, cytotoxicity increases just

(continued)
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Continued.
Model Descriptors Interpretation Example

power of metal in a specific environment. The number of as it does in MeOxCr,05. On the
valence electrons plays an important role here. This means contrary, an increase of the
that with an increase in the number of valence electrons, descriptor value decreases the
the descriptor value decreases. The lower oxidation state cytotoxicity as the wearing of the
elements are found to be more harmful than the metal reduces the toxicity from its
compounds with higher or stable oxidation states (Walker, oxide as in MeOxNPFe,0s.
Enache, and Dearden 2003). This metal ion can then
radically combine with the macromolecules present inside
the body and enhance toxicity through the
Haber-Weiss—Fenton cycle (Koppenol 2001).

Valence The first-generation periodic table descriptor Valence The negative contribution of this
measures the combining capacity of the metal with other descriptor suggests that an increase
atoms when it forms chemical compounds or molecules. of valence as in CoO MeOx NP
The different valence states of metal oxide exhibit different decreases the toxicity whereas the
characteristics and patterns of toxicity. decrease of the descriptor value as

observed in CuO increases the
cytotoxicity of the cell.
RAW 264.7 Model 3 Atm rad (A)  The size of the atom is associated with the distribution of This descriptor contributes negatively to
cell toxicity electrons around the nucleus. When electrons are closer to the cytotoxicity which means that
the nucleus, they are more tightly bound, thus creating a the latter explanation is justified as
higher electronegativity in the metal. Therefore, when the observed in MeOx NPs Yb203 and
atomic radius is increased, the electrons are not bound HfO2 where an increase of the radius
tightly, which results in a reduction in the oxide’s causes a less toxic effect than the
electronegativity, thus reducing the metal’s toxic effect. MeOx NPs CuO and ZnO having a
larger atomic radius.

Model 4  Mol_wt Mol_wt describes the molecular weight of the metal. This MeOx NPs Gd203 and La203, bearing
descriptor contributes negatively to RAW 264.7 cell high molecular weight has a low
cytotoxicity. This happens because as the weight increases, cytotoxicity whereas MeOx NPs CuO
the size of the metal oxide will also increase, and the and CoO with low molecular weight
penetration of the metal oxide through the cell will possess higher toxicity to RAW
become limited. Reducing the size of the metal oxides 264.7 cells.
increases the surface area, making the active size of the
metal more accessible for chemical, electrical, magnetic,
structural, and morphological interaction.

Netal Nmetal Stands for the presence of metals in the metal oxide As this descriptor contributes positively

nanoparticles. The higher number of metals in the NPs can
trigger more ROS production through the formation of
metal cation. The higher cation formation may further
accelerate bond formation with the protein in the
biological system which may increase the chance of metals
accumulating in the body making excretion difficult. The
persistent nature of metals can cause carcinogenic,
mutagenic, and teratogenic effects on the living cell that
may consequently cause disease and abnormal conditions
in the body (Briffa, Sinagra, and Blundell 2020).

toward RAW 264.7 cell cytotoxicity,
an increase of the descriptor value
increases the toxicity of the cell as
observed in MeOx NPs Co304,
whereas the opposite is observed in
MeOx NPs HfO2.

*The common descriptors from all the models are discussed.

4.5. Mechanism of toxicity

The assessment of the detrimental effects of nano-
pesticides on living organisms demands a compre-
hensive understanding of their potential impact on
the environment. Despite the benefits and the
requirement of an agro-food section, the enormous
use of agrochemicals has led to the emission of a
huge runway of pesticides into the environment.
Further challenges in toxicity assessment of nano-
pesticides arise from other sectors through contam-
ination of terrestrial and aquatic ecosystems and
incorporation of toxic ingredients in food for animal
and human consumption. Each of the individual
sectors has its complexity and should be dealt with
specific  consideration, especially when the

pesticides are present in low concentrations and
dispersed formed. Biotransformation of nanomateri-
als in the ecosphere may interact with various bio-
films or biological organisms that can determine
the fate, behavior, and persistence in the environ-
ment (Mu et al. 2014). It is noticeable that some ter-
restrial species come in direct contact with
pesticides and hence different interactions can
occur with or within the organism. The metal cation
released from the metal oxide exhibit higher bind-
ing and cellular uptake to the cell than the nega-
tively charged NPs. The charged particles induce
different perturbations to the cellular membrane
potential. The lower valence suggests the release of
metal cation through corrosion would depolarize
the cellular membrane and form holes. These holes
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Figure 7. Mechanism of toxicity to BEAS-2B cell and RAW 264.7 cells.

Table 2. Details of the modeled descriptors from developed PLS models (M1-M4).

SL. no. Descriptors Description Contribution
1 Z_metal The atomic number of metals —ve
2 20X Oxidation number —ve
3 Electrochemical equivalent (Eq) Mass of that element (in grams) transported by 1 coulomb of electric charge. —ve
4 Valence The valence of an element is the measure of its combining capacity with other —ve
atoms when it forms chemical compounds or molecules.
5 Mol_wt Relative molecular mass —ve
6 Nmetal Number of metals +ve

Table 3. Observed and predicted values for individual compounds for BEAS-2B and murine myeloid RAW 264.7 cells lines from

QTTR models.
Observed log (1/ Predicted log (1/ Observed log (1/ Predicted log (1/

ID Metal oxide EC50)BEAS-2B cell EC50)BEAS-2B cell EC50)RAW 264.7 cell EC50)RAW 264.7 cell
1 Cos0, —-1.37 —1.41 —1.35 —1.00

2 Cr,0; —1.55 —2.50 -1.07 —1.93

3 Ni,05 —-1.8 —1.75 —1.94 —1.10

4 Cu0 —1.38 —0.37 —1.16 —0.56

5 Mn,03 —-1.12 —2.06 1.1 —2.28

6 CoO —1.64 —1.83 —1.68 —1.06

7 Zn0 —0.56 0.27 —0.91 —1.71

8 La,03 —19.26 —19.02 —8.52 —8.09

lead to the initialization of metal cation inside the
cell as well as diffusion of the cytosolic content out
of the cell. The manifestation of the NPs is sup-
posed to be dependent on the size and morph-
ology of NPs. MeOx NPs can enter the cell through
various paths which in return depends on the size

and possibility of interaction with various surface
proteins and lipids, but the initial contact between
NPs and cell (Djurisi¢ et al. 2015) is usually through
electrostatics as shown by the Electro Eqv descrip-
tor. The decrease in size as indicated by the lower
Mol_wt descriptor is thought to be correlated with
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Table 4. Prediction quality of the features obtained from the PLS (M1-M4) models using the read-across approach.

Hyperparameters Statistical parameters
Distance Similarity

Feature combinations Hypothesis c Y threshold threshold Q2 Q2 MAE RMSEP
BEAS-2B cell M1 RA-ED 0.5 0.5 1 0 0.779 0.777 1.859 3.428
(9 MeOx NPs) RA-GK 0.993 0.993 0.506 0.622

RA-LK 0.583 0.580 3.485 4.707

M 2 (10 MeOx NPs) RA-ED 1 1 1 0 0.912 0.531 3.169 3.733

RA-GK 0.713 —0.525 5.962 6.734

RA-LK 0.703 —0.575 6.317 6.844

RAW 264. 7 cell M3 RA-ED 1.5 15 1 0 0.953 0.895 0.889 1.067
(10 MeOx NPs) RA-GK 0.784 0.519 1.432 2.284

RA-LK —0.062 —1.365 2.572 5.064

M 4 (12 MeOx NPs) RA-ED 1 1 1 0 0.833 0.832 1.875 3.113

RA-GK 0.937 0.936 1.307 1.916

RA-LK 0914 0913 1.432 2.236

The best model quality is shown in the bold face.

higher uptake into the cell. The toxicity of the NPs
inside the cell depends on their stability in the cel-
lular environment (Zhu et al. 2013). The acidic sur-
rounding of lysosomes can cause a redox reaction
as demonstrated by the decrease of yox descriptor.
The binding properties of the NPs are explained by
the Z_metal, as the decrease of this descriptor
increases the cellular interaction leading to damage
to the membrane and the production of ROS (react-
ive oxygen species). NPs can enter the mitochondria
(the powerhouse of the cell) and affect their func-
tion. The nuclear envelope inhibits the entry of
large NPs into the nucleus. The small-sized NPs
enter the nucleus and exhibit strong affinity with
the histones or other cell organelles through elec-
tronegativity. The NPs may cause decondensation
of nuclear chromatin in mice which is driven by
the interaction of NPs with the nucleus. The nano-
specific behavior also intrinsically depends on the
metallic nature of NPs used in pesticides as the
descriptor Npeta. Their toxicity is associated
with internalization and bioaccumulation by the
non-targeted organism (Firdaus et al. 2018; Fojtova
et al. 2019). Such interaction and bioaccumulation
may alter oxidative stress-dependent and -inde-
pendent pathways that affect proliferation and dif-
ferentiation. Other signaling pathways such as
MAPK, NF-xB, and DNA damage are responsible for
nanoparticle-induced oxidative stress. All these
events as in Figure 7 eventually cause the death of
the respective cell (Fraceto et al. 2020).

5. Conclusion

Advancement in nanotechnology has paved innova-
tions in the agro-food sector. Research work has

focused to develop a nanoscale formulation of pes-
ticides to enhance the efficacy and production of
food. Nanotechnology has provided us with enor-
mous opportunities while imposing a potential
threat to human beings and living organisms. The
small size particulates have raised a question about
their safety and their sustainability in the environ-
ment. It has been seen that the small-sized particu-
lates with a large surface area led to unintended
ecotoxicological effects on non-target organisms
when applied to the agricultural field. Therefore,
understanding the benefits and potential risks of
MeOx ENPs used in food as pesticides are urgent
and critical. Thus, in the present work, we have
tried to identify the main features governing the
toxicity of BEAS-2B and RAW 264.7 cell lines derived
from four datasets. Periodic table-based descriptors
were used to reveal the main features responsible
for toxicity to the corresponding cells through the
development of predictive QSTR  models.
Considering the knowledge and current ecotoxico-
logical status of MeOx ENPs, PLS regression and the
read-across approaches were used. Furthermore,
the interspecies toxicity correlation study was per-
formed between BEAS-2B and RAW 264.7 cells to
fill the data gap that needs to be addressed for
safer and sustainable use of pesticides. Particular
emphasis was given to determining the fate and
toxicological behavior of nanopesticides in the
environmental compartments. The studies examined
the role of metal cation formation, electropositivity,
binding capacity, and bioaccumulation of nanopar-
ticles in contributing to toxicity. The periodic table
descriptors that can be easily computed can suc-
cessfully explain the cause of toxicity. The



information derived from the PLS models of both
the cell lines suggested that metal cation formation,
and bond-forming capacity influence the toxicity,
whereas the presence of metal has an influential
impact on the ecotoxicological effects. All the
descriptors in the present study were found to have
a negative impact on the toxicity except number of
metals which has a positive impact. It is also worth
mentioning here that the toxicity depends on the
organism type. Therefore, the knowledge derived
from the work will not only help in data gap filling
but also help in substantial enhancement in efficacy
and stability of formulation of nanopesticides.
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ABSTRACT ARTICLE HISTORY
Metal oxide nanoparticles (MeOxNPs) can be made safer by under- Received 29 May 2023
standing the interaction between the immune system and nano- Accepted 15 June 2023

particles. A nano-quantitative structure-activity relationship KEYWORDS
(nano-QSAR) model can be used to evaluate nanoparticle risk Nano-QSAR; periodic table-
quickly and conveniently. The present work attempts to develop based descriptors; immune
nano-QSAR models to determine the inflammatory potential of system; MeOx NPs
MeOxNPs based on the THP-1 cell line. A comprehensive dataset

comprising 32 MeOxNPs was used to develop a regression model

with fold change (FC) of pro-inflammatory cytokine interleukin

(IL)-1beta (IL-1b) release in the THP-1 cell line as the endpoint.

Further, the same number of MeOx NPs with varying doses was

modelled for the cell viability [-In(p/(1-p))] endpoint. The results

obtained from regression models were statistically significant. The

descriptors obtained from the developed predictive models

inferred that dose, electronegativity and the presence of metal

ions and oxygen can be responsible for IL-1p leakage from the

THP-1 cell line. Based on our results, we can conclude that periodic

table-based descriptors, incorporated into the QSAR models, are

reliable for modelling pro-inflammatory potential. Researchers can

use these comprehensive results to design metal oxide nanopar-

ticles with lower toxicity and determine the cause of pro-inflam-

matory conditions induced by MeOxNPs.

Introduction

Nanoparticles provide an immense opportunity to prepare new materials with desired
properties due to their unique attributes. The rapid introduction of nanomaterial products
to the market makes nanomaterial research one of the fastest-growing contemporary
fields in research areas. It is believed that most of the products now available may contain
nanomaterials in them in one or the other form. The global nanotechnology market was
valued at approximately $14 in 2014 [1] with an annual growth rate of 20%. There is
a continuous demand for new materials with useful properties but less deleterious to the
ecosystem and human health [2]. The pace at which these nanomaterials are commercia-
lized has left the regulatory agencies struggling for proper models for their safety
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prediction. The ‘precautionary principles’ applied for veterinary chemicals and pharma-
ceuticals fail for nanomaterials which make serious consequences for their premature
translocation to the market. Therefore, a toxicity check of nanomaterials should be
a prerequisite for any kind of application. Nanomaterials are highly heterogeneous
which represents challenges for the assessment of their possible adverse biological
effects, which is more complex than drugs or other industrial chemicals. Different types
of nanoparticles are being used by industries but little has been known about their
possible toxicity (mutagenic and/or carcinogenic/toxic effect) [3]. Some recent finding
reports the toxicity of selected NPs and highlights the potential risk associated with the
engineering of such NPs. There is insufficient information regarding the harmful interac-
tion of NPs with biological systems and the environment. Regarding nanomaterials,
limitations stem from the absence of proper databases on their structures, physiological
properties and endpoints [4]. In addition, the toxic effect varies according to the physi-
cochemical properties and the same type of nanomaterials may exhibit diverse toxicity to
various biochemical conditions. Hence, knowledge gaps prevail due to a lack of data-
bases, rules for complement activation and inhibition and immune response predictions.

Organic chemicals are identical with predictable properties that can easily be
encoded with mathematical objects, i.e. molecular descriptors. On the other hand,
nanomaterials exist as a population of different forms and their effect upon interaction
with the biological system is context-dependent. As a result, a complete characteriza-
tion of nanomaterials is required to evaluate their toxicity profile. A subtle change in
the characteristics of NPs can lead to a change in the property of interest. Thus,
selecting the appropriate descriptors is crucial. At present, nano-descriptors can be
obtained either from experimental characterization or theoretical calculations. Ideally,
nano-descriptors should reflect the chemical composition, chemical structures as well
as physicochemical characteristics related to NPs [5,6]. In experimental characteristics,
there can be the constant implementation of new parameters that can change with
varying experimental conditions for different NPs. Thus, nano-descriptors derived from
experimentation conducted with diverse conditions or different protocols can intro-
duce additional sources of uncertainty for new NP descriptor calculation. However,
size-independent descriptors can be a good alternative for analysing NPs toxicity. The
achievement of such descriptors can exhibit toxicological responses without the
involvement of any kind of conditions. Periodic-table descriptors such as electronega-
tivity and the charge of the metal cation corresponding to a given oxide (xox) can be
easily calculated, and these basic properties are independent of the size range of NPs
nullifying a typical problem that many physical properties of NPs change for different
size ranges.

The ‘nanotoxicology’ term was first introduced by Oberdérster [7] in 2005, and much
modification has evolved ever since. It is now well referred to as ‘nanosafety’ which
studies the influence of nanomaterials on biological responses. Modern modelling meth-
ods, specifically, in silico methods that were developed to predict the biological effects of
drugs or chemicals, play an important part in leveraging the limited data. If a model can
exhibit the adverse biological effects of nanomaterials, then extrapolation of properties of
untested materials can be inferred from the developed models. Such approaches are well
adopted by regulatory agencies for prioritizing nanomaterials for mammalian and envir-
onmental toxicity testing.



SAR AND QSAR IN ENVIRONMENTAL RESEARCH e 3

Statistical methods such as Quantitative Structure—Activity Relationship (QSAR) are
extensively used for the toxicity prediction of nanomaterials. Several researchers have
shown that nano-QSAR modelling can directly predict the toxicity of nanomaterials [8-
10]. However, only a few studies related to metal oxide nanoparticles have been
reported till now. Puzyn et al. [10] developed a model to describe the cytotoxicity of
17 metal oxide nanoparticles (MeOxNPs) to bacteria Escherichia coli using quantum
chemical-based descriptors to obtain a model with r* = 0.862. Another group of
researchers [11] established a nano-QSAR model for assessing the cytotoxicity of
MeOxNPs using metrics based on the dose-response analysis along with consensus
self-organizing map clustering for human bronchial epithelial (BEAS-2B) and murine
myeloid (RAW264.7) cells. Further using the same dataset, Toropov et al. [12] reported
QSAR models using CORAL software (web-based) with SMILES-based optimal descrip-
tors. Good internal and external results in terms of r? (Training) and r* (Test) values
falling within the ranges 0.740-0.837 and 0.83-0.96, respectively, were observed after
six random splits of data into training and test sets. However, most of the published
models were established with traditional toxicity endpoints, i.e. cell death. Beyond
merely killing living organisms, nanoparticles (MeOxNPs) cause subtle effects on the
immune system [13,14]. Some articles have considered the toxicity of MeOxNPs to
immune cells, but there is hardly any in silico prediction model for MeOxNPs involving
the immune system. The understanding of the effect of nanomaterials on the immune
system is still vague. It is believed that the reticuloendothelial system (RES) eliminates
NPs, but many studies have suggested the interaction of nanoscale particles with the
defence activities of immune cells, inducing strong immune responses via inflamma-
tion and toll-like receptor activation as evident from the release of a substantial
amount of the pro-inflammatory cytokine interleukin-1 beta (IL-1b) [13,15]. Therefore,
from the nano-safety perspective and for advancing toxicity assessment, predictive
modelling of the inflammatory potential of MeOxNPs on the immune system should
be performed.

Hence, we have developed here QSAR models to predict the inflammatory potential of
32 MeOxNPs. The whole work includes 1) developing interpretable QSAR models for
predicting the inflammatory potential of MeOxNPs, 2) validating and predicting the
models with independent MeOxNPs and 3) exploring MeOxNP induced inflammatory
mechanism.

Materials and methods
Dataset

The toxicity data used for model development were obtained from the literature [16].
Thirty-two MeOxNPs were analysed for fold change (FCy..1g) and cell viability. The doses
for the cell viability dataset were 100-200 pg/mL, which resulted in 54 data points. Here,
two datasets were used: dataset 1 with 32 MeOxNPs with fold change (FC,4g) as the
endpoint and dataset 2 with 54 MeOxNPs that have cell viability [-In(p/(1-p)), p being the
per cent cell viability] as the endpoint and considering 100-200 pug/mL doses.

We have changed the cell viability dataset endpoint to [-In(p/1-p)] for a better
understanding of the toxicity (Supplementary Materials S1). The release of cytokine
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interleukin (IL)-1beta (IL-1b) from the THP-1 cells and negative logit transformed
per cent cell viability [-In(p/(1-p))] were used as indicators for the toxicity assess-
ment and thus were used for further modelling purposes. The THP-1 cell line can
be used in immune system disorder research, immunology research and toxicology
research.

The Fold Changes of IL-1b production (FC,_;,) were expressed as the level of
MeOxNPs induced IL-1b release in THP-1 cells. It was calculated using the following
equation:

avg (Sample)

FCLpp=———
= avg (Control)

Here, avg (Sample) stands for the average level of IL-1b (ug/mL) induced by specific MeOx
NPs at each dose, and avg (Control) stands for the average level of IL-1b (ug/mL) for
untreated THP- 1cell lines.

Periodic table descriptor calculations

We have taken some of the basic pieces of information from the periodic table to calculate
descriptors for MeOx NPs. The metal’s information was taken directly from the periodic
table and calculated with the Elemental Descriptor Calculator software available from
(https://dtclab.webs.com/software-tools) are known as the first-generation periodic table
descriptors, and those calculated using some relevant formulas are known as the second-
generation periodic table descriptors [17]. A total of 44 descriptors were calculated out of
which 28 were first generation and 16 were second generation periodic table-based
descriptors. The list of second-generation descriptors and a few first-generation descrip-
tors are provided in Supplementary Materials S2 (Table S1). These descriptors were
calculated in no time which is convenient as well as cost-effective. It is worth mentioning
here that these descriptors are independent of nanoparticle size, and these descriptors
can be utilized in the mixture calculation of MeOxNPs which is problematic with quantum
chemical descriptors.

Model development

We have developed MLR (multiple linear regression) models with FC,. ., (dataset 1) and PLS
model with [-In(p/(1-p))] (dataset 2) datasets. For regression modelling at first, linear
regression was performed with the first set of data comprising 32 MeOxNPs (dataset 1).
After randomly dividing the training and test sets (70:30), feature selection was carried out
using the Genetic algorithm (GA). With the selected features, multiple linear regression was
performed using the MINITAB Software (MINITAB is a Statistical Software of Minitab Inc.,
USA; http://www.minitab.com) for model development. A schematic diagram of the whole
process is illustrated in Figure 1. For PLS regression modelling with the cell viability [-In(p/
(1-p))] endpoint (dataset 2), we have performed stepwise regression in MINITAB software.
Further, partial linear regression (PLS) analysis was performed with the features obtained
from the stepwise regression procedure followed by best subset selection (BSS) [18].
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Figure 1. Workflow of the present work.

Validation metrics

All the requisite internal and external validation metrics were computed using the
training and test sets, respectively, for the MLR models. The fitting potential of
regression-based models was determined based on some statistical metrics like the
determination coefficient (r%), the correlation coefficient of the model (Q?) and
root-mean-square error (RMSE) for internal prediction. External validation was
checked by the validation metric Q%;. The rm? metrics namely r,? and Ar,?
developed by Roy [19] were also employed for the present work. Further, the
reliability of the developed MLR model developed using 32 data points was
checked on a true external set using the PRI (Prediction Reliability Indicator) tool
from the DTC website (https://dtclab.webs.com/software-tools). The reliability of
predictions was checked on 37 MeOx NPs that lacked experiment data. This tool
categorizes the quality of prediction of true external set into three groups i) good
(with composite score 3), ii) moderate (with composite score 2) and iii) bad (with
composite score 1) [20].
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Applicability domain (AD)

A QSAR model’s applicability domain (AD) defines the space of responses and
chemical structures in which it makes predictions with a given degree of accuracy.
The idea was introduced to avoid unjustified extrapolation of predictions. In this
study, we have checked the AD for the MLR model with the standardization
approach [21] along with the leverage approach [22,23]. Both approaches help to
determine whether the compound is within the chemical domain of the model or
outside. In the standardization approach, all descriptor values should follow a normal
distribution pattern. According to this distribution, most of the compounds should
be present within the mean + 3 standard deviation (SD). Any compound outside this
zone is considered dissimilar. On the other hand, the leverage approach considers
the leverage values (h) of the compounds; the prediction is said to be reliable if the
‘h" is less than the critical value (h*). The 'h* is calculated as h* = 3p’/,, where p'
stands for the modelled variables plus one and ‘n’ stands for the number of
compounds used in model development. The plot (William's plot) of leverages (Hat
diagonal) vs. cross-validated standardized residuals (R) helps to detect the outlier.
Compounds with cross-validation standardized residual greater than 2.5 standard
deviation units, i.e.>2.50 can be considered as outliers.

Results and discussions

Successful development of the QSAR model depends on the quality of biological
data. However, the available MeOxNPs data presented here are limited and are
sufficient for developing predictive models. Many authors have developed and
published QSAR models with a small number of data points [10,24,25]. The criter-
ion of a useful model is the difference between r* and Q%,, being less than 0.3.
With this, the MLR model (FC,.,g dataset) satisfies this criterion (r* = 0.893,
Q%00 = 0.86, Q% = 0.86). Equation (1) suggested that the developed MLR model
could be applied to evaluate the inflammatory potential of new, untested
MeOxNPs (Table 1). The results obtained from the cell viability [-In(p/(1-p))] dataset
(r* = 0.72, Q%00 = 0.53, Q%; = 0.66) with 54 data points and latent variable 4
Equation (2), could explain 72% of variance while it could predict 53% of leaving-
one-out (LOO) predicted variance. The scatter plots (Figure 2) suggest that the
models have good predictions.

The AD checked with the standardization approach showed that for Model 1, com-
pound no. 28 was an outlier in the training compounds, whereas there was no outlier
compound in the case of Model 2. No compound was found to be outside the applic-
ability domain for the test sets for models, as per the William plot (Figure 3).

Table 1. Results of MLR and PLS models with FC ;g and -In (p/ (1-p) endpoints, respectively.
Model Descriptors Number of data points Endpoints r Qoo @

MLR (M1) Nmetal, Xy, atomic radius 32 FCig 0.893 0.86 0.86
PLS (M2)  ZX y Vpg, atomic radius,dose, Sx 54 -In (p/(1-p))  0.72 053 0.66
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Figure 3. William's plot of the FC ;5 (M1) and -In (p/ (1-p)) (M2) models.
Model 1 (Fold change)

FCu_1pg = —32.2+ 30 N_metal —13.4 Xx + 14.9 atomic radius (1)

Nigain = 24, 1> = 0.893, Q%o = 0.86, PRESS = 1637.56,F = 55.60,s = 7.80424

Ntest = 8, Qé1 =0.86

N_metal is first generation periodic table descriptor. This descriptor indicates the
number of metals present in the MeOx NP. For example, if the MeOx NP contains
one metal in the MeOx NP, then the descriptor value would be one and so on. This
descriptor contributes positively towards the Fold Change (FC ;..;g) endpoint which
suggests that with an increase in metal number, the FC ;g increases. The aforesaid
statement can be well understood from the PrgO;; MeOx NP where the descriptor
N_metal value is 6 and the FC ;g value is 95. In contrary, ZnO MeOx NP bearing
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N_metal value 1 represents an FC ;g value of 0.29. Thus, it can be clearly depicted
that the N_metal descriptor has a significant effect to the toxicity. Certain metals have
been reported to seriously affect the immune system potentially causing ill effects to
health. The presence of metal, depending on its concentration, route of entry and
duration of exposure may lead to immunosuppressant or stimulation of immune cell
activity. The metal oxides alter the expression level of adhesion molecules along with
chemokine receptors, i.e. the key factor associated with immune response. This altera-
tion affects the T-cell proliferative response to mitogens and chemotaxis [26]. The
induction of metals can form metal-protein aggregates through metal co-ordinate
bond formation, eventually causing pro-inflammatory function by the assembly of
NLRP3 (NACHT, LRR and PYD domain-containing protein) and inflammasome initiating
IL-1B release from the cell [27].

Yx stands for the summation of electronegativity of the metals present within the
MeOx NP. This descriptor contributes negatively towards the inflammatory effects
which suggest that with the increase of the descriptor, the toxicity decreases
whereas the opposite takes place on the decrease of the descriptor value. This
observation also was in agreement with the result that Coz;0, MeOx NP with low
electronegativity tends to induce more inflammatory potential than Sm,0; MeOx NPs
with higher electronegativity. The MeOx NPs with less electronegativity will have less
valence shell electrons, which turn means that its oxidation number is less. From the
previous studies, we know that metals with less oxidation number are more harmful
than higher oxidation number [28]. The tendency of a metal to gain its higher
oxidation state disrupts cellular processing through the generation reactive oxygen
species (ROS) which reduces the antioxidants of the cell and increases stress within
the cell [29]. The MeOx NPs with less electronegativity can easily enter the cell
through phagocytosis. The increased cell stress can further modify the immune
system and down regulate the cortisol receptors. This down regulation, in turn,
enhances the cytokine-mediated inflammatory processes by reducing respond of
cell to anti-inflammatory signal or stimuli [30].

The third period descriptor of the model is atomic radius. This descriptor mea-
sures the size of the element, usually, it is the typical measurement of distance
from the nucleus to the outermost isolated electron. With an increase of the atomic
radius, the formation of metal ion becomes easier since with the increase in the
number of shells, there is an increase of shielding effect and the outermost
electrons in the valence shell do not experience the counter-positive pull from
the nucleus. The positive contribution of the descriptor suggests that MeOx NPs
with a high descriptor value will have high potential to cause inflammatory effect
as in La,03 MeOx NPs with descriptor value 2.74 have a FCj__,g value 38.63, whereas
CoO MeOx NPs with less atomic radius value 1.53 tends to cause minimum effect
on the inflammatory potential with 0.31. The metal ion releases through corrosion,
binds with the serum protein and forms hapten or hapten-like complexes which
trigger the immune system. Some metal ions induce an increased level of super-
oxide anions that indicate neutrophil stimulation [31,32] and may bind to phos-
phorylated cellular molecules which play a major role in cell signalling. By binding
to such messenger pathway, MeOx NPs may interfere with the signalling pathways
and the immune function.
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Model 2 (Cell viability)

b))
—In(p/(1 —p)) = — 6.85457 + 0.01647 dose — 4.51478 —&-8.48%
— 0.05770 atomic radius + 0.02652 valence electron potential
— 0.42535 Yy

()

Nigain = 41,1° = 0.72, Qfoo = 0.53, PRESS = 138.486,F = 16.62,5 = 1.67892,
A%y 100y = 0.0791, 72, 00) = 0.5056, LV = 4

Ntest = 13,Q¢ = 0.66,Ar2, | o) = 0.1866,72, | 55 = 0.553

Dose of any metal oxide plays an important role in causing the inflammatory potential.
This descriptor positivity contributes towards the release of cytokine from the cell. Higher
the dose, greater is the release of cytokines from the respective cell as observed in La,05-7
MeOx NP (where dose is 200 pg/mL and log, (FC 1) is 5.27), whereas a low dose is not
that much influential as observed in Sm;03-1 MeOx NP (where dose is 3.1 ug/mL and log,
(FC iL-1p) is 0.07). The effect on T-cell depends on the route of administration and also on
dose of the NPs. Increased expression of cells and adverse effects have been observed at
higher doses of MeOx NP. This observation is supported by some literature report such as
that CeO,, TiO, NPs and Al,O3 activate ERK (1, 2); this activation is dose-dependent and
does not activate at lower dose. ZnO NPs or Zn** salt was also dose-dependent, and
phosphorylation of ERK (extracellular signal-regulated kinases) is only detected at higher
concentration of Zn?" ions [33]. Chen et al. [34] have also demonstrated that TiO,
nanoparticles not only dose-dependently increased histamine secretion but also
increased cytosolic Ca** concentration in rat mast cells.

The valence electron potential (Vpg) descriptor provides a quantitative indication of
elements reactivity and is based on the charge of the valence electrons and the ionic
radius. This descriptor contributes positively towards - In(p/((1-p)). An increase of the
descriptor value (220 eV) as observed in MnO, MeOxNP causes an increase in cell death
(4.027) compared to the lower descriptor value (40.71 eV) in La,03 MeOxNP where cell
death is —1.57. The charge of the atom describes the detachment of the metal from the
metal oxides. It is determined by the equation.

—ev = kn/r

Here, 'k’ expresses the force exerted by the valence electron in volts which is equated to
14.33, 'n’ is the valence and ‘r' is the ionic radius. Valence electron is furthest from the
nucleus and is removed by spending less energy. Therefore, the electron relatively away
has a smaller (1/r) value so the energy is larger. Decreased interaction of the nucleus is the
principal reason why electrons away from the nucleus are higher in energy than the
electrons near to the nucleus [33-36]. The charge and radius ratio of the metal ion
indicate the distance between the ion and another charge present, and the size of the
electrostatic force created thus defines the index for ionic bond formation.
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The (Zx)/nO descriptor stands for total metal electronegativity in a specific metal oxide
relative to several oxygen. This ratio gives information on the electronegativity of the
atom with respective number of oxygens present in the MeOx NP. With an increase of
electronegativity, there is a decrease of count cell death. The same observation was also
observed in the case of the fold change (FC,..,5) endpoint. The positive coefficient of this
descriptor suggests that with an increase of the ratio as in CuO (1.9) there is an increase of
cell inflammatory potential (6.9), whereas the reduction of (Xx)/nO ratio (0.56) decreases
cell inflammatory potential (—3.37) as in CeO, MeOx NP. This descriptor also considers the
presence of oxygen and indicates the effect of oxygen towards the inflammatory poten-
tial. The increase of the number of oxygens relative to electronegativity enhances the
change of reactive oxygen species which led to stress in the cell. Inflammation and
environment oxygen levels are linked with each other. Low level of oxygen count gives
a high ratio; therefore, a low level of oxygen or hypoxia can lead to inflammatory
condition to the cell.

It is to be noted that electronegativity (x) has a positive contribution but summation of
electronegativity (Xx) has an opposite contribution. Therefore, it can be inferred that
electronegativity describes the tendency to attract electrons. Metals with low x tend to
attract electron towards itself or metals with low y tend to lose electron to oxygen atom.
Oxygen with more electrons traps protons (positively charged ions). Therefore, metals
with low x have high affinity towards protons than with MeOx NPs with higher . As per
the proton sponge effect [37,38] Figure 4, some nanoparticles enter the liposomal
compartment and sequester protons supplied by proton pump (v-ATPase). This retains
the proton functions which lead to retention of one CI™ molecule and two molecules of
water. Thus, it causes the rupture of lysosomal content, triggering excess IL-1b production
and inflammation. Therefore, this hypothesis is supported by the developed MLR and
classification models. Other common descriptors are described previously for other
models.
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Figure 4. Proton sponge effect.
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Evaluation of predictive ability of the developed MLR model for fold change

To further evaluate the performance of the developed MLR model (Equation (1)), new
MeOxNPs were selected to verify the performance of the MLR model that lacked inflam-
matory potential response experimental information. These MeOxNPs were not included
in the training set or test set. The ‘Prediction Reliability Indicator’ [39] tool was used to
categorize the quality of predictions for the external set into three groups i) good (with
composite score 3), ii) moderate (with composite score 2) and iii) bad (with composite
score 1). Three criteria were used: 1) mean absolute error of leave-one-out predictions for
10 most close training compounds for each query molecule [40]; 2) applicability domain in
terms of similarity based on the standardization approach [21]; 3) proximity of the
predicted value of the query compound to the mean training response [40] in different
weightage schemes for making a composite score of predictions depending on the
molecular features. Thus, we have collected 37 MeOx NPs as an external set (Table S2 in
Supplementary Material S2) to evaluate the predictive power of the developed MLR
models and found that out of 37 MeOxNPs, 34 MeOxNPs showed good predictions except
one (Tm,03) which had moderate prediction, while CeO, was found to be an outlier.

Features responsible for the inflammatory effect to THP-1 cells

To explore the hazardous effects of the MeOxNPs, the THP-1 cells were exploited to
examine the toxic impact of MeOxNPs on cell viability and inflammatory responses. This
was done since the behaviour of differentiated THP-1 cells is similar to monocyte-derived
macrophages [41] and phagocytic uptake is the prime pathway to remove non-soluble
particulates [42]. We present a schematic diagram to collectively determine the inflam-
matory response of MeOxNPs. The regression models pinpointed that N_metal, X, atomic
radius, valence electron potential, (Xx)/nO and dose are the most determining factors for
inflammatory potential in THP-1 cells. The main feature derived from the developed
models, i.e. presence of metals, has been found to manifest allergic reactions towards
orthopaedic implants [43]. Another indication is the increased cytokines in the serum with
orthopaedic implants. The immune reactivity of metal ions is considered to be a type IV
hypersensitive reaction [44]. The presence of electronegative atoms triggers IL-13 produc-
tion and tends to rupture lysosomal content from the cell. IL-1f is involved in a variety of
cellular activities such as cell proliferation, differentiation and cell death. The higher dose
of the MeOxNPs also activates IL-1 productions which activates the NALP-1 caspase-1
inflammasome cascade and participates in the process of cell pyroptosis, characterized by
the release of massive cytokine levels [45]. Caspase-1 is generally present in inactive form
as procaspase-1 but can get activated by the inflammasome. The activation of inflamma-
some further stimulates the cleavage of pro-IL-1B by caspase-1, resulting in mature IL-13
that is released from the cells. This cascade of reactions further activates the receptor in
a paracrine manner producing pro-inflammatory gene products.

Comparison with the previous study

This study focuses on identifying the features governing the inflammatory potential
of MeOx NPs to THP-1 cells. The previous study by Huang et al. [16] performed the
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Table 2. Comparison of the previous work with present study.

No. of
Model Descriptors Method Endpoint compounds P Qo Qe
Previous model ~ Mainly Quantum Regression (PLS) FC-1B 26 0.89 0.87 0.80
Huang et al. descriptors
[16]
Present work Periodic table-based ~ Regression (MLR- M1) FC-1B 32 0.893 0.86 0.86
descriptors and (PLS-M2) =In (p/ (1- p)) 54 0.72 0.53 0.66

same study with 26 MeOx NPs (FC,..,g) applying machine learning techniques with
quantum-mechanical computations, experimental characterization and 5 periodic
table descriptors to generate QSAR models (partial least squares). The developed
model in the previous work showed a result of r* = 0.89, Q* = 0.87 and Q% = 0.80.
On the other hand, the present study used 32 MeOx NPs for modelling using multi-
linear regression method for generating a regression model using the in-house QSAR
modelling tools. Again, the per cent cell viability data was converted to logit form (-
In(p/(1-p))) to evaluate the toxicity profile of the reported metal oxides. This endpoint
was not modelled by the previous authors. The main novelty of the present work is
that the whole work was performed using only periodic based-table descriptors that
are computationally less demanding, independent of nanoparticle size and do not
require computational resources unlike quantum chemical descriptors. The result
obtained in the present model with periodic table-based descriptor showed similar
model quality (r* = 0.89, Q%, = 0.86, Q% = 0.86) with the previous work Table 2.
The features obtained from the MLR model (FC,-1) were also akin to that of the
previous study involving machine learning technique and quantum-mechanical
descriptors which are more complicated.

Conclusion

Safe implementation of MeOx NPs requires an intimate knowledge of biological and
nanomaterial interactions. Only a few nanotoxicological studies have investigated pro-
inflammatory effects. The pro-inflammatory cytokine release of THP-1 cells can be a good
indicator for MeOx NPs. The relationship of metal with the inflammation potential has
been focused on in the present study. Models for fold change (FC,..1) and cell viability [-
In(p/(1-p))] using QSAR MLR and PLS methods, respectively, were developed that included
the dose of MeOx NPs as a factor. The developed models were predicted and validated
rigorously following the OECD (Organization for Economic Co-operation and
Development) guidelines. The descriptors obtained from the developed models sug-
gested that the number of metal ions or an increased number of metals influences
inflammatory potential. Conversely, low electronegativity was found to be more detri-
mental than high electronegativity. We found that dose, low electronegativity and the
presence of metal ions and oxygen are connected to IL-13 leakage from the cell. The
metal ions can trigger inflammasome that leads to a cascade of reactions and activates IL-
1B productions as demonstrated in Figure 5. We suggest that MeOx NPs with lower
electronegativity (Xme < 1:55) have more inflammatory potential. Summarizing our results,
one can conclude that periodic table-based descriptors are efficient for modelling pro-
inflammatory potential giving rise to statistically sound QSAR models. Our results are in
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Figure 5. Mechanism of inflammatory potential with sponge effect, release of cytotoxins and
lysosomal leakage.

agreement with the literature sources. These comprehensive results and information can
be helpful for further research in designing NPs with lower toxicity and deriving mechan-
istic information on the cause of pro-inflammatory conditions due to MeOx NPs exposure.
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Abstract

Nanoparticles with their unique features have attracted researchers over the past decades. Heavy metals, upon release and emission,
may interact with different environmental components, which may lead to co-exposure to living organisms. Nanoscale titanium
dioxide (nano-TiO;) can adsorb heavy metals. The current idea is that nanoparticles (NPs) may act as carriers and facilitate the
entry of heavy metals into organisms. Thus, the present study reports nanoscale quantitative structure—activity relationship (nano-
QSAR) models, which are based on an ensemble learning approach, for predicting the cytotoxicity of heavy metals adsorbed on
nano-TiO; to human renal cortex proximal tubule epithelial (HK-2) cells. The ensemble learning approach implements gradient
boosting and bagging algorithms; that is, random forest, AdaBoost, Gradient Boost, and Extreme Gradient Boost were constructed
and utilized to establish statistically significant relationships between the structural properties of NPs and the cause of cytotoxicity.
To demonstrate the predictive ability of the developed nano-QSAR models, simple periodic table descriptors requiring low compu-
tational resources were utilized. The nano-QSAR models generated good R? values (0.99-0.89), Q2 values (0.64-0.77), and Q2F 1
values (0.99-0.71). Thus, the present work manifests that ML in conjunction with periodic table descriptors can be used to explore

the features and predict unknown compounds with similar properties.

Introduction
Nanoparticles (NPs) have gained much attention due to their  uninterrupted development of new NPs, engineered nanoparti-
widespread applications in different areas, and they are continu-  cles in the form of metal oxide nanoparticles are becoming a

ally designed to yield certain desired properties [1]. With the new area of research. Metal oxides have been used in different
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industries, and the market is developing rapidly [2]. According
to a recent analysis, approximately 1300 consumer products
containing NPs were marketed in 2012. As a common metal
oxide nanoparticle material, nanoscale titanium dioxide (nano-
TiO,) has been evaluated for diverse applications. TiO, has
been shown to be a promising material for practical applica-
tions because it is highly photoreactive, inexpensive, non-toxic,
chemically and biologically inert, and photostable. Also, nano-
TiO, exhibits high specific surface area and anti-corrosion and
photocatalytic properties [3]. It absorbs UV radiation and shows
self-cleaning ability. Nanoparticles have a susceptibility to
adsorb other substances to form a mixture leading to a shift of
toxicity to living organisms [4]. Hence, many studies have re-
ported cytotoxic characteristics of TiO, [5,6].

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

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

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

Recently, nanoscale quantitative structure—activity relationship
(nano-QSAR) models have been successfully applied to investi-
gate the toxicity of NPs. QSAR models for predicting the bio-
logical activity of 48 fullerene derivatives [15], 51 manufac-
tured nanoparticles with varying core metals, coatings, and sur-
face attachments [16], and 80 surface-modified multiwall car-
bon nanotubes have been reported. Another approach, namely
nano-read-across (nano-RA) [17], has been used to determine
the cytotoxicity of unknown nanomaterials based on structure
similarities with known substances. Materials with similar
structures are likely to produce similar toxicity through compa-
rable mechanisms. The development of machine learning (ML)
approaches, such as artificial neural networks (ANNS5), decision
trees, logistic regression (LR), support vector machines (SVM),
Naive Bayes (NB), random forest (RF), and k-nearest neighbor
(k-NN), can be used to construct models that simulate complex
relationships [18] and make predictions based on training data.

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

niques. Fine-tuning the model parameters through iterations
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helps to improve the model’s performance and makes it more

suitable for making accurate predictions for new, unseen data.

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

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

Table 1: Different concentrations of heavy metal salt samples in pmol/L.

Sample CdCl, ZnClo CuSOy4 NiCly
1 10 60 30 100
2 20 90 60 200
3 30 120 90 300
4 40 150 120 400
5 50 180 150 500
6 60 210 180 600
7 70 240 210 700
8 80 270 240 800
9 90 300 270 900
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Methods and Materials
Dataset

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

concentrations are given in Table 1.

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

Aexp - Ablank
S=—"——7—. 1)
Acontrol - Ablank

Here, S stands for cell survival rate, Aexp is the absorbance
value of the experimental group, A¢onerol 1S the absorbance value
of the control group, and Apj,nk is the absorbance value of the

blank control group.

Descriptor calculation

Based on the characteristics of metals, we used easily calcu-
lable periodic table descriptors. Simple molecular information
was generated time-effectively and cost-effectively. The previ-
ously used descriptors by Kar et al. [23] are the metal electro-
negativity (x), the sum of metal electronegativity for an indi-
vidual metal oxide (¥x), the sum of metal electronegativity for

Pb (NO3)» MnCly SbCls CoCly
100 100 5 10
200 200 10 20
300 300 15 30
400 400 20 40
500 500 25 50
600 600 30 60
700 700 35 70
800 800 40 80
900 900 45 90
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an individual metal oxide divided by the number of oxygen
atoms present in that metal oxide (X x/NO), the number of metal
atoms (NMetal), the number of oxygen atoms (Noxygen), the
charge of the metal cation in a given oxide (xox), and the mo-
lecular weight (MW). These descriptors are termed “first-gener-
ation periodic table descriptors”. The newly introduced sixteen
descriptors are denoted as “second-generation periodic table
descriptors” [24]. The computed descriptors for all metals are
reported in the Excel file in Supporting Information File 1. In
addition to being computationally less demanding, periodic ta-
ble descriptors are size-independent.

Splitting of data set and hyperparameter
tuning

The dataset was split into training and test sets before building
the model. The training set was mainly used to fit the model,
and the test set was used to measure the generalization ability of
the developed model. Theoretically speaking, the dataset was
divided based on a sorted response-based approach using the

in-house dataset division tool (https://dtclab.webs.com/soft-

ware-tools). In this study, the size ratio was set at 3:1 (training

set/test set) for dataset division.

In almost any ML algorithm, different models are trained for a
dataset and the best-performing model is selected. However,
there may be room for improvement, and hyperparameter
tuning can significantly improve the model. Here, the optimal
values of the hyperparameters of the models were obtained with
the GridSearchCV algorithm using the hyperparameter opti-
mizer tool (https://sites.google.com/jadavpuruniversity.in/dtc-

lab-software/home/machine-learning-model-development-

guis?pli=1). GridSearchCV tests all combinations of values in
the dictionary and evaluates the model using the cross-valida-
tion method for each combination. Therefore, we choose the
hyperparameter combination with the best average MAE results
from the validation sets.

Feature selection with random forest

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

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

Extreme Gradient Boost algorithms.

Model development

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

illustrated in Figure 1.

Random forest (RF)

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

Adaptive boosting (AdaBoost)

AdaBoost is one of the best boosting algorithms. It uses an en-
semble learning method. This approach of machine learning is
based on the idea of creating accurate prediction rules by com-
bining many relatively weaker and inaccurate rules and

assisting in alleviating overfitting issues. It is possible to make a
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Figure 1: Flowchart of the present work.

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

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

Gradient Boost (GB)

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

|

Modeling data

]

Applicability domain
check

Mechanism explained

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

Extreme Gradient Boost (XGBoost)

In a similar manner as described in [32], another ensemble ML
algorithm, XGBoost of tree boosting, uses a gradient-boosting
framework for efficient and scalable implementation perfor-
mance. Ensemble learning uses multiple predictions that are
multiple models for gradient enhancement and yields good
adaptability to outliers and continuous variables. It is an effi-
cient tool for dealing both regression and classification prob-
lems. The basic idea is to build “N” regression trees to train
each subsequent tree using the residual from the previous tree.
Models are built recursively until there is no improvement in
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the results obtained. The new models predict the residuals of the
prior model and then collectively provide the final predictions
[33]. The gradient descent algorithm is used to minimize the
loss while adding new models. Then, these individual predic-
tors or classifications are combined to give more strong and
more precise predictions. The workflow of the ML algorithm is
represented in Figure 2. Tuning can be done using the grid
search method.

SHAP analysis

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

conceivable coalitions. First, the dataset is incorporated into the

Beilstein J. Nanotechnol. 2023, 14, 939-950.

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

Model validation

A reliable model should pass the threshold values for different
internal and external validation metrics. Internal validation
generates the generalization ability and robustness of the model.
In contrast, external prediction is used to validate the model.
The most common metrics to measure internal quality are the
coefficient of determination (R and Q% o). Besides these, we
have also calculated the root mean square error (RMSE) of the
training set. The mean absolute error (MAEe)), the root mean

Decision Tree- 1

Training /

Set

Random Forest (RF) Algorithm

O

Decision Tree- 2 Decision Tree-n

}

Averaging

Data Set
Test
Set

Y

O

& @

) )

Feature selection by Hyper-parameter Machine Learning
Embedded method in Optimization Model development
RF ; |
Model Validation SHAP Analysis
S Hyper-parameter S o
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importance in random * Hyper-parameters are « Extreme Gradient * SHAP Plots are
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GridSearchCV 00s| determine Feature
method for respective * Adaboost importance
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N

Figure 2: Workflow of the ML algorithm.

N
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square error of prediction (RMSEP), Q?%F4, and Q*F, were used
for external validation or for the test set. The evaluation criteria
included are as follows: Q%1 oo and Q2?F, greater than 0.5,
RMSE between 0.2 and 0.5, and the closer the value of MAE is
to 0, the better [35].

Applicability domain (AD) analysis

After building the model, the applicability domain (AD) must
be considered. AD represents the domain that can be effec-
tively predicted by the model that is based on the training set
data. The samples within the domain of applicability can only
explain the reliability of the predicted values. A William’s plot
was used to determine the AD of the present work. The lever-
ages were calculated using the in-house Hi_Calculator-v1 Soft-

ware (https://sites.google.com/jadavpuruniversity.in/dtc-lab-

software/home?pli=1). The distance between the X value of the

i-th observation and all X values is represented by the leverage
value. It generally considers 3k'/N as the critical value or the
standard value (h*). Here, k' represents the number of descrip-
tors plus 1, and N represents the number of compounds in the
training set. If the leverage value is higher than 4%, the corre-

sponding compound is outside the AD.

Results and Discussion

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

Table 2: Statistical parameters and selected features from the developed
Method R? Q%Loo) MAEyan RMSEg Q%
Random 0.96 0.72 0.13 0.2 0.94
Forest
Gradient 0.99 0.77 0.06 0.08 0.82
Boost
Extreme 0.94 0.46 0.16 0.26 0.83
Gradient
Boost
AdaBoost 0.88 0.64 0.31 0.37 0.72

Beilstein J. Nanotechnol. 2023, 14, 939-950.

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

important role in determining the uncertainty of the predictions

Williams Plot
Training set
3 Test set

0.1 0.2 0.3 0.4 05

STANDARDIZATION RESIDUAL

4
LEVERAGES I

Figure 3: Williams plot.

ML models.

Q% MAEist RMSEp Optimized

hyperparameters

0.94 0.14 0.19 'max_depth': none,
'min_samples_leaf" 1,
'min_samples_split": 2,
'n_estimators': 80,
max_features: 1.0,
bootstrap: true,

random_state: 0

'max_depth'": 6,
'min_samples_leaf": 4,
'min_samples_split': 4,
'n_estimators': 130,
max_features: none,
random_state: 0

'booster': 'gbtree’,
'colsample_bytree': 0.3,
'max_depth': none,
'min_child_weight": 1,
'n_estimators': 70,
'subsample': 0.5

'loss': 'linear’,
'n_estimators': 170,
random_state: none

0.81 0.2 0.34

0.83 0.25 0.32

0.71 0.33 0.41
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of specific molecules based on how close they are to the
training set compounds used to develop the model. AD is a
valuable tool for the characterization of interpolation spaces

based on the modeled descriptors and response functions.

The applicability domain developed here is based on the fea-
tures of some specific heavy metal salts, that is, CdCly, ZnCl,,
MnCl,, CoCly, CuSOy, NiCl,, Pb(NO3),, and SbCls. The de-
veloped model should be applicable to other closely related
heavy metal salts.

Diagnosis based on SHAP value

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

Beilstein J. Nanotechnol. 2023, 14, 939-950.

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

Results of model validation for all ML

methods

In order to determine if heavy metals and TiO, nanoparticles
had any cytotoxic effects, the selected eight important periodic
table-based features were used. The final models developed
with RF, AdaBoost, Gradient Boost, and Extreme Gradient
Boost were evaluated using MAE;,in, RMSE;in, R?, and Q2
for the training set and MAE; ¢, MSE, RMSE,.;, Q%F|, Q*F,
metrics for the test set, and the results are shown in Table 1. Ac-
cording to the results, the MAE. (0.14) was found to be the
least for the test set in the RF method, followed by AdaBoost,

High High
conc woodnd 363 ¢S |3 meSiieme conc TS 120 Pleftidde . .
D) ¢ b L, atomic radius(pm) Ld LE L1 ..,!.‘.
atomic radius(pm) e rasde o Mol_wt Tl o
= S
= 3
IP_ActivM e g X - s
= o
Mol_wt =gl - 2 3
- s IP_ActivM “ §
P &
x of m b x of m *; - =
dde
D3_HeteroNonMetals § total atom in molecule +4
w
total atom in molecule Ll D3_HeteroNonMetals op
Low |
- - Low
. SHAPOSI ('?-.50 ct no; del IS t) " i =02 9.0 s g0
Value:impact.onimodes. outpu SHAP value (impact on model output)
RF Ada boost
High High
conc DR £ 3 T2 S S S conc o cdthmidicnud. oo
atomic radius(pm) [ RXE IP_ActivM TR
.ol q0
X &' 5 g X g
IP_ActivM R K] Mol_wt =i g - 3
o o
o =
Mol wt Sl . 3 atomic radius(pm) LR 2
- I3 @
' N “
x of m s = xof m 1 e
D3_HeteroNonMetals .
D3_HeteroNonMetals bad 4 =
4 total atom in molecule oo
total atom in molecule L ]
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Low 1.0 05 00 05 10 15
-15 -10 =05 00 0.5 1.0 15 SHAP value (impact on model output)
SHAP value (impact on model output)

Gradient boost

Figure 4: SHAP summary plot.

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

General mechanism of toxicity

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

the electronegativity, and the molecular weight of the heavy

20 times 5 fold Repetitive Cross-Validation
(R

RF
w05 GB {
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e
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w
o
o
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metal influence the survival rate of the HK-2 cells. It was ob-
served that conc, mol wt, atomic radius, and the total number of
atoms in the molecule were of high importance in all the
models. The increase of conc, mol_wt, and total atoms in a mol-
ecule is believed to increase toxicity. The toxicity of the heavy
metals is also time- and dose-dependent. Among many other
factors, the valence state plays an important role in toxicoki-
netics and toxicodynamics. Many studies have shown that an in-
creased concentration of heavy metals is correlated with the
severity of hepatotoxicity and nephrotoxicity [37]. Lead causes
toxicity through an ionic mechanism followed by the genera-
tion of reactive oxygen species (ROS). Another, biomarker for
ROS is lipid peroxidation [38] as free radicals cause lipid
peroxidation inside the cell membrane. The catalytic properties
of the metals are also responsible for an increased toxicity of
manufactured nanoparticles [39] (Figure 6). Electronegativity
and atomic radius influence the catalytic properties of the metal.
Metal cations also catalyze the lipid peroxidation process [40]
through enhancement of endocytosis and the intrinsic proper-
ties of the heavy metal. The toxicity is associated with internal-
ization and bioaccumulation in the HK-2 cells. The increase in

the concentration of heavy metals and their adsorption to nano-
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Figure 5: Cross-validation statistics based on 20 times fivefold repetitive CV and 1000 times shuffle split CV method (mean + SEM).
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Figure 6: General mechanism of toxicity to HK-2 cell by heavy metals.

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

Comparison with the previous work

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

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

Descriptors Method  R? Q%Loo)  MAEyain
periodic table-based random 0.96 0.72 0.13
(current study) forest

quantum mechanical  random 0.85 0.70 —
(Sang et al.) forest

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

previous work.

Conclusion

We have performed cytotoxicity modeling of eight heavy metal
compounds adsorbed on nanoscale TiO, regarding HK-2 cells
and explored the features responsible for the toxicity mecha-
nism. Many studies have examined the co-exposure of metal
and metalloid mixtures with heavy metals. The co-exposure
may also be affected by dose variations at the biomarker level.
Also, co-exposure in humans was found to lead to more
profound renal damage than exposure to each of the elements
alone. Hence, to elucidate the features responsible for the toxic-
ity, in the present study, ML algorithms were applied along with
periodic table descriptors for QSAR modeling. Experiment-in-
dependent periodic table descriptors produced better results
than quantum chemical descriptors in previous studies. The
periodic table descriptors used in QSAR models have strong

RMSEc Q% Q% MAEist RMSEp
0.2 0.94 0.94 0.14 0.19
0.06 0.86 0.85 — 0.10
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theoretical guidance, which can help scientists design new enti-
ties with expected properties. As a part of the model develop-
ment process, periodic table descriptors can be used in conjunc-
tion with other descriptors that are compatible with them. The
periodic table descriptors are not only less computationally
demanding but also independent of the size of the particles. The
ML algorithm with periodic table descriptors has helped to
evaluate the cell survival rate of HK-2 cells in less time and at
less cost than using expensive quantum chemical descriptors
and experimental descriptors. Among all algorithms, the
random forest model shows the best prediction ability with
0?%F1 = 0. 94 and MAE,., = 0.14 for the test set. Hence, a good
feature selection method reduced the computation time re-
quired to train a model. The SHAP analysis also emphasized the
most significant features contributing to the model. We have
proposed also a generalized mechanism for the most impactful
features generated by the model. As a result, periodic table
descriptors and machine learning can be used together to deci-
pher features of unknown compounds and predict compounds
that are similar.
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Abstract

A comprehensive knowledge of the physical and chemical properties of nanomaterials (NMs) is necessary to design them effec-
tively for regulated use. Although NMs are utilized in therapeutics, their cytotoxicity has attracted great attention. Nanoscale quan-
titative structure—property relationship (nano-QSPR) models can help in understanding the relationship between NMs and the bio-
logical environment and provide new ways for modeling the structural properties and bio-toxic effects of NMs. The goal of the
study is to construct fully validated property-based models to extract relevant features for estimating and influencing the zeta poten-
tial and obtaining the toxicity profile regarding cell damage in the treatment of cancer cells. To achieve this, QSPR modeling was
first performed with 18 metal oxide (MeOx) NMs to measure their materials properties using periodic table-based descriptors. The
features obtained were later applied for zeta potential calculation (imputation for sparse data) for MeOx NMs that lack such infor-
mation. To further clarify the influence of the zeta potential on cell damage, a QSPR model was developed with 132 MeOx NMs to
understand the possible mechanisms of cell damage. The results showed that zeta potential, along with seven other descriptors, had
the potential to influence oxidative damage through free radical accumulation, which could lead to changes in the survival rate of
cancerous cells. The developed QSPR and quantitative structure—activity relationship models also give hints regarding safer design

and toxicity assessment of MeOx NMs.

Introduction
Engineered nanoparticles have become an integral part of our  tion of nanomaterials (NMs) is hindered because of potential

daily lives in consumable products and commercial goods. adverse effects. It is believed that small particles can enter the

Their versatile tunable properties have made nanomaterials a

center of innovation in different areas [1]. However, the innova-

body through inhalation, ingestion, and skin penetration and

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

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

Methods and Materials

Dataset

The study is based on two datasets, that is, dataset I (zeta poten-
tial) and dataset II (cell membrane damage). Dataset I consists
of 18 metal oxide nanoparticles (MeOx NPs) with stoichiome-
tries of MO, MO,, MO3, M503, and M30,. This data was ob-
tained from Cao et al. [26], where the zeta potential of MeOx
NPs was measured in a cell culture of 20% fetal bovine com-
plete medium. Dataset II was taken from Toropova et al. [27],
where cell damage measurement was performed based on the
uptake of propidium iodide (PI). The dataset is related to four
doses (50, 100, 150, and 200 ug/mL) and exposure times
ranging from 1 to 7 h, which results in 132 MeOx NPs data
points. The detailed dataset is provided in Supporting Informa-
tion File 2, Section S1.

Descriptor calculation

Selecting the appropriate descriptors is crucial for property and
toxicity modeling. Quantitative values of chemical features
(descriptors) play a significant role in determining the target
endpoint. Therefore, in this study, we have calculated periodic
table-based descriptors (PT descriptors) for calculating the rele-
vant features contributing to the respective property and toxici-
ty endpoint. Physicochemical features encoding the informa-
tion of MeOx NPs into PT descriptors were used to build
prediction models for zeta potential and cytotoxicity (cell
damage). The basic information of MeOx NPs was directly
taken from the periodic table and some were calculated with the
Elemental Descriptor Calculator software available from
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/

other-dtc-lab-tools?authuser=0), termed first-generation peri-

odic table descriptors. Also, second-generation PT descriptors
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were calculated using relevant formulas [28]. These descriptors
were calculated without any expert intervention and are inde-

pendent of size variations.

Splitting of the data sets

Splitting of the datasets into training sets and test sets is essen-
tial for developing statistically robust nano-QSPR models. Each
of the datasets, that is, the zeta potential dataset and cell damage
dataset, was divided into training and test sets with a ratio of 7:3
using the dataset division software in the DTC lab software
suite (http://teqip.jdvu.ac.in/QSAR_Tools/). Accordingly, thir-
teen compounds were in the training set and five compounds in

the test set for the zeta potential dataset; for the cell damage
dataset, 111 compounds were present in the training set, and the
remaining 21 compounds were in the test set. The training set
compounds were used for feature selection and model develop-
ment; the test set was utilized for assessing the predictivity of
the developed model.

Model development

Zeta potential QSPR model

To develop the property-based QSPR model, the training set
was utilized for model development. The training set of 13
compounds was processed through feature selection via step-
wise regression and genetic algorithm (GA) [29]. After feature
selection, the training set was utilized for model development
through stepwise regression using the MINITAB software
(Minitab Inc., USA, https://www.minitab.com). A multiple

linear regression (MLR) model was obtained with three descrip-
tors keeping the F' values to enter and remove 4 and 3.9, respec-
tively. Finally, a PLS (partial least squares) model was de-
veloped with the selected features from the MLR model. The
developed PLS model consisted of 1 LV (latent variable), which
was also developed in the MINITAB software.

Cell damage QSPR model

The previously developed QSPR model (dataset 1) was utilized
to calculate the zeta potential of the MeOx NPs in the cell
damage dataset (dataset IT), which lacks the zeta potential infor-
mation (imputation of sparse data). The zeta potential was used
as a descriptor in the model development along with the PT
descriptors. Although the solvents used for testing metal oxides
in both datasets differ, the work involves correlating the zeta
potential data (experimental or computed) with the cell damage
model as a descriptor. Cao et al. [26] also used zeta potential as
one of the determinants for the modeled endpoint. The zeta
potential of all data points was determined in the same solvent,
and this does not contribute to the variations in zeta potential
values due to solvents. This work is similar to imputation in
quantitative structure—activity relationship (QSAR) modeling,

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

descriptors.

Model validation

The validation procedure is the prerequisite for the application
of nano-QSPR models. Rigorous validation of the developed
models was performed following principles of the Organization
for Economic Cooperation and Development [31]. Validation
of the model includes both internal and external validation.
Internal validation indicates the robustness and fit of the de-
veloped model applying the training set, whereas the test set in-
dicates the predictivity of the developed model for new NMs.
Common internal validation methods include the leave-one-out
cross-validation (Q(ZLOO)) algorithm and the Y-randomization
test [32,33]. The model fit ability is expressed by the determina-
tion coefficient (R%) and mean absolute error (MAE). For
judging the external predictivity for the test set, we chose the
Q}l and Q}z metrics. According to Golbraikh and Tropsha
[34], R? should be greater than 0.6 and Q2 should be greater
than 0.5 to meet the standard requirements of external valida-
tion. A true external set was also used to evaluate the predicting
power of the model. This was done using the prediction relia-
bility indicator (PRI) tool available from the DTC lab software
tools (http://teqip.jdvu.ac.in/fQSAR_Tools/). To further validate
model 2 for the similarity-based prediction, we have performed

chemical read-across analysis.

Prediction reliability indicator (PRI) tool

Ensuring the reliability of predictions for a new set of data is a
vital task. By making robust predictions based on molecular
features, we can estimate the external set accurately. In this
study, we used the Prediction Reliability Indicator tool [35]
(http://teqip.jdvu.ac.in/fQSAR_Tools/) to predict the response of

a true external set comprising 49 MeOx NPs. The tool catego-
rizes the prediction quality as good, moderate, or bad, based on
certain scoring rules. To assess the predictive power of the de-
veloped QSPR models, we used the QSPR model (model 1 with
zeta potential endpoint) to predict the response of the external
set. Figure 1 shows the overall workflow of the present work,

highlighting our confident approach to the study.

Read-across analysis
The read-across technique is a reliable and scientifically proven
method to predict the endpoint of a new compound, also known

as the target compound. This technique involves utilizing data
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Figure 1: Workflow for developing QSPR (model 1) and QSAR (model 2)

from similar substances that have a regular pattern resulting
in structural similarity and similar physicochemical, toxicoki-
netic, toxicodynamic, and ecotoxicological properties [36].
Therefore, after selecting the appropriate descriptors from the
PLS model (model 2), we have applied the Quantitative Read-
Across v4.0 tool available from our laboratory website (https://
sites.google.com/jadavpuruniversity.in/dtc-lab-software/home).

This tool uses a similarity-based approach based on Euclidean
distance, Gaussian kernel function, and Laplacian kernel
function. The method requires optimization of the hyperparame-
ters (sigma and gamma values, distance, and similarity thresh-
olds). To ensure the best results, we used dataset 2, which we
divided into a 70% training set and a 30% test set. We further
divided the training set into a sub-training and sub-test set to
fine-tune the hyperparameters by changing the default setting.
Finally, we used the best hyperparameters to predict the
external set and achieved the best possible results through a
rigorous process.

Applicability domain
A nano-QSPR model should have a clear range of applicability

domains [37]. Robustness and predictivity regarding new com-

Training set ——8M8M8 ™

for some MeOx NPs that lack such

information

Genetic algorithm
Model development A .
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(BsS

Model 2 (QSTR)
PLS model
(QSTR)

Read across
(RA)prediction

Read —Across v4.1

Euclidean distance based
prediction

Optimization of
hyper-parameters

Gaussian kernel function
prediction

Laplacian kernel function
prediction

models.

pounds are based on the similar physicochemical properties of
the compounds in the training set, depending on which, the
model chemical space is developed. In the present study, the
commonly used Williams plot [38] method was employed to
determine whether the compound is within the chemical domain
of the model or outside. The vertical axis represents cross-vali-
dated standardized residuals whereas the horizontal axis repre-
sents leverage values (). This index measures the similarity be-
tween the new chemicals and the ones in the training set. The
compound prediction is said to be reliable if /4 is less than the
critical value (h*). Here, h* is the warning leverage in the
Williams plot or applicability domain; compounds lying above
this critical value are considered as outliers. The critical
leverage h* is calculated as h* = 3p/n, where p stands for the
number of modeled variables plus one and n stands for the data
size of the training set used in model development. Compounds
with a cross-validation standardized residual greater than three
standard deviations can be considered as Y-outliers.

Results and Discussion
To explore the physiochemical properties influencing the zeta

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

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

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

Bubble plot Bubble plot

(Dataset 1) (Dataset 2)
0.6 15
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Figure 2: Bubble plot for dataset 1 (model 1) and dataset 2 (model 2).
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Figure 3: Williams plot for cell damage endpoint (model 2).
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QSPR model for zeta potential

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

Model 1 (PLS)

£ =35.9157-8.4317y0x +2.0002tot_metal alpha

—0.1854 valence electron potential

Nigain =13; R = 0.80; 0 00 =0.67: Ny =5: 07, =0.68; (D

07, =0.67;LV =1; F =44.20; p =0.002

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

the zeta potential as discussed below.

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

Stern layer

mVY NM surface

potential

Distance from NM surface

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

potential value is 34.4 mV.

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

—eV =kn/r.
Here, k is a proportionality factor expressing the energy of the

valence electrons in electronvolts. n is the valence, and r is the
ionic radius.

---------- v - E
e _ =
* (=}
* _ -
o = =
ks Tonic radius =
- L
---------- — 1 valence ev @

Easy formation of EDL

Figure 4: Zeta potential formation and influence phenomenon in respect to the modeled descriptors.
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This descriptor negatively contributes to the zeta potential
suggesting that with the increase of the valence electron poten-
tial of the metal, there will be a decrease in zeta potential value.
This has been observed in Mn,O3 NPs, which have a valence
electron potential value of 220eV and a zeta potential of
—15.9 mV. Co303 NPs show the opposite result; the decrease in
the valence electron potential value (38¢V) shows an increase in
zeta potential value (22.6 mV). MeOx NPs with large ionic
radius tend to have low valence electron potential, as it is
inversely proportional to the ionic radius of the NPs. NPs with
lower valence potential allow for an easier formation of the
electrostatic double layer (EDL). If the solution with NPs shifts
to lower ionic strength, then the zeta potential increases as the
EDL expands to balance the electrostatic force, thus allowing

for the dispersion of NPs.

The descriptor “tot_metal_alpha” defines the core environment
of the metal. It also defines the molecular bulk of the metal
oxide. This descriptor has vital characteristics that are heavily
influenced by the number of metals present in the metal oxide.
Furthermore, the electronegativity of the metal is a crucial
factor in determining the surface charge and stability of the NPs
in the solution. The positive regression coefficient suggests that
an increase in the surface charge of the metal helps the NPs
to remain dispersed in the media and thus avoids flocculation.
This phenomenon is observable in Yb,O3 NPs with a high
tot_metal_alpha value (13.6) and the highest zeta potential
(46 mV); in contrast, SnO, NPs with a descriptor value of 2.88
have a zeta potential value of —20.5 mV.

QSPR model for cell damage
Model 2 (PLS)

SAsum, .
cell damage = 1681~ 1.112% 4 0,295 epsilon
nO N
+0.318 D1, ¢, — 0.263 Metal alpha

+0.035 time of exposure + 0.00057 zeta potential
+0.0057 Electrons 5 .4jvem — 0.079 valence

2 2 P 2
Ntrain =1 10,R = 062’Q(LOO) = 054, rm{oo = 0389’

Armi oo =0246; Ny =21;07) =0.653; 07, =0.652;

mf oo =0.532; Arm? oo =0.183; LV = 7;
MAE, =0.206; F =19.87

Model 2 utilizes eight descriptors to evaluate crucial attributes
that can impact cell damage. Equation 2 shows the number of
compounds used in the training and test sets represented by
Nirain and Nieg, respectively. Additionally, R? and Q(ZLOO), the

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

tions to fill the data gap.

Chemical read-across analysis

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

Interpretation of the descriptors

The periodic table descriptor Lx/nO stands for the total metal
electronegativity in a specific metal oxide relative to the num-
ber of oxygen atoms. This descriptor takes into account the
crucial role of oxygen atoms in causing cell damage. With
regard to the cell damage endpoint, this descriptor has a nega-
tive effect, indicating that an increase in the number of oxygen
atoms compared to the electronegativity sum results in a lower
ratio of the descriptor. Thus, a high concentration of oxygen
atoms in the metal oxide can expedite the oxidative damage
process, leading to the production of more reactive oxygen
species (ROS) and causing more cell damage. CoO NPs show
that a high Yx/nO value (1.88) leads to less cell damage
(—4.38), whereas a low value (Lx/nO = 0.77) leads to more cell
damage (-2.50) as observed for TiO, NPs. The production of

ROS can enhance the catalytic activity of Fenton/Fenton-like
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Table 1: Results for read across prediction using different similarity-based approaches.

Feature combinations Hypothesis  Hyper parameters

Statistical parameters

o Y Distance ~ Similarity g2 Q2 MAE RMSEP
threshold threshold f f2
Model 2 RA-ED 1.75 1.75 1 0 0.766 0.765 0.177 0.252
gsZ M??X NPs) RA-GK 0.764 0.763 0.178 0.254
escriptors
P RA-LK 0724 0724 04195 0274

(7 LVs)

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

generate reactive by-products that further damage the cell.

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

Z € = €metal * Vmetal + €oxy * Noxy‘

Here, €meal and €oxy are the electronegativity count of metal
and oxygen atoms, respectively, and Nyeta1 and Noxy are, re-
spectively, the number of metal and oxygen atoms. The posi-
tive coefficient of the descriptor in Equation 2 indicates that an
increase in electronegativity favors the rise in cell damage as in
CuO nanoparticles, where a high (Xe/N)? value (9.93) causes
more cell damage (—2.87), whereas SbyO3 nanoparticles with
low electronegativity ((Le/N)? = 0.018) are less toxic (—4.625).
Because of the high electronegativity, the atoms pull electrons
from their neighboring atoms or molecules, leading to the de-
velopment of an electrostatic bond with proteins in biological
systems. The high electronegativity also influences the forma-
tion of metal cations. The increase of catalytic properties of
metal cations enhances the toxicity through the generation of
ROS, causing damage to cell membranes [16]. The high electro-
negativity helps in removing electrons from molecules, produc-
ing free radicals. Free radicals are unstable and highly reactive.
These short-lived radicals are unable to leave the sub-cellular
location where they are generated without being reduced,
leading to oxidative damage [43]. The presence of high-electro-
negativity metals in the cellular membrane can lead to the

leakage of cellular content [22].

The “D1eal” descriptor signifies the total number of metal
atoms in the MeOx NP composition. An increase in the number
of metals can have a detrimental effect on cells by impacting
ROS generation. The positive coefficient of the D1e¢q
descriptor indicates that an increase in the metal fraction in
MeOx NPs causes more cell damage (—2.63) as observed in
Fe304 NPs (D1eta1 = 3). In contrast, CoO NPs with a low
metal fraction (D1yeta) = 1) nanoparticles cause less cell
damage (—4.375). Metal ions can generate reactive hydroxyl
radicals, resulting in oxidative damage to proteins. Moreover,
they can bind non-specifically to amino acid residues and
replace existing metal ions at active sites of enzymes, leading to
abnormal protein folding. Protein aggregation diseases are a
type of neurodegenerative diseases that occur when proteins
lose their structure and are deposited in the brain. These
diseases are the most common type of neurodegenerative
diseases. Many of these structures are highly toxic to cells [44].
The folding of proteins also causes damage to the immune
system, because certain structures do not induce the production
of antibodies [45].

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

A metal = A 3

Here, A is (Zmetal = Zvmetal)/Zymetal and p i 1/(PNpeta)), Where
Zmetal 18 the atomic number, Zymeta) Stands for the valence elec-
trons of the metal, and PN ¢, stands for the periodic number in
the periodic table. The negative coefficient of the descriptor
signifies the low electron affinity of the metal oxide to accept
electrons. This means that the metal has a propensity of having
a cationic charge, which leads to the catalytic power of metal
cations. For example, in WO3, the metal alpha value is 7.2 and
cell damage is —4.57. In contrast, Al,O3 with a metal alpha
value of 1.66 causes higher damage to cells (-2.8). Metal

cations are more harmful than normal nanoparticles. This is
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because their electropositivity and inherent toxicity increase
significantly with atomic weight. In addition, the formation of
metal-ligand bonds has a direct impact on the metal’s toxicity.
Furthermore, it is a well-established fact that each metal has an
affinity constant for various ligands, which means that most
metal cations can form stable complexes with a wide variety of
ligands, further increasing their potential toxicity.

In the field of physical chemistry, the zeta potential is a crucial
parameter that measures the surface charge of particles relative
to their size. In colloidal systems, the zeta potential is widely
used as an indicator to reflect the stability. It is important to
note that NPs with higher positive charges can be more harmful
than those with higher negative charges. Moreover, positively
charged NPs interact more significantly with cells, leading to
greater cell damage. Another crucial factor to consider is that
NPs with a higher zeta potential, regardless of their charge, are
more easily absorbed by cells due to the electrostatic interac-
tion between dispersed particles and the effective electric
charge on the surface of the NPs [40]. This feature is particular-
ly relevant to their biological activity, especially their ability to
bind to and be absorbed by cell membranes. For instance,
Cr;03 NPs have a high zeta potential (2130 mV) and a high cell
damage propensity, whereas Y,0O3 NPs with a low zeta poten-
tial (—23 mV) cause less damage to cells (—4.5). The increase in
zeta potential enhances the accumulation of nanoparticles on the
surface of cells. The intensity of accumulation determines the
toxicity of the nanoparticles. The concept of zeta potential plays
a vital role in adhesion to the hydro—water interface and solid
surfaces, providing an idea about the viability and permeability
of the cell membrane under stress. As most of the cell surface
carries a negative charge, metals with higher zeta potential can
easily enter the cell and increase the production of ROS. Also,
they can have a mechanical effect on the membrane, leading to
depolarization of the membrane and cell damage.

The “Electron Active M” descriptor is a representation of the
number of electrons that an active metal possesses. Active
metals are known for their quick and robust reactions owing to
the electron arrangement in their structure. These metals contain
free electrons in their outermost shell that can readily create a
cation by interacting with other atoms and initiating a chemical
reaction. The delocalized electrons can easily interact with
macroproteins, leading to the acceleration of damage to the bio-
logical membrane. A positive coefficient of Electron Active M
indicates more oxidative stress and more damage to the cell due
to an increase in free radicals. WO3 has a high descriptor value
of 74 resulting in high cell damage (—2.8), while Cr,O3 NP has
a low descriptor value of 24 leading to low cellular damage
(—4). Transition metals are capable of forming coordinate com-

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

further accelerate the damage of the cell.

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

Our research aimed to examine how the time of exposure to
metal oxide affects cell damage, regardless of other physio-
chemical properties of MeOx NPs. Our findings indicate that
exposure time plays a crucial role in cell damage. Prolonged
exposure times increase the damaging potential. For instance,
exposing cells to WO3 NP for 7 h resulted in a cell damage
score of —2.75. In contrast, exposure to Yb;O3 for only 1 h
resulted in a score of —3.5. These results demonstrate the signif-
icance of considering exposure time when evaluating the poten-
tial risks of metal oxide exposure. When living organisms are
exposed to NPs for an extended period of time, inflammatory
conditions can occur that lead to physical, muscular, and neuro-
logical degeneration, or increased intensity of oxidative stress.
This happens because longer exposure times enhance the toxici-
ty mechanism of NPs. In contrast, short-term exposure does not
affect significantly the cells. NPs can induce oxidative stress by
impairing antioxidant defenses in humans when they are chroni-

cally exposed to NPs.

Importance of the zeta potential as a

descriptor
The developed QSPR model without zeta potential descriptor
shows R? = 0.47 and Q(ZLOO) = 0.34, which is well below the

desired acceptance criteria. The obtained results indicate that
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the fitting and robustness of the developed model without the
presence of the zeta potential descriptor is unsatisfactory.
Therefore, to achieve the fit and predictive power of the model,
we included the zeta potential descriptor along with the other
seven descriptors. In the presence of zeta potential, the statis-
tical quality and internal validation metrics increased (R% = 0.62
and Q(ZLOO) = 0.54) showing the stability and predictive ability
of the model.

Utilization of the metal oxide cell damage

knowledge for cancer treatment

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

Easy removal of
outer shell electrons

Electrostatic interaction with proteins leading
to denature and abnormal synthesis

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

which reduces the immunosuppression effect of tumors.

Comparison with previously published

literature

This study successfully develops a QSPR model with a cell
damage endpoint that uses the zeta potential value as a
descriptor. The descriptor was calculated using another model
that used the zeta potential as the endpoint (Y-response) for its
QSPR model development. The QSPR models were developed
with simple periodic table-based descriptors that do not depend
on size or any other experimental conditions. These descriptors
are easy to calculate, less expensive, and can be calculated by

anyone without the need for expert personnel.

Light source
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—# ; Low ’
feoT l T
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Figure 5: Interpretation of descriptors with respect to cell damage (endpoint) in cancer cells.
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The study provides in-depth knowledge about the properties and
causes of toxicity of nanoparticles using simple regression-
based models. It is important to note that a direct comparison
with a previous study by Toropova [27] is not possible because
of the different data division methods (five random splits), the
use of different types of descriptors (optimal nano-descriptors),
and the dissimilar modeling methods (Monte Carlo method).
However, it is clear that the statistical metric values for the de-
veloped model in the present study are similar to those of the
previous study (the best-split results only shown) as presented
in Table 2. Furthermore, we have proposed an effective mecha-
nism to treat cancerous cells with the cell-damaging properties
of MeOx NPs.

Conclusion

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

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

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

potential can influence cell membrane damage. Based on these

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

Sl. no. Q2 RZain
current study 0.538 0.621
previous study (best split) [27] 0.486 0.512

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

findings, the authors propose that the damaging power of metal
oxide nanoparticles can be harnessed in treating cancerous cells.
This study not only identifies the features required to enhance
the properties of nanoparticles but also provides knowledge for
treating cancerous cells through cell damage techniques. The
study can pave the way for researchers to use nanoparticles in
clinical practice with confidence.
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