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ABSTRACT

MODELING OF NANOPARTICLE - MEMBRANE
INTERACTIONS

Understanding the toxicity behavior of NPs is of great importance to ensure efficient
drug delivery to intracellular targets without causing cytotoxicity, to measure the long-term
effects of nanoparticles (NPs), and to predict risks and hazards to humans and the
environment. In this context, the current study involves (i) Coarse-grained (CG) Molecular
Dynamics modeling of interactions of pristine and half polar (Janus) fullerenes with regular
and peroxidized lipid membranes, (ii) cytotoxicity analysis of inorganic, organic and carbon-
based NPs by applying Association Rule Mining (ARM), (iii) Atomistic (AA) and CG
modeling of pristine and polystyrene (PS) functionalized CNTs and their interactions with
lipid bilayers. In the first part, the translocation of pure and semi-polar fullerenes along the
DOPC and POPC bilayers was investigated by varying the fullerene concentration and the
peroxidation level of the bilayers, and the distribution of fullerenes in the lipid bilayer was
mainly explained by the degree of peroxidation and saturation level of the lipid acyl chains.
In the second part, a meta-heuristic model was constructed by extracting information from
the literature based on NP and cell-derived properties, as well as the conditions tested. It was
determined that cytotoxicity in terms of cell viability was primarily related to the core and
coating material of NPs, their synthesis pathways, and the cell type to which they were
exposed. Finally, the end rings of CNT were modified at atomistic and CG level with PS and
carboxyl-terminated PS (PSCOOH), which were found to be an alternative and safe material
through ARM. While AA simulation results showed that PSCOOH maodification was
advantageous in terms of drug release, more comprehensive CG results revealed that PS
chain length and grafting density should be investigated further to prevent PS blockade that
may pose a threat to drug release. Increasing CNT concentration changed the structural and
elastic properties of the bilayers without causing permanent membrane damage and limited
the transmembrane movement of cholesterols. The penetration of the developed models to

the lipid membrane occurred by non-endocytic routes.
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OZET

NANOPARTIKUL - MEMBRAN ETKILESIMLERININ
MODELLENMESI

Nanopartikiillerin toksisite davranisini anlamak, sitotoksisiteye neden olmadan hiicre
ici hedeflere etkili ilag iletimini saglamak, uzun vadeli etkilerini 6lgmek ve insanlara ve
cevreye yonelik riskleri ve tehlikelerini tahmin etmek agisindan biiyiik 6nem tagimaktadir.
Bu baglamda, mevcut ¢aligma ti¢ boliimden olugmaktadir: (i) Saf ve yar1 polar fullerenlerin
diizenli ve peroksitlenmis lipid membranlar ile etkilesimlerinin Kaba Taneli (CG) Molekuler
Dinamik modellemesi, (ii) Birliktelik Kurali Madenciligi (ARM) uygulanarak inorganik,
organik ve karbon-bazli nanopartikiillerin sitotoksisite analizi, (iii) Saf ve polistiren (PS) ile
fonksiyonellestirilmis karbon nanotiiplerin atomistik (AA) ve CG dlizeyde modellenmesi ve
gelistirilen modellerin lipid ¢ift katmanlar ile etkilesimleri. Ik boliimde, DOPC ve POPC
¢ift katmanlari boyunca saf ve yari-polar fullerenlerin translokasyonu, fulleren
konsantrasyonu ve ¢ift katmanlarin peroksidasyon seviyesi degistirilerek arastirilmis ve lipid
membran igindeki fullerenlerin dagilimi esas olarak lipid agil zincirlerinin peroksidasyon
derecesi ve doygunluk seviyesi ile aciklanmistir. Ikinci béliimde, NP ve hiicreden tiiretilmis
ozelliklerin yani sira test edilen kosullara dayali olarak literatiirden bilgi ¢ikarimi yoluyla bir
meta-sezgisel model olusturulmustur. Hiicre canliligi agisindan sitotoksisitenin oncelikle
NP'lerin ¢ekirdek ve kaplama malzemesi, sentez yollar1 ve maruz kaldiklar1 hiicre tipi ile
iliskili oldugu tespit edilmistir. Son olarak, CNT’nin ug¢ halkalar1t ARM ile alternatif ve
giivenli bir malzeme oldugu tespit edilen PS ve PSCOOH ile AA ve CG diizeyde modifiye
edilmistir. AA simiilasyon sonuglart PSCOOH modifikasyonunun ila¢ salinimi agisindan
avantajli oldugunu gosterirken daha kapsamli CG sonuglar, PS zincir uzunlugunun ve
asilama yogunlugunun ila¢ salinimi1 agisindan tehdit olusturabilecek PS blokajin1 6nlemek
icin daha fazla arastirilmasi gerektigini ortaya koymustur. Artan CNT konsantrasyonu kalict
bir membran hasarina neden olmadan ¢ift tabakalarin yapisal ve elastik &zelliklerini
degistirirken kolesterollerin transmembran hareketini  siirlandirmistir.  Gelistirilen

modellerin zardan gecisi endositik olmayan yollarla ger¢eklesmistir.
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1. INTRODUCTION

Recently, nanoparticles used as drug carriers and theranostic agents have been
extensively studied to enable the targeted and controlled release of drugs and increase the
safety and efficacy of therapeutics. Since nanoparticles are required to pass a selective
cellular barrier, i.e., the membrane, and localize within specific compartments of the cell
without causing any damage, understanding the interactions between nanoparticles and the

membrane is critical to determine their cellular uptake and cytotoxicity mechanism [1].

Many experimental studies have been conducted to analyze the toxic behavior of
nanoparticles. In this context, cytotoxicity of nanoparticles has been evaluated through
parameters including cell viability, oxidative stress, and lactate dehydrogenase release
(LDH). Current studies have revealed that the physicochemical properties of nanoparticles
such as material, size, shape, surface potential, and concentration as well as exposure time
to cells, the type of cells, and the toxicity assays used play important roles in their toxicity
[2,3]. With the increase in experimental findings, Machine Learning (ML) models such as
random forest regression [4], decision tree classification [5], and artificial neural network
models [6] have been developed to better understand and predict NP toxicity. However,
although a great number of investigations, a generalized model could not be obtained due to

the heterogeneity of published data, individual sampling, and missing information [4,7].

Association rule mining (ARM), a rule-based ML algorithm, is an alternative method
that easily overcomes these limitations and discovers important hidden relationships
between two or more attributes or between the attributes and the response, in large data sets.
To date, it has only been used to determine the cellular responses of metal and metal oxide
NPs [8]. However, NP toxicity, inversely related to cell viability, has not been investigated
via ARM until our study. In this regard, we proposed an ARM model to analyze the
cytotoxicity behavior of inorganic, organic, and carbon-based NPs by identifying significant
associations of descriptors (including physicochemical properties of NPs, as well as cell and

test properties) that result in high cell viability [9].



Passage of NPs through the membranes without any membrane damage or disruption
is essential in determining safer carrier alternatives. On the other hand, the inability of
experimental methods to explain the interactions of nanoparticles with the cell membrane
has brought Molecular Dynamics (MD) simulations to the center of attention. Several
nanoparticles, i.e., gold, fullerene, carbon nanotube, etc., and membrane models consisting
of single/dual lipids have been proposed by MD modeling [10-13]. However, designing a
realistic cell membrane has increased the cost of simulations as it requires the use of a wide
variety of lipids and water molecules to meet the hydration level. For this reason, replacing
atomistic detail with lower resolution, i.e., coarse-graining, has opened the way to simulate
large-scale biomolecular systems on time scales inaccessible to atomistic simulations
[14,15]. Coarse-grained (CG) modeling has several advantages which include (i) performing
simulations of large and complex systems, (ii) allowing the simulations of slow processes at
the time scales of micro to millisecond ranges, (iii) showing where molecular details matter,
and where they do not, (iv) enabling computationally inexpensive testing for exploring
biophysical pathways. In comparison to all-atom (AA) models, coarse-grained models are
two to three-fold faster thanks to lower degrees of freedom with higher integration time steps

and quick sampling via smoothened energy landscapes [15].

By using CG simulations, various NPs including carbon nanoparticles (CNPs) have
been studied in terms of their interactions with lipid bilayers [16]. In addition to having
superior thermal, electrical, and mechanical properties [17], CNPs have biocompatibility,
high permeability, and antioxidant properties that allow them to be used as suitable drug
carrier agents [18]. On the other hand, due to their hydrophobic nature, CNPs form
aggregates in an aqueous environment by limiting their usage as drug carriers and
threatening the health and environment by accumulating in cells [19]. Although they form
large aggregates, experimental findings reveal that CNPs can penetrate cells and cross the
blood-brain barrier (BBB) to deliver cargo [20,21]. However, the toxicity of CNPs has been
related to their insolubility in water [22,23] and the main toxicity mechanism has been
addressed as the oxidative stress triggered by reactive oxygen species (ROS) formation
during exposure to cells [24-26]. Contradictorily, fullerenes have also been used as
antioxidizing agents against ROS-mediated disruption in membrane integrity [27]. Thus,

although their toxicity mechanism is controversial, CNPs functionalized with hydrophilic or



amphiphilic molecules such as proteins, surfactants, lipids, and polymers have been reported

to be safer as they overcome the solubility limitation [28-30].

The focus of previous literature has been on polyethylene glycol (PEG) modification
of carbon nanotubes (CNTSs). Physical or covalent conjugation of PEG onto CNTs has
provided low toxicity, long blood circulation lifetime, and more effective clearance [31-33].
On the other hand, polystyrene (PS) functionalization of CNTSs has facilitated solubility and
dispersion in aqueous and organic solvents [34,35] as well as improving mechanical
properties like modulus of elasticity and shear stress [36,37]. However, PS-coated CNTSs,
despite their superior performance, have not been used in drug delivery systems up to now.
The only experimental study where MWCNTSs have been coated with PS showed that PS

functionalization reduces inflammation and oxidative stress both in vitro and in vivo [38].

The current thesis aims to develop a meta-analysis model for NP toxicity and MD
models for CNP-lipid membrane interactions. First, the translocation of pristine and half-
polar (Janus) fullerenes across regular and peroxidized DOPC and POPC bilayers are
investigated by changing fullerene concentration, and peroxidation level of bilayers. Then,
the cytotoxicity data of various nanoparticles collected from the literature are analyzed with
the ARM method and the significant rules that resulted in high cell viability are determined.
Finally, PS, and carboxyl-terminated PS (PSCOOH), which is found to be as a safe material
through ARM, was used to modify the CNT models at AA and CG levels and the developed
functionalized nanotubes are explored through their interactions with pure POPC and POPC

with cholesterol by changing PS chain length and grafting density in the end ring of CNTSs.

In Chapter 2, a comprehensive literature survey on the prediction and analysis of NP
toxicity, as well as NP-membrane interactions are presented. Chapter 3 involves the details
of the computational methodology behind this thesis. In Chapter 4, the ML and MD
modeling results are presented together with explanations and discussions. Finally, the
conclusions of the current study and recommendations for the future are demonstrated in
Chapter 5.



2. LITERATURE SURVEY

2.1. Cell Membrane

Cells are the smallest building blocks of living organisms which consist of a cytoplasm
bounded by a membrane. Cell membranes, which are also called plasma membranes, are
selective barriers separating the inner constituents of a cell from the outer environment. They
have three main functions: (i) to protect the cells from toxic substances, (ii) to enable the
transfer of nutrients, hormones, and microorganisms through their receptors and channels,
(ii1) to regulate metabolic activities [39]. In 1972, Singer and Nicolson introduced the fluid
mosaic model of the cell membrane as a two-dimensional liquid, which includes lipids,
proteins, carbohydrates, and cholesterol (c.f. Figure 2.1). According to this model, the
fluidity and elasticity of the membrane are provided by the phospholipid bilayer where
protein molecules are embedded [40] and the chain length and saturation level of lipids
influence the fluidity of the membrane. Unsaturated lipids form kink and decrease melting

temperature which result in an increase in membrane fluidity [41].
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Figure 2.1. The plasma membrane model consisting of the phospholipid bilayer, and

proteins [42].



The lipid bilayer forms through the self-assembly process of amphipathic lipids
composed of a hydrophilic head group and a hydrophobic tail region (c.f. Figure 2.2). This
spontaneous process is driven by the hydrophobic interactions in which fatty acid tails form
clusters in an aqueous environment. Lipid bilayers are a few nanometers in length [43] and
are generally impermeable to ions and water-soluble (polar) molecules. Therefore, the
transport of these molecules occurs via transmembrane proteins, i.e., pores, gates, and

channels while hydrophobic molecules, in general, passively diffuse into the membrane.

The amphipathic lipids that form the cell membrane are divided into three classes:
phospholipids, glycolipids, and sterols. Although their amount varies according to the cell
type, in most cases more than 50 % of all lipids are made up of phospholipids. In eukaryotic
cells, plasma membranes are of about half lipid and half protein by weight, and cholesterol
and glycolipids constitute about 40 % of total lipid content in the mammalian plasma

membrane [41].
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Hydrophilic head

Figure 2.2. The structure of a) lipid bilayer, b) a phospholipid. Here, two chemical groups
(choline and serine) may bond to the phosphate at the position labeled as R. Figures are
adapted from ref. [44].



2.2. Nanotechnology and Nanotoxicity Overview

Nanotechnology, which was the subject of Richard Feynman's famous 1959 lecture
“There’s Plenty of Room at the Bottom” [45], was formally defined by Norio Taniguchi in
1974 [46]. In the nearly 50-year history of the nanotechnology field, tremendous advances
have been recorded that have contributed to economic growth and public interest. With
growing governmental, academic, and industrial initiatives [47], nanotechnology has been
involved in major industry sectors, including materials science, electronics and informatics,
energy, health, and environment [48,49]. Despite the negative impact of COVID-19
pandemic [50], global nanotechnology market was estimated to be 2.4 USD billion by
Emergen Research in 2021 and expected to reach ~34 USD billion with a 34 % Compound
Annual Growth Rate (CAGR) in 2030 [51]. Over the last decade, scientific publications
listed in the Web of Science Core Collection (based on a topic search with the keyword of
‘nanotechnology’ on July 20, 2022) reached to 218,879 in total with a sharp increase in 2018
with 25,940 publications (c.f. Figure 2.3a). When the publication metrics of 105 countries
were classified by cluster analysis, 30% of all scientific publications, including patents, were
made up of the 2nd cluster countries with the great contribution of China and the US (c.f.
Figure 2.3b) [52]. Among the nanotechnology application areas, nanomaterials have made a
great leap forward with their use in medicine (especially as drug delivery agents) and their
transformation into commercialized products. In this context, studies on nanomaterials
showed an increasing tendency with 339,100 publications recorded between 2002-20 July
2022 (based on WOS search by topic) as demonstrated in Figure 2.3c and about 70% of these
publications have been related to ‘toxicity’ (c.f. Figure 2.3d). This growing tendency agrees
with the projected market trends [53,54].

Nanomaterials are generally considered to be materials that are 1-100 nm in size in at
least one direction. Owing to their small size and high surface-to-volume ratio, they are
capable of passing biological barriers, i.e., skin, intestine, mucosa, or blood-brain barrier,
and reaching the targeted cellular site. However, the physicochemical properties which make
nanocarriers unique can also lead to toxic effects. Therefore, determining which properties
of nanoparticles cause toxic effects has been one of the main concerns of the nanotechnology
field. Conventional toxicity assessments have relied on in vivo testing but suffered from

economical, technical, and ethical challenges regarding the use of animals [55]. To promote



non-animal testing, European Chemicals Agency (ECHA) suggested 3R (replacement,

reduction, refinement) legislation which includes in vitro and in silico approaches as

alternative toxicology assessment methods [56]. By integrating these alternative methods

with an intelligent design, it is aimed to further reduce the cost and number of animals [57].
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Figure 2.3. Scientific publication trends of the last 10 years based on topic search in Web

of Science on 20 July 2022 with keywords (a) “nanotechnology”, (C) “nanomaterial(s)” or

“nanoparticle(s)”, (d) “nanomaterial(s)” or “nanoparticle(s)”” and “toxicity”. Section (b)

shows the cluster analysis results of 105 countries based on their scientific publications and

was adapted with permission from ref. [52] Copyright 2021 American Chemical Society.

2.3. Cellular Uptake Mechanisms

There are two major pathways, which are endocytosis and direct permeation, for the

transport of NPs across a cell membrane. In endocytosis, extracellular NPs are wrapped by

the deformation of a small fragment of the membrane, and a membrane-bounded vesicle

(i.e., endosome) forms. Endocytosis which is a kind of active transport route is primarily

used for the translocation of NPs, especially for polar and charged NPs. It can be divided

into two categories named phagocytosis and pinocytosis. Phagocytosis is the process in



which certain mammalian cells called phagocytes (neutrophils, monocytes, macrophages
etc.) ingest or engulf large size particles. Whereas in pinocytosis, small particles suspended
in the extracellular fluid are taken into the cell by invagination of the cell membrane. To
distinguish between phagocytosis and pinocytosis, the size of their endocytic vesicles is
compared: Pinocytosis covers the uptake of the fluid through small vesicles with sizes up to
hundreds of nanometers while phagocytosis allows the uptake of larger particles with

vesicles around 250 nm [58].
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Figure 2.4. Cellular uptake mechanisms. Reprinted with the permission from ref. [59].
Copyright (2013) Future Science Group.

Pinocytosis can be classified into clathrin-mediated endocytosis, caveolae-mediated
endocytosis, clathrin- and caveolae-independent endocytosis, and macropinocytosis. In the
clathrin-mediated route, specific ligands in an extracellular fluid bind to the receptors on the
surface of the cell membrane. The ligand-receptor complex moves to the clathrin-rich
portions of the membrane and is internalized by forming clathrin-coated vesicles. In
caveolae-mediated endocytosis, the flask-shaped structures, i.e., caveolae, form by
invagination of the plasma membrane. They are found in many vertebrate cell types such as
endothelial cells and adipocytes and are used for several functions in signal transduction.
Clathrin- and caveolae-independent endocytosis does not use clathrin and caveolae coats. It

is used by growth hormones, some types of proteins, or hijacked by bacteria and viruses to



gain access to the host cell. Macropinocytosis is a ‘cell-drinking’ type of endocytosis, which
involves the uptake of extracellular material, such as nutrients and antigens. The
macropinosomes are vesicles that greatly vary in size, with their diameters ranging between
0.5 and 10 micrometers. All lipid-derived NPs use a clathrin-dependent route while micron-
sized NPs pass through the membrane by macropinocytosis. In nanomedicine, the caveolae-
dependent pathway is preferred since the cargo which is engulfed by the cell does not
eventuate in the lysosome in which degradation takes place. On the other hand, the clathrin-
mediated pathway causes inefficient drug delivery because of the lysosomal degradation of
particles [58,60].

Direct permeation is how NPs passively transport through membranes. In this
pathway, NPs permeate across the membrane without being surrounded by endocytic
vesicles. The uptake process is driven by the concentration gradient therefore energy is not
utilized. NPs diffuse from higher to lower concentration zones enabling direct delivery
process across the membrane. Unlike direct permeation, endocytosis occurs against a
concentration gradient, and the required energy is provided by adenosine triphosphate
(ATP). Therefore, the direct permeation route is also energetically favorable in addition to
the fact that NPs cannot function by digestion or trapping by the vesicles [1,58].

2.4. Cytotoxicity Mechanisms

The toxic effects of nanoparticles have been correlated with metabolic activity,
membrane integrity, cell viability, mitochondrial damage, mitochondrial integrity, and
reactive oxygen species (ROS) formation. Various methods have been utilized to assess the

cytotoxicity of nanoparticles such as proliferation, apoptosis, and necrosis assays [2].

Cellular metabolism is measured by proliferation assays in which metabolically active
cells are determined. 3-(4,5-Dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide (MTT)
is the most encountered tetrazolium salt used as an indicator in the toxicity evaluation.
However, the measurements are sensitive to the changes in culture media such as pH,
temperature and chemical additives. Another assay used is Alamar Blue which measures

cellular redox potential, but it is limited due to the lack of biochemical mechanisms behind
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the assay. There is also a clonogenic assay in which the proliferating cells are counted by

visual observation after imposing the NPs on the cells [2].

Disruption of cell membrane integrity is another important marker of nanotoxicity.
Cells may be disrupted through membrane fractionation or adsorption of NPs to the
membrane. A significant disruption of cell membrane integrity leads to cell membrane
destabilization or lyse, thereby causing cytotoxicity. Necrosis is a form of cell injury which
results in the death of cells due to cell lysis. Cells undergoing necrosis do not follow
apoptotic signal transduction, instead, various receptors are activated, and the cell membrane
integrity is damaged. By the loss of membrane integrity, the cells release their contents to
the extracellular environment and initiate an inflammatory response in the surrounding
medium. On the other hand, apoptosis is a form of programmed cell death that is sourced by
the increase of oxidative stress in cell culture upon the formation of excessive free radicals.
Necrosis is identified by the uptake of the dye such as Neutral Red or Trypan Blue while
several assays such as Comet or TdT-mediated dUTP-biotin nick end labeling (TUNEL)
assay are employed to determine apoptosis. TUNEL assay is widely used to detect DNA
fragmentation in both apoptotic and non-apoptotic cells based on the incorporation of an
enzyme terminal, deoxynucleotidyl transferase, into free 3’-hydroxyl termini of DNA
double-strand breaks [2].

Nanoparticle exposure on cells induces pro-oxidant effects which bring about the
production of ROS. When nanoparticles are internalized, phagocytosis can lead to ROS
generation. The cytotoxic nature of ROS is a driving force behind apoptosis, but more
increase in ROS amount can result in both apoptosis and necrosis, a form of uncontrolled

cell death, in cancer cells [2].

2.5. Physicochemical Properties Effecting Cellular Uptake and Toxicity of

Nanoparticles

The physical and chemical characteristics of nanoparticles, including the size, shape,
surface charge, hydrophilicity/hydrophobicity, and surface functionalization have a major

impact on the uptake level and permeation route as well as cytotoxicity of NPs.
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The size of NP plays an important role in determining the efficiency of its cellular
uptake and toxic potential. The large specific surface area provides effective adsorption of
NPs on the cell surface due to the increase in reaction capacity and catalytic activity. Several
experimental studies have shown that NPs smaller than 5 nm transport across the cell
membrane through translocation whereas larger particles are taken by the cells by
phagocytosis or macropinocytosis. NPs with several nanometers in size have been found
more toxic than 10 nm or larger ones since small nanoparticles enter the nucleus [3]. For
instance, NPs with a size of 1.4 nm have demonstrated 60 times higher toxicity than NPs 15
nm in size [61]. Furthermore, NPs with the size of <200 nm have been internalized by cells
via clathrin-mediated pits. It has been shown that for particles as large as 500 nm, the
predominant pathway is caveolae-mediated internalization [62]. Another study has
demonstrated that the clathrin-mediated route induces the formation of vesicles that are 120-
150 nmin size. NPs in the range of 250 nm to 3 um have been exhibited in vitro phagocytosis
while NPs with an upper limit of 200 nm involve in caveolae or clathrin-dependent paths
[63]. In many studies, an optimum size of ~50 nm has been reported for a high and efficient

uptake rate of gold nanoparticles [64,65].

In addition to size, the shape of NPs is an important factor in nanoparticle uptake and
toxicity. The characteristic shapes of NPs consist of spheres, cylinders, rods, cubes, and
sheets. NPs with spherical shapes have a higher tendency to be taken into the cell by
endocytosis compared to nanotubes or nanofibers [3]. In another study, it has been shown
that spherical gold nanoparticles had five times higher uptake rate than gold nanorods [66].
Zhao et al. studied the effect of shape on cytotoxicity of hydroxyapatite nanoparticles. They
imposed spherical, needle-like, rod-like, and plate-like NPs on cultured BEAS-2B cells and
observed that needle-like and plate-like nanoparticles lead to cell death in large portions than
rod-like and spherical NPs [67].

The surface charge of NPs is another determinant factor in their interaction with
cellular membranes. Since cell membranes are negatively charged, the uptake of positively
charged NPs are more favorable than neutral or negatively charged ones considering
electrostatics. However, the cellular uptake of positively charged NPs can increase
cytotoxicity by disrupting membrane integrity. Liu et al. investigated the effect of the surface

charge of polystyrene NPs on cancer HelLa and normal NIH3T3 cells and reported that
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positively charged polystyrene is more toxic. This is accounted for not only effective
penetration of positively charged NPs through membranes but also setting a strong bound
with negatively charged DNA. The latter results in DNA damage, disruption of cell
membrane integrity, and prolongation of the GO/G1 phase cycle [68]. Additionally, the
mechanisms of uptake are affected by the surface charge of NPs. Positively charged NPs are
more prone to macropinocytosis while negatively charged NPs are independent of clathrin

or caveolae coats [69].

Another critical factor that affects cellular uptake and cytotoxicity of NPs is surface
modification. NPs are prone to surface functionalization or coating process to decrease their
toxicity, increase stability, and control cellular uptake level. Surface functionalization of NPs
mainly involves polyethylene glycol (PEG), positive amine (-NH2), neutral hydroxyl (-OH),
and negative carboxyl (-COOH) groups [58]. Qui et al. showed that surface coating of gold
nanorods with cationic poly diallyldimethyl ammonium chloride cause negligible toxicity
and high cellular uptake efficiency [70]. Comparison of the interactions of plain polystyrene
(PS) and amino-functionalized polystyrene (NPS) NPs with mesenchymal stem cells
revealed that amino modification increases uptake rate. The predominant pathway has been
identified as clathrin-mediated for NPS while PS NPs are internalized via clathrin-
independent endocytosis [71]. In another study, the effect of polydopamine functionalization
on aptamer-NP bioconjugates has been investigated for tumor targeting. It has been
demonstrated that functionalized NPs achieve higher targeting efficiency and enhanced
therapeutic effects [72].

2.6. Carbon Nanoparticles

Fullerenes are allotropes of carbon and form cage-like structures (~1 nm in diameter)
via the connection of carbons with single or double bonds. The arrangement of the carbons
in cylindrical shape results in the formation of carbon nanotubes (c.f. Figure 2.5). Carbon
nanotubes can be open or closed-ended and are generally a few nanometers in diameter and
micrometers to millimeters in length. Their unique molecular structure provides
advantageous properties including high electrical and thermal conductivity and high tensile
strength. There are several types of nanotubes based on their number of walls or chiral

vectors. They can be single-walled CNTs or double-walled and multi-walled CNTs
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consisting of nested SWCNTSs [73,74]. Herein, we focus on the toxicity of fullerenes and

CNTs to be used as drug-carrier agents.

In literature, it has been shown that carbon NPs can cross the cellular barriers [20,21]
and has high adsorption capacity to host several biological entities like peptides, genes, and
drugs [75-78]. However, they still suffer from undesirable toxic effects on biological
systems. It has been reported that the toxicity of fullerenes is not only concentration or time-

dependent but also affected by the type, functional groups, and administration method [79].

Previously, the insolubility of fullerenes in water and the consequent aggregation has been
shown as the major factor contributing to their toxicity [23,26]. However, both pristine and
functionalized fullerenes have been observed to accumulate at the cell membrane or reach
the intracellular site [80,81]. Fullerenes exhibited no significant toxicity against alveolar
macrophages up to a concentration level of 226 pg/cm? [82] and very low toxicity towards
human macrophages [83]. One of the most important toxicity mechanisms behind fullerene
exposure was associated with ROS formation [84] which leads to oxidative stress,
inflammation, and lipid peroxidation [26]. Some studies showed that water-soluble
fullerenes are more prone to free radical scavenging than pristine fullerenes [27,85,86]. In
particular, hydroxylated fullerenes have been addressed as free radical scavengers to protect
the cell against hydrogen peroxide-induced oxidative damage [87]. This antioxidant
capability of fullerene derivatives also increased the lifespan of mice by quenching ROS
[88].

Figure 2.5. Graphene layers, a Buckminsterfullerene, and a single-walled nanotube from
left to right [89].
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Numerous studies have been recorded on CNT toxicity across different cell lines. The
size of CNTSs, especially the length, has shown a considerable effect on their toxicity. In vitro
toxicity tests in rat alveolar macrophages revealed that relatively thick and long CNTSs cause
acute lung inflammation directly upon inhalation [90]. Long MWCNTs (20 um) remarkably
decreased cell viability and increased ROS formation in human alveolar macrophages as
compared to shorter ones (0.6 um) [91]. Similarly long (5-15 pum) and thick (20-60 nm)
CNTs revealed DNA damage and inflammatory responses in A549 cell line [92]. On the
other hand, several studies reported that thin MWCNTSs are more toxic than thick ones
[93,94] but opposite findings were also obtained depending on the cell types used [95]. To
reduce cytotoxicity, CNTs have been functionalized with various groups including PEG and
COOH. PEG-functionalized MWCNTs were found to be less toxic than carboxylated
MWCNTs on macrophages. This was explained by the lower cellular uptake of PEG-
modified MWCNTSs which cause less activation of oxidative responses [96]. Greater uptake
rates and less toxicity of carboxylated MWCNTSs in comparison to unfunctionalized
MWCNTSs were further confirmed by different groups [97,98].

On the other hand, both covalent bonding of PEG and physical wrapping with
PEGylated lipids resulted in improved circulation time in the bloodstream, lower toxicity,
and more effective clearance [31-33]. Consequently, it has been noted that coating of
SWCNTSs with PEGylated branch polymers provided an ultralong blood circulation time of
~22 hr in mice [33]. PEG-modified SWCNTSs used for the release of the anticancer drug
cisplatin in mice showed lower toxicity with high dispersion [99]. Although the focus of the
literature is on PEG modification, other polymers have rarely been used. SWCNTs modified
with hexamethylenediamine and poly(diallyldimethylammoni-um)chloride allowed non-
covalent binding of negatively charged siRNA and exhibited an efficient intracellular
delivery with few cytotoxic effects on rat heart cells up to a concentration level of 10 mg/I
[100]. The cytotoxicity of polystyrene (PS) coated MWCNTSs were investigated in vitro in
murine macrophages and in vivo in mice lung for 6 months period. Results demonstrated
that PS coating decreases oxidative stress and inflammation in both and prevents pulmonary
toxicity [38]. Despite their high solubility and dispersion [34,35] as well as improved
mechanical properties [36,37], PS coated CNTs haven’t been used in drug delivery systems.
To gain insight into the drug-carrier potential of PS functionalized CNTSs, we performed

atomistic and CG MD simulations within the scope of this thesis.
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2.7. Meta-Analysis of Cytotoxicity of Nanoparticles

Exploratory and predictive computational approaches are complementary nanosafety
assessment methods but are of great importance to understand the structure-to-function
relationship of nanomaterials and how they interact with cells, organisms, and biological
molecules. By correlating physicochemical properties of nanomaterials with toxicity
endpoints, various Artificial Intelligence (Al) and ML tools have been implemented so far
to obtain materials with desired properties [101]. Most of these studies consisted of
Quantitative Structure-Activity Relationship (QSAR) models based on toxicity data of
metals/metal oxides from in vitro studies. Although these models gain rising attention for
safe-by-design of nanoparticles, they still face the challenge of material diversity, limited
sampling within individual studies, lack of harmonization, and great heterogeneity of
published data [7].

ML, which is a sub-category of Al, utilize data, algorithms, and statistical knowledge
to develop analytical and predictive models. It can enable systems to learn and make
predictions, identify patterns, and derive heuristics from large data sets. In the last two
decades, various ML tools have been developed that seek to predict the toxicological
properties of NPs. Among the most widely used ML applications in nanotoxicology, QSARs
play a leading role. In addition to classical QSAR methods, nano-QSAR, quasi-QSAR, and
perturbation-based QSAR techniques have emerged as promising tools [102].

The main characteristics of 64 ML studies conducted on nanomaterial toxicity are
listed in Table 2.1. ML algorithms that have been implemented to predict or classify the
cytotoxicity of nanomaterials in general consist of multiple linear regression (MLR), logistic
regression (LR), tree-based algorithms, i.e., decision trees (DT), random forests (RF) etc.,
neural networks, linear discriminant analysis (LDA) and Monte Carlo (MC) schemes.
Considering the frequency of use of these methods (c.f. Figure 2.6a), it is seen that RF and
DT are mostly preferred methods and followed by MLR and MC schemes. Among the
investigated nanomaterials, metal oxides (especially ZnO and TiO2) form the vast majority
and 55 of 64 studies cover the toxicity of metal oxides (c.f. Figure 2.6b). The pioneer cell
types to which the NPs are exposed include Escherichia coli (E. coli) and the human

epidermal keratinocyte cell line (HaCaT). On the other hand, toxicity endpoints of the
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models rely on cellular viability, natural and negative logarithmic forms of ECso and LCso
values, and lactate dehydrogenase (LDH) release. The details of these studies are explored

in the next paragraphs.

From a historical point of view, ML applications in nanotoxicology first emerged in
2009. MLR analysis of a limited number of samples on the toxicity of metal oxides towards
E. coli showed that there is a high correlation between the metal cation charge and toxicity.
It has been reported that the lower the cation charge, the higher the toxicity of metal oxides
[103]. Sayes and Ivanov utilized linear discriminant analysis (LDA) classification and
multivariate linear regression to predict cytotoxicity in terms of LDH release which is an
indicator of cell membrane disruption. Their dataset consisted of 42 samples of which 24
TiO2 and 18 ZnO NPs were studied at different concentrations. The TiO2 NPs were
characterized by five feature descriptors which are engineered size, size in water, size in
PBS, zeta potential, and concentration. For the ZnO NPs, size in the cell culture medium was
also added to the parameters investigated. The LDA analysis of TiO2 NPs yielded R? scores
in the range of 0.70-0.77. The multivariate linear regression analysis of both NPs pointed
out overfitting by showing the highest performance when all possible descriptors are used.
Therefore, it was reported that either the dataset did not have enough data to make accurate
predictions or other significant features were not included in the dataset to obtain better

prediction models [104].

For classifying the toxicity of metal oxides on transformed bronchial epithelial cells
(BEAS-2B), a nano-QSAR study was performed by using LR. Based on the toxicity endpoint
of plasma membrane integrity loss, the best model performance was obtained using three
(period of metal, atomization energy, and primary size of metal oxide) out of 14
physicochemical descriptors [105]. By measuring the cytotoxicity of several metal oxide and
silica NPs in E. coli, Puzyn et al. developed an MLR model in combination with a genetic
algorithm. Their model reliably predicted the pECso of all NPs tested as a function of one
descriptor, namely enthalpy of formation of a gaseous cation [106]. The QSAR performance
of the same dataset was further explored in a set of articles [107-113]. Toropov et al. tested
the applicability of CORAL software [114] which relies on MC sampling to predict the NP
toxicity and showed that pECsxo in E. coli can be predicted through CORAL with SMILES-
based optimal descriptors [108]. Many studies have used CORAL in estimating the toxicity
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of metal oxides [107,115-117], MWCNTSs [118], nanozeolites [119], and silica [120], and
obtained satisfactory results. However, Casano et al. compared the performances of CORAL
and RF models on the cytotoxicity of silica NPs based on pseudo-SMILES descriptors and
pointed out the failure of CORAL to capture the significance of aspect ratio and zeta
potential which is implied by RF model [121].

Horev-Azaria et al. compared the in vitro cytotoxicity of cobalt NPs with cobalt ions
by using six different cell lines from the lung, liver, intestine, kidney, and immune system.
They employed a decision tree model (J48) where training and validation of the model are
determined iteratively and found that concentration of cobalt NPs is of the highest
importance while the type of cobalt or the cell line used is of the secondary importance on
cobalt toxicity. Furthermore, it has been suggested that a larger database is required to make
the model more generalizable [122]. For another QSAR study, the cytotoxicity of metal
oxides on human BEAS-2B and murine macrophage (RAW264.7) cell lines were assessed
through MTS, LDH, and ATP assays. By using tree-based classification and regression
models, oxidative stress and acute pulmonary inflammation were related to the particle
dissolution and band gap energy levels [123]. The same dataset was also modeled by
excluding FeszOs with impurities that cause ambiguous physicochemical characterization,
and NP toxicity class was predicted with SVM and LR with high accuracies of 94% and
90%, respectively [124].

The bioactivity of 44 iron oxide core-based NPs was classified through a Naive
Bayesian classifier depending on four descriptors: Primary size, zeta potential, spin-lattice,
and spin-spin relaxivities. The nano-QSAR model produced larger than 78% accuracy with
different combinations of the descriptors [125]. Another meta-analysis study that focuses on
iron oxide NPs employed Bayesian Neural Networks to investigate smooth muscle apoptosis
through different cells including endothelial and smooth muscle cells, hepatocytes, and
monocytes [126]. Smooth muscle apoptosis was also used as an endpoint in addition to cell
viability and pECsg toxicity endpoints by Singh et al. Their data set consisted of 5 classes of
NPs taken from in vitro toxicity experiments: 51 metals, 109 surface-modified metals, 17
metal oxides, 80 MWCNTSs, and 48 fullerenes. Proposed nano-QSAR models via Decision
Tree Forest (DTF) and Decision TreeBoost (DTB) based on gradient boosting and bagging
algorithms resulted in high accuracies with rigorous validation [111]. The toxicity of carbon
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nanotubes based on in vivo [127] and in vitro [128] literature has been further discussed in
different ML articles. The length of the nanotubes correlated negatively with pulmonary

toxicity, while the diameter was significantly positively correlated [127].

Gajewicz et al. carried out experiments to measure the toxicity of 18 metal oxide NPs
across human keratinocyte cell line (HaCaT) and described their results by applying MLR
with a genetic algorithm based on descriptors of Mulliken’s electronegativity and enthalpy
of formation of metal oxides [129]. They also developed a read-across model to predict the
physicochemical properties and toxicological endpoints of untested metal oxides across E.
coli and HaCaT cell lines [112] and showed that unknown properties or toxicities of NPs
can be estimated by using known properties of structurally similar NPs [112,130,131].
Sizochenko et al. used an RF algorithm on the same data set by introducing the Liquid Drop
Model (LDM) descriptors [132] in addition to electronegativity, van der Waals interactions,
and metal-ligand binding characteristics of metal oxides [110]. They claimed that LDM can
represent the significant properties of NPs like surface area or surface-to-volume ratio in a
size-dependent manner avoiding high-cost quantum-mechanical calculations. Followingly,
LDM-based descriptors were applied in other ML studies of the same group by RF [133]
and partial least squares (PLS) algorithms on determining metal oxide toxicity [134].

A perturbation-based QSAR model, which overcomes validation requirements and
lack of knowledge in the data set, was suggested to predict the toxicity of metals and metal
oxides across several mammalian cell lines. A data set of 1681 nanoparticle-nanoparticle
pairs was processed in the QSTR-perturbation model and the toxicity endpoint was predicted
with larger than 93% accuracy [135]. The same group developed other perturbation models
aiming to predict ecotoxicity and cytotoxicity endpoints of assorted NPs under different
experimental conditions. For each nanoparticle pair out of 36488 pairs in total, four
descriptors were considered: size, molar volume, polarizability, and electronegativity. The
proposed model was shown to be very promising for predicting the cytotoxicity of Ag and
NiFe204 [136]. In addition to physicochemical descriptors, 2D-topological descriptors were
included in the unified perturbation model of Concu et al. via ANN. The QSTR-perturbation
model resulted in higher than 97% accuracy when applied to 260 unique NPs [6]. Further,
the genotoxicity of metal oxides obtained from different biological entities through in vitro

Comet assay was investigated by the QSTR-perturbation model using physicochemical,
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quantum chemical, and constitutional descriptors, as well as experimental conditions. Across

a set of 78 unique NPs, a reliable model with high accuracy (> 96%) were obtained [137].

Oh et al. examined the toxicity of CdSe quantum dots (QDs) by using the meta-
analysis of 307 papers involving 1741 cell viability-related data samples. By using the RF
regression models, it has been shown that quantum dot toxicity is closely correlated with the
size and surface properties of CdSe (including shell, ligand, and surface functionalization),
the assay type used, and the exposure time [4]. The same group also developed Bayesian
Network model based on their enlarged QD data set (3028 cell viability and 837 ICso data
from 517 papers). In addition to their previous findings, cell viability was correlated with

QD concentration and their model generated association rules regarding QD toxicity [138].

Ban et al. utilized the RF model to screen the priority factors determining the
reproductive toxicity of NPs. By extracting 10 qualitative and quantitative factors from 82
publications, a dataset of 250 samples was obtained. The nanoparticle type and exposure
route were found as dominant factors for NP accumulation and reproductive toxicity had a
high correlation with NP type and toxicity indicators (testosterone concentration, sperm
parameters, and testis index). Moreover, it was observed that NPs involving major elements

such as Zn or Fe induce lower toxicity than NPs containing noble metals [139].

ML studies involving the toxicity of organic NPs are very sparse in the literature. A
QSAR study was proposed by Liu et al. on the toxicity of various metal, metal oxide,
dendrimer, and polymeric NPs in embryonic zebrafish. Under physicochemical descriptors
of 82 NPs with 656 in vivo experimental results, various algorithms (KNN, Bagging, M5P,
KStar) were compared through their performances in predicting 24 hrs post-fertilization
(hpf) mortality, and their case study exhibited high prediction accuracy on 24 hpf mortality
and 12 hpf heart malformation [140]. Jones et al. investigated the toxicity of PAMAM
dendrimers on Caco-2 cell line with various ML algorithms and identified the most important
descriptors as size, charge, and concentration [141]. A more comprehensive data set was
suggested by Labouta et al. which includes various inorganic, organic, and carbon-based
NPs. They applied DT together with a feature selection algorithm on their data set which
contains 2896 samples (collected from 93 studies) with 15 features. The primary predictor

of nanoparticle toxicity was determined as material type, followed by concentration and size
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of NPs, cell type, and toxicity test indicator. Also, it has been stated that the complexity and
heterogeneity of previously published data, as well as the interdependency of possible
significant attributes, make it difficult to generalize the toxicity behaviors of NPs [5].
Recently, we developed a rule-based ML model using ARM on the toxicity data set of a
wide range of inorganic, organic, and carbon-based NPs with 4111 cell viability samples
from 152 articles. Encoding the descriptors of material and cell properties, and experimental
conditions, we found that toxicity is mainly related to the core and coating material of the
NPs as well as their synthesis route. Also, we identified associations of features that result

in high cell viability [9].

Most of the datasets of available meta-analysis studies have been generated by
performing in vitro or in vivo toxicity tests of NPs or collecting/extracting toxicity data from
the literature. Nevertheless, some studies used databases such as the S2ZNANO database
[142] to obtain cell viability data of MWCNTs [118] or metal oxides [116,143-145].
Furthermore, Pravin et al. combined various databases NanoDESK [146], eNanoMapper
[147], NANOREG [148] and published literature to form their data set [149].

Table 2.1. Key features of meta-analysis studies developed to predict/classify the

cytotoxicity of nanoparticles in chronological order.

) Nanoparticle Toxicity
ML Algorithm ] Cell Type Year Ref.
Type Endpoint
MLR Metal oxides LDso E. coli 2009 [103]
immortalized rat L2 lung
. epithelial cells and rat
MLR, LDA TiOzand ZnO  LDH Release 2010 [104]
lung alveolar
macrophages
Plasma-
LR Metal oxides Membrane Transformed BEAS-2B 2011 [105]
Leakage
MLR Metal oxides log(1/ECso) E. coli 2011 [106]
Caco-2, MDCK, HepG2,
DT Cobalt Cell Viability ~ A549, NCIH441, Primary 2011 [122]

mouse dendritic cells
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Table 2.1. Key features of meta-analysis studies developed to predict/classify the cytotoxicity of

nanoparticles in chronological order (cont.).

MC Metal oxides log(1/ECs0) E. coli 2012 [108]
Cell Viability,
DT Metal oxides LDH Release, = RAW 264.7, BEAS-2B 2012 [123]
ATP Level
Metals, metal
) oxides, 24 hrs Post
kNN, Bagging, ) S ) )
dendrimer,and  Fertilization Embryonic zebrafish 2013 [140]
DT, K-Star ) )
polymeric Mortality
materials
aorta endothelial,
NBC, LR, LDA, ) ) o vascular smooth muscle,
Iron oxide Bioactivity 2013 [125]
kNN hepatocyte,
monocyte/macrophage
Cell Viability,
NBC, MLR, ]
Metal oxides LDH Release, = RAW 264.7, BEAS-2B 2013 [124]
LDA, LR, SVM
ATP Level
Metals and
LDA ) CCso, ECso RAW264.7, A549 2014 [136]
metal oxides
Metals and
LDA ) TCso A549, HepG2 2014 [135]
metal oxides
MLR Metal oxides log(1/LCso) E. coli 2014 [113]
) Smooth endothelial and smooth
Iron oxides
ANN Muscle muscle cells, monocytes, 2014 [126]
(CLIO) )
Apoptosis hepatocytes
. |Og(1/LC5o), .
RF Metal oxides E. coli, HaCaT 2014 [110]
|Og(1/EC5o)
Smooth
Metals, metal
_ Muscle
oxides, ] ]
DTF, DTB Apoptosis, Mixed 2014 [111]
MWCNTs,
Cell Viability,
fullerenes

|Og(1/EC50)
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Table 2.1. Key features of meta-analysis studies developed to predict/classify the cytotoxicity of

nanoparticles in chronological order (cont.).

ICso

Neutrophils,
Carbon Macrophages, )
DT, RF Mice, rat 2014 [127]
nanotubes LDH, total
protein
MLR, PLS Metal oxides log(1/ECso) E. coli 2014 [109]
immortalized rat L2 lung
MLR, SVM, ) I
ANN TiOzand ZnO  LDH Release epithelial cells, rat lung 2015 [150]
alveolar macrophages
MLR Metal oxides log(1/LCs0) HaCaT 2015 [129]
MC Metal oxides log(1/LCso) E. coli 2015 [115]
Read-across Metal oxides LCso, ECso E. coli, HaCaT 2015 [112]
NBC, SMO,
PAMAM o
DT, RF, . Cell Viability Caco-2 2015 [141]
) dendrimers
Bagging, *
RF Metal oxides  Cell Viability = RAW 264.7, BEAS-2B 2015 [133]
Cell Viability,
LDH Release,
MLR, ANN ZnO o HUVECs, HepG2 2016 [151]
Oxidative
Stress
Carbon o
kNN, RF, SVM Cell Viability THP-1 macrophages 2016 [128]
nanotubes
MLR Metal oxides log(1/ECs0) E. coli 2016 [152]
N THP-1, 16HBE, A549,
RF, MC Silica log(1/EC2s) 2016 [121]
HaCaT, NRK-52E
. |Og(1/LC5o), .
MC Metal oxides E. coli, HaCaT 2016 [107]
|Og(1/EC5o)
Cell Viability,
DT Metal oxides LDH Release, = RAW 264.7, BEAS-2B 2016 [153]
ATP Level
MC Silica Cell Viability HEK293 2016 [120]
Cell Viability, ]
RF Quantum dots Mixed 2016  [4]
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Table 2.1. Key features of meta-analysis studies developed to predict/classify the cytotoxicity of

nanoparticles in chronological order (cont.).

RAW 264.7, A549, Danio

Metals and CCso, LCxo, rerio (embryos),
ANN ) ) ) 2017  [6]
metal oxides ECso Pseudokirchneriella
subcapitata
ANN Metal oxides log(1/ECso) E. coli 2017 [154]
Metals and o
LR ) Toxicity class ~ RAW 264.7, BEAS-2B 2017 [155]
metal oxides
] log(1/LCx), )
Read-across Metal oxides E. coli, HaCaT 2017 [130]
log(1/ECs0)
] log(1/LCx), )
Read-across Metal oxides E. coli, HaCaT 2017 [131]
log(1/ECso)
) ) Chinese hamster ovary
Gaussian TiO-based ECso 2017 [156]
cells (CHO-K1)
Metals, metal
BN oxides, Cell Viability Mixed 2017 [157]
cellulose
] log(1/LCx), )
RF Metal oxides E. coli, HaCaT 2017 [158]
log(1/ECs0)
) Chinese hamster ovary
MLR TiO-based log(1/ECs0) 2018 [159]
cells
MC Nanozeolites  Cell Viability HeK293, HelLa 2018 [119]
o BEAS-2B, 16HBE14o0-,
MC MWCNTSs Cell Viability 2018 [118]
WI-38, HBE
ECs, ECyo, hepatocytes, HUVEC,
MC Gold ] 2018 [160]
ECso, HED HRPTEC, keratinocytes
RF Metal oxides  Cell Viability Mixed 2018 [143]
Metals,
metallic alloys, Reproductive
RF metal oxides, toxicity, Male rodents 2018 [139]
MWCNTS, accumulation

graphene oxide
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Table 2.1. Key features of meta-analysis studies developed to predict/classify the cytotoxicity of

nanoparticles in chronological order (cont.).

ZnO, TiO,,
LR, SVM, RF, SiOy, Fes0y, N .
Cell Viability Mixed 2018 [144]
ANN A|203, CUO,
and Fe;03
Inorganic,
DT organic and Cell Viability Mixed 2019  [9]
carbon-based
Cell Viability, )
BN Quantum dots Mixed 2019 [138]
IC50
MC Metal oxides  Cell Viability BEAS-2B, HaCaT 2019 [116]
Ag, Au,
Polymeric
NPs, CuO,
) Cellular )
BN ZnO, TiOy, Mixed 2019 [161]
) Effects
Si0,, Fe,03,
Polystyrene
NPs, CoFe;0,4
SiOy, TiOy,
PLS, DT CeO,, AIOOH, LDH Release RAW 264.7 2019 [162]
ZnO, Ni(OH),
] log(1/LCx), )
PLS Metal oxides E. coli, HaCaT 2019 [134]
log(1/ECso)
kNN Metal oxides  Cell Viability = RAW 264.7, BEAS-2B 2020 [145]
MC Metal oxides LCso A549 2020 [117]
AutoML (LR) SPIONs Cell Viability Stem Cells 2020 [163]
FeO, SiOy,
TiOQ, Ag,
RF Cu0, Zn0, Cell Viability Brain tissue 2020 [164]
GO, MnO,

SWCNT
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Table 2.1. Key features of meta-analysis studies developed to predict/classify the cytotoxicity of

nanoparticles in chronological order (cont.).

Fold change
DT, SVM, LR Metal oxides in Interleukin- THP-1 2020 [165]
1B (log2(FCiL-
18))
Cell Viability,
LDA, RF Metal oxides DNA in the Mixed 2020 [149]
tail
LDA Metal oxides  Genotoxicity Mixed 2020 [137]
LDA, NB, LR,
SMO, ) ]
AdaBoost, DT, Metal oxides ECso E. coli 2021 [166]
RF
Cell Viability,
RF Graphene ICso, LDH Mixed 2021 [167]
Release
DT, RF Silver Cell Viability Mixed 2021 [168]
Inorganic,
ARM organic and Cell Viability Mixed 2021  [9]
carbon-based
DT ZnO Cell Viability Mixed 2022 [169]

ANN: Artificial Neural Network, ARM: Association Rule Mining, AutoML: Automated Machine
Learning, BN: Bayesian Network, DT: Decision Tree, DTB: Decision Treeboost, DTF: Decision

Tree Forest, KNN: k-Nearest Neighbor, LDA: Linear Discriminant Analysis, LR: Logistic

Regression, MC: Monte Carlo, MLR: Multiple Linear Regression, NBC: Naive Bayesian

Classifier, PLS: Partial Least Squares, RF: Random Forest, SMO: Sequential Minimal
Optimization, SVM: Support Vector Machine. *Other ML tools.
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Carbon, 8 Nanozeolite, 1

Polymeric, 5 Metal, 15

SVM, 5

RF, 16

MC, 10 Metal oxide, 55

Figure 2.6. Number of (a) machine learning models developed to predict/classify the
cytotoxicity of nanomaterials, (b) nanomaterial type used in the developed machine

learning models.

2.7.1. Limitations and Challenges

The difficulties faced by the proposed models can be grouped under three general headings:

heterogeneity, knowledge gaps, and lack of standardization [4,5,127].

Diversity, purity, and synthesis methods of NPs, toxicity indicators, measured
physicochemical properties, measurement techniques, and parameters differ from study
to study and create a great variation. There is still an ongoing effort to deal with the
heterogeneity of the published literature.

Not all of the selected toxicity descriptors can be accessed in the articles or databases.
While some models can handle missing data (e.g. QSAR-perturbation, ARM etc.), most
ML tools (especially regression-based) fail to work with data gaps. In this regard, (i)
various replacement/imputation techniques, e.g., mean/median value imputation,
regression-based imputation, similarity-based replacement, are used, (ii) the data set is
divided into small sub-sets or (iii) the samples with a data gap are excluded from the
model [143].

There are no standard testing protocols while determining the properties such as size or
zeta potential of NPs. Mostly the NP size is classified as core size, primary size, and
hydrodynamic size. Core/primary size can be measured by SEM or TEM while the
hydrodynamic size and zeta potential can be measured by DLS in different mediums
such as distilled water, salt water, or cell medium at different temperatures. Since NPs
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interact with the molecules that are present in the medium, their dispersion and
aggregation behavior change with respect to the structure of molecules that they interact

with or the environmental conditions.

Furthermore, collinearity between descriptors and class imbalance in toxicity endpoints can
become a challenge in ML models. In the regression-type analysis, the toxicity features
should be independent of each other, therefore, a correlation between variables should be
identified to remove the collinearity problem which reduces the reliability of models. If
correlated variables are identified, the one with the higher correlation with the endpoint is
selected in the development of the model. Then, a feature selection algorithm may be
implemented to optimize the performance of the model [170]. In classification-type analysis,
class imbalance may arise if the number of samples in one toxicity class is much larger than
the samples in another toxicity class. Thus, the major class is predicted with high accuracy
while the minor class prediction fails. This may be eliminated with some techniques such as

random sampling [144,161].

2.8. Nanoparticle-Membrane Interactions by MD Simulations

How nanoparticles cross and interact with biological membranes and what their
toxicity mechanisms are is not yet well understood. In this regard, experimental studies
cannot show the required resolution to explain the translocation and distribution of NPs
across membranes. Therefore, computational approaches, i.e., MD simulations, have been
adopted to determine the energetics and distributions of NPs through cell membrane models.
Atomistic simulations have provided important information with high resolution but have
not been able to reflect the realistic size and complexity of biological systems due to high
simulation costs. To improve the time and length scales of systems by moving beyond the
traditional atomistic models, CG molecular modeling has been developed with lower
resolution. Thus, large system sizes and simulation timescales have become accessible at the
expense of losing some molecular detail [15]. Studies including both methods will be
summarized followingly. Since the focus of this study is carbon-based NPs, fullerenes and

carbon nanotubes will be investigated under two subheadings after cell membrane models.
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2.8.1. Cell Membrane Models

In literature, developed membrane models mainly consist of single DOPC, POPC, or
DPPC lipids or their mixture in the presence and absence of cholesterol (CHOL). The most
complex cellular membrane model was proposed by Ingolfsson et al. to represent an
idealized mammalian plasma membrane. By using CG MD simulations with 63 different
lipid types, they obtained a detailed molecular view of lipid organization. Their plasma
membrane model did not exhibit phase separation or domain formation but a heterogeneous
mixture of lipids. The asymmetrical nature of the membrane was cholesterol-rich in the outer
leaflet with nanodomains of gangliosides while phosphoinositides are clustered in the inner
leaflet. Characterization of PM lipids in terms of the order parameter, diffusion rates, and
local environment gave insight into the functional roles of lipids. With this study, it has been
seen that more realistic membrane models can be developed via embedding proteins, which

form a large fraction of a real plasma membrane [171].

Later, Ingolfsson et al. extended their average plasma membrane model by developing
a complex neuronal plasma membrane model. Although they used remarkably different lipid
compositions, the characteristics of the models showed high similarities in terms of average
bilayer properties. This was attributed to the increased tail unsaturation in balance with a
higher cholesterol content. On the other hand, it was observed that the size and duration of
domains change depending on the lipid composition (Brain or Average) and bilayer
undulations. Furthermore, it was reported that the lipids in the Brain mixture diffuse and
flip-flop slower and the variation of properties is greater in the lower and upper leaflets of

the Brain plasma membrane [172].

Koldso et al. proposed mammalian plasma membrane models consisting of
asymmetrically organized lipids and transmembrane (TM) proteins. They introduced
compartments at various degrees of restraints within the membrane models and showed that
compartmentalization caused by cytoskeletal immobilization reduces the mobility of lipids
and proteins. Thus, the dimerization of protein within the membrane and hopping of

membrane proteins between compartments diminished as well [173].
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The effect of cholesterol flip-flop on domain registration has been studied by Thallmair
et al. by using ternary and quaternary lipid mixtures in addition to the plasma membrane
model developed by Ingolfsson et al. They have found that cholesterol plays an important
role in signal transduction across the leaflets by populating the interleaflet space. Moreover,
they have pointed out that cholesterol can transfer local density gradients rapidly by the

alignment of transient domains [174].

2.8.2. Interactions of Fullerenes with Lipid Membranes

There are several studies carried out on the interactions and energetics of fullerene NPs
across lipid bilayers in the literature. The AA fullerene models used are mostly based on the
parameters suggested by Girifalco [175], while the CG fullerene models are based on
Monticelli et al. [176].

First, Qiao et al. calculated the free energy of a Ceo and its hydroxyl-derivative
(Ceo(OH)20) with respect to the distance from the center of the DPPC bilayer. It was observed
that an energetically favorable location is at the interior of the bilayer (~1.1 nm from the
center of the bilayer) for Ceo but the water-lipid interface for Cso(OH)20. Since the area
increased when C60 penetrated the bilayer, the toxicity of fullerene was associated with the
membrane leakage caused by microphore formation [177]. However, this interpretation was
denied since fullerene molecules are hydrophobic and there is no evidence that water
molecules are presented in the hydrophobic core of the membrane [178].

Li et al. investigated the interactions of two C60 molecules inside DMPC bilayer and
in tridecane by AA simulations. According to PMF calculations, the preferred position of a
single C60 was determined at 0.6-0.7 nm distance from the center of the bilayer. This was
explained by the strong dispersion interactions in the denser regions of the membrane. On
the other hand, placing fullerene close to the water-membrane interface region created a
higher free energy barrier as it causes a large distortion in lipid headgroups. Furthermore,
the interaction energy between the fullerene pair as a function of separation distance was
found less favorable in DMPC than in tridecane because of the perturbation of the lipid
bilayer structure [179]. The same group also reported that the transport of C60 from bulk

water to the membrane core is of no free energy barrier and the decrease in free energy as
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C60 passes through the headgroups is due to the stronger dispersion interactions between
C60 and the bilayer than those between C60 and water molecules. Thus, weakening the
strength of the dispersion interactions of fullerenes with the surroundings created a higher

free energy barrier to penetrate the lipid headgroups [12].

Using experimental partitioning data of fullerenes in polar and organic phases, Wong-
Ekkabut et al. developed a CG model [180]. They represented a 60 carbon fullerene molecule
with 16 beads by applying an approximately 4:1 mapping strategy. Thus, the speed of
simulations increased by about 800 times that of AA simulations, enabling simulations at
the microsecond time scale [178]. In this way, they observed the aggregation behavior of
fullerenes and found that fullerenes rapidly form clusters in the water phase and disintegrate
in the bilayer at hundreds of nanoseconds. Although insertion of fullerenes causes small
distortions, it did not lead to membrane damage even at high fullerene concentrations [180].
Another CG approach based on approximately 4:1 mapping of carbon atoms [181] was
adopted by D’Rozario et al. to compare the permeation energetics of fullerene and its
hyroxyl- derivatives through a DPPC bilayer. They replaced the apolar carbon beads with 5,
10, 15, or 20 polar-type beads to describe the hydroxylated fullerenes. Predictably, fullerenes
with less polarity are partitioned into the bilayer while the ones with high polarity adsorbed

on the bilayer surface [182].

Chang et al. studied the clustering of fullerenes across DMPC bilayer by atomistic
simulations. Similar to Wong-Ekkabut et al., they observed aggregation of fullerenes in the
aqueous phase and dispersion inside the bilayer. This was attributed to the bilayer thickening
effect of fullerenes. Once fullerenes are internalized, the thickness of the bilayer increases
and generates room for the motion of fullerenes. Consequently, increasing the concentration
of fullerenes resulted in faster dynamics inside the bilayer compared to that in the water
phase [183]. Zhang et al. identified two mechanisms for the self-assembly of fullerenes: (i)
self-assembly of fullerenes is completed before their penetration, (ii) self-assembly of
fullerenes overlaps with their penetration through the membrane. Their simulations showed
that not only single fullerenes but also small aggregates of fullerenes can be inserted into the
DOPC membrane by creating local changes in the membrane structure. The favorable
position inside the membrane was found about 1.0 nm from the center plane [184], in parallel

to previous studies [177,179]. This work is important in terms of characterizing the stacking
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modes of fullerene clusters such as equilateral triangle, tetrahedron, trigonal bipyramid, and
octahedron for 3, 4, 5, and 6 clusters of fullerenes [184]. Clustering of fullerenes was further
studied by different groups through CG simulations [185-188]. Barnoud et al. observed
fullerene aggregation in alkanes and POPC bilayer by both AA and CG simulations. It was
reported that aggregation of fullerenes is an entropy-driven process but lipid membranes
reduce this tendency of fullerenes because of the enthalpic costs. Thus, similar to Li et al.
[179], dimerization of fullerenes was found to be more favorable in alkanes than in lipid
bilayer. Membrane density, which depends on the composition of the bilayer, and
perturbation of lipid membrane structure were important factors in this enthalpic burden
[185].

Xie et al. reported that the initial aggregation states of fullerenes determine their
interactions with the bilayer. Small fullerene clusters increased the membrane area and
thickness while large fullerene clusters reduced the area due to the protrusion of lipids. They
also showed that in the presence of large fullerene clusters transmembrane movement of
lipids causes the symmetry of the bilayer to be broken [186]. Nalakarn et al. performed a
clustering study through DPPC, DOPC, and POPC membranes and explained the effect of
lipid saturation on fullerene aggregation. Due to the enthalpic contributions, fullerenes
formed clusters in the saturated membrane, however, in the unsaturated membrane, the
dominant effect of entropy caused fullerenes to disperse [188]. A similar study has been
conducted on fullerene clustering inside various saturated and unsaturated lipid membranes

and the same conclusion were drawn [189].

Functionalized fullerenes have been explored in some studies. Kraszewski et al.
investigated the uptake route of amino-functionalized C60 molecules by POPC membrane.
They demonstrated that charged amino groups bind to the lipid headgroups while the non-
functionalized side of the fullerene interacts with the hydrophobic core of the membrane.
Furthermore, they reported that increasing amino functionalization added a hydrophilic
character to fullerenes, and therefore, deprotonation of the amino group is required for their
full translocation. Nevertheless, fullerenes have been addressed as suitable drug-carrier
agents since they facilitated the uptake of cationic groups [190]. Tri-malonyl-functionalized
amphiphilic derivatives of fullerenes have been studied by Bozdaganyan et al. through DPPC

membrane. The free energy minimum of pristine C60 has been found at 0.7-0.8 nm from the
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bilayer center as in line with previous literature. They also confirmed that both single C60
and oligomers of C60 spontaneously diffuse into the membrane core and remain inside
during the simulation. On the other hand, amphiphilic derivatives of C60 couldn’t penetrate

the bilayer but were adsorbed at the surface of the bilayer [191].

The effect of surface modification of fullerenes was further studied by Mohammadyani
and Modarress [192]. They determined the favorable location of pristine fullerene as the
central region of the bilayer, by confirming previous PMF results [12,179] and suggested
the optimal hydroxyl group number as four for the transport of fullerenes across DPPC [192].
Hydroxyl modification of fullerenes was also studied by AA simulations [193] and it was
shown that fullerenes with <=2 number of hydroxyl groups penetrate the hydrophobic region
of the DMPC membrane while with >=8 number of hydroxyl adhere onto the bilayer surface.
Therefore, the optimal number of hydroxyl groups was suggested as 6 to cross the cell
membrane and reach the interior of the cell. However, it should be noted that the difference
between the two studies can be sourced from the different calculation methods and

membrane structures.

Sun and Gu explored the cholesterol effect on the translocation of single pristine
fullerene across the DPPC bilayer. At increasing concentrations of cholesterol between 0-
50%, equilibrated positions of fullerenes increased in the z-direction and it was shown that
the more the cholesterol concentration the less the permeability coefficient of the fullerene
due to the condensing effect of cholesterol [194]. Alves et al. further studied the effect of
cholesterol on fullerene translocation across DOPC membrane with three different
cholesterol concentrations between 10-30%. Similarly, they found that cholesterol increases
the rigidity of the membrane and the required force for fullerene insertion. This effect was
reported to be more pronounced with a 30% cholesterol concentration [195].

Sridhar et al. observed the effect of temperature in addition to the concentration and
polarity of the fullerenes by CG simulations. They reported that pristine fullerene locate
close to the DSPC bilayer center but as polarity increases, they tend towards the lipid
headgroups. They found that the more the polarity of fullerenes, the longest the residence
time passed in aqueous water site. These trends were also reproduced with AA simulations

with a larger residence time in the water than those obtained with CG simulations.
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Furthermore, the temperature influenced the pristine and half-polar (Janus) fullerene in
different ways: the residence time of pristine fullerene in water has a positive correlation
with temperature while that of Janus has an opposite correlation. They drew attention to two
problems that are frequently encountered: (i) pristine fullerenes cannot come out after
entering the membrane and (ii) fullerene with polar groups cannot fully penetrate the
membrane. To overcome these challenges, they suggested (half-polar) Janus fullerenes as
promising drug delivery agents and showed that complete migration can be achieved by
Janus NPs [196]. Recently, we explored the peroxidation degree of DOPC and POPC lipids
as well as the polarity and concentration of fullerenes across lipid bilayers. We observed that
lipid peroxidation is not the likely mechanism of fullerene toxicity in terms of disruption of
membrane integrity. Moreover, we identified the preferred locations of fullerenes and their
polar derivatives in pure and peroxidized lipid bilayers. Contrary to Sridhar et al., we

couldn’t obtain complete migration of Janus NPs across investigated membrane types [197].

It is seen that the membrane models developed in fullerene MD studies are generally
composed of single or binary lipids. However, a more realistic membrane model which
represents the skin bilayer has been proposed using an equimolar mixture of ceramides,
cholesterol, and fatty acids. Their unconstrained MD simulations demonstrated that at low
concentrations of fullerenes, penetration occurs within a few microseconds while at high
concentrations, large clusters of fullerenes can not disperse in the membrane interior even
after 12 ps simulation time. Thus, the permeation process of fullerenes was associated with
their concentration level and explained by the thermodynamics and diffusivity of fullerenes.
Moreover, lower concentrations of fullerenes did not alter the bilayer properties, such as area
per lipid, bilayer thickness, and order parameter, in a significant manner but higher

concentrations of fullerenes cause undulations [198].

Sastre et al. investigated the interactions of fullerenes with different membrane models
including single, binary and ternary lipids. The change in lipid saturation and fullerene
concentration as well as the presence of cholesterol resulted in different behaviors of
fullerenes. In unsaturated DUPC lipid, fullerene molecules rapidly penetrated the bilayer
while in monounsaturated POPC and saturated DPPC membranes translocation took longer
times due to the high internal ordering and compactness of saturated lipids. Since the

introduction of cholesterol increases the membrane compactness, adsorption of fullerenes in
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cholesterol-including membranes occurred at longer times. Cholesterol flip-flop which is
more pronounced in DUPC membrane was blocked by the increasing concentrations of
fullerenes as they occupy central regions of the bilayer and reduce the hydroxyl density.
Additionally, fullerenes were observed to alter the structural and dynamic properties of
membranes and promote phase segregation and alignment of domains by concentrating on

the disordered hydrophobic domains of the bilayer [199].

The partitioning of fullerene from water to the lipid bilayer was investigated in various
studies. The free energy minimum of a single fullerene in DMPC membrane interior was
reported as ~92 kJ/mol [12] and ~35 kJ/mol [177] while in DOPC it was reported as ~110
kJ/mol [180] and ~80-90 kJ/mol [200]. The difference between free energy values can be
sourced from the different force fields used in these studies. The free energy minimum in
the DPPC membrane was found to be ~198 kJ/mol [182] while in the DSPC membrane as
~115 kJ/mol [196]. The free energy minimum in the POPC bilayer was estimated as ~80
kJ/mol [176] by both AA and CG simulations. We also calculated the free energy minima in
DOPC and POPC as ~110 kJ/mol and ~90 kJ/mol [197], respectively in consistent with the

literature.

Table 2.2. Free energy of transfer of a single fullerene molecule from bulk water into the
lipid bilayer. The equilibrium distance is the distance between the COM of the fullerene

and the center of the bilayer at the position where the free energy is minimum.

Lipid Bilayer Equilibrium AG Ref.
Type Distance (nm) (kJ/mol)
DMPC 1.1 -35 [177]
DMPC 0.6-0.7 -92 [12]
DOPC 1 -110 [180]
DOPC 0.7 -80 [200]
DOPC 1.1 -110 [197]
DPPC 0-1 -198 [182]
DSPC 0 -115 [196]
POPC AA:0.8,CG:1.1 -80 [176]
POPC 1 -90 [197]
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2.8.3. Interaction of Carbon Nanotubes with Lipid Membranes

Lopez et al. showed the insertion mechanism of SWCNTs terminated by hydrophilic
groups in two steps: (i) adsorption of the nanotube on membrane surface in parallel
alignment with the water-membrane interface, (ii) spontaneous orientation to a
transmembrane configuration in which the hydrophilic ends of the nanotube interact with
hydrophilic headgroups. The second step was observed to be promoted by the chaperone
lipids by coating the hydrophilic terminals of the nanotube with the lipid headgroups. Thus,
chaperone lipids are transported to the opposite leaflet of the bilayer by transbilayer
movement with the nanotube [201]. It was noted that the transmembrane configuration of

the nanotube is suitable for use as channels or nanosyringes in drug delivery systems [202].

Gan and Chen studied the effect of CNT size on the bulk modulus of a POPC lipid
bilayer. They found that the bulk modulus does not increase monotonically with the increase
in the length of the nanotube. This was explained by the attraction-repulsion forces between
the nanotube and the bilayer [203]. The size effect on the penetration of nanotubes into DPPC
was investigated by different groups [181,204]. Wallace and Sansom changed the diameters
of SWCNTs between 1.4 — 6.1 nm and pulled them through the bilayer at velocities between
0.5-50 nm/ns. At higher rates of penetration velocity, fewer lipids blocked the inner surface
of the nanotube. However, all CNTs were coated by the lipids from both inner and outer
sides, especially from the leaflet on the exit site. Only CNTs with 5 and 6.1 nm in diameter
had partially blocked by the lipids but also a column of water. Moreover, they reported that
the force required to extract the nanotube from the bilayer is larger in the parallel alignment
of the nanotube to the bilayer plane than in oblique (45°) or vertical alignment. This was
associated with the higher perturbation i.e., deformation of lipid membrane in the former
case [181]. Shi et al. also studied how nanotubes of different sizes enter the bilayer. They
used SWCNTSs in the 1-1.5 nm diameter range and MWCNTS in the 2-10 nm diameter range
at the same length of 6 nm and found that the uptake mechanism of CNTSs is size-dependent.
While thin nanotubes directly diffuse into the cells, thick nanotubes were observed to be
wrapped by the lipids and the transition between two entry routes was explained by a critical
radius of ~1.5 nm which is obtained through integrating a theoretical model with MD results
[204].



36

The interactions of CNTs with lipid membranes were investigated in the presence of
cholesterol in some studies [205-207]. Steered MD simulations were performed with CNTs,
of 1 nm in diameter and 2 nm in length, through POPC and POPC with cholesterol. They
calculated the forces and the free energy barrier to puncture the membranes and found that
neither forces nor free energies change significantly in POPC with 30% cholesterol
compared to that of POPC [205]. Similarly, Raczynski et al. conducted a steered MD study
on the nanoindentation process of CNTs through DMPC/CHOL bilayer. Contrary to
previous studies, they used open-ended and capped CNTs of 1.34 nm diameter and 6 nm
length in the armchair configuration. Their results showed that the insertion of capped
nanotubes requires a lower free energy barrier and open-ended CNTs lead to larger
deformations on the membrane structure because of the entrainment of lipids. Nevertheless,
no permanent damage was identified in the membrane structure for both models [206]. The
same group also carried out a steered MD study on nanoindentation and extraction of open-
ended CNTs by changing the diameter between 0.7-1.5 nm. Membrane damage was
determined to be higher at the high speed of indentation but lower at the high speed of
extraction. It was also observed that CNTs have a greater tendency to extract cholesterol
than DMPC, however, no matter how many lipids are removed, the system returned to
equilibrium at a maximum of 12 ns [207].

The interaction of functionalized CNTs with lipid bilayers has been covered by many
studies [208-215]. Kraszewski et al. studied the insertion of pristine and amino-
functionalized CNTs into the POPC bilayer [208]. They supported the direct permeation of
short CNTs (5 nm in length) through the membrane by confirming previous studies and
proposed three steps for CNT insertion: (i) landing on the membrane surface, (ii) penetration
to the lipid headgroups, (iii) sliding to the core of the membrane. This nanoneedle-like
insertion process was confirmed later with experimental findings [210] and did not change
depending on the functionalization or whether CNT is open-ended or closed-ended, but the
increasing density of functionalization increased the penetration angle with respect to the
bilayer plane [208]. Based on MD simulation results, the same group generated a Monte
Carlo model to explore the internalization of CNTs by a lipid bilayer as a function of their
length. They demonstrated that the insertion of CNTs is driven by hydrophobic interactions
and short CNTSs have a stronger affinity to penetrate the bilayer passively [209].
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Lee developed functionalized SWCNTSs (1.4 nm in diameter and 20 nm in length) by
wrapping them either with lipids or PEGylated lipids. It was noted that hydrophobic
interactions dominate the insertion of CNTSs into bilayers, however, wrapping of CNTs with
charged lipids or long hydrophilic PEG chains (Mw =2 kDa) hinders the insertion process
despite their electrostatic interactions with lipid headgroups. Moreover, it was shown that
although pristine CNTs aggregate, lipid-wrapped CNTs partially aggregate, and CNTSs
wrapped with PEGylated lipids disperse [212]. The comparison of covalent and non-
covalent PEG conjugation of SWCNTSs revealed that covalently functionalized CNTs bind
to the membrane surface but can not insert into the bilayer while the noncovalently coated
CNTs penetrate inside the bilayer since PEGylated lipids separate from the nanotube and
blend with membrane lipids. On the other hand, coated CNTs form aggregates that can not
be easily excreted through renal paths consistent with the experiments [213]. By using lipid-
coated CNTs, a vertical channel was tried to be developed as a function of lipid coating
density and CNT length and it was suggested that repulsion forces between coating lipids
and membrane lipids can prevent CNTs from being fully inserted into the membrane [214].
Another study on lipid-coated CNTs of 10 nm length showed that the free energy barrier to
penetrate the bilayer increases with increasing number and density of lipid-coating [215].

Baoukina et al. investigated the interactions of pristine and functionalized closed-end
CNTs of different sizes with lipid bilayers. Short and hydrophobic CNTSs oriented parallel
to the bilayer plane after they are internalized but cap functionalized CNTs adopted a tilted
configuration. As the hydrophobic length of the nanotube increased, the tilt angle between
the center-of-mass of the tube and bilayer normal increased. Furthermore, the penetration of
CNT aggregates consisting of four and 16 monomers was observed. While the former adopts
a parallel alignment with respect to the bilayer plane inside the bilayer, the latter did not
enter the bilayer [211]. Gao et al. confirmed that pristine CNTs can spontaneously enter the
membrane and stay in the hydrophobic region of the membrane if their length is less than
the bilayer thickness. However, contrary to previous studies, they claimed that there is no
specific orientation of CNTs inside the bilayer. On the other hand, they observed that
hydroxyl-modified CNTs stand perpendicular to the bilayer plane owing to the electrostatic
forces between hydroxyl groups of CNTs and lipid headgroups. Thus, functionalized CNTs
have been addressed as suitable carriers of small molecules such as CO2 by connecting the

extracellular and intracellular sides of the membrane [216].
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Parthasarathi et al. embedded the pristine closed-end CNTs of ~6 nm in length into the
DOPC bilayer and observed the effect of embedded single and bundle of CNTs on membrane
structure. Their AA simulations showed that the presence of CNTs reduce lipid mobility and
perturb the interfacial water structure [217]. The perturbation of membrane was associated
to the size and type of the nanotube [218]. Vogele et al. also studied the interactions of
embedded pristine CNTs and their polar derivatives using AA and CG simulations. They
found that CNT chirality and the degree of polarity of functional groups at the end ring of
CNTs has no effect on the interactions with lipid acyl tails, however, the latter significantly
influence water permeability and the interactions with lipid headgroups. They also
confirmed that longer tubes have higher tilting angles with respect to the normal of the
bilayer compared to short CNTs and polar functional groups inhibit the tilting of CNTs
[219].

2.8.4. Limitations and Challenges

Although MD simulations provide understanding at the molecular level that

experimental studies cannot reach, they have some difficulties and limitations [15]:

e Atomistic simulations present the highest level of molecular detail, however, they
are limited by time and length scales of us and nm due to the high computational
cost. Therefore, they can not reflect the complexity of cellular membranes and do
not allow us to observe long-lasting biological processes. Consequently, proposed
membrane models are limited in terms of lipid diversity and surface area while NP
sizes (max. 20 nm) do not cover the ranges tested on the experimental scale.

e Coarse-grained simulations provide the access to tens of us time and tens of nm
length scales by allowing the simulations of large and complex systems. However,
losing atomistic detail results in approximate estimations of the interactions of
molecules. Strong electrostatic interactions, hydrogen bond interactions, or
solvation effects are roughly described.

e In CG simulations, parameterization of molecules is tailored for only the
investigated system and may cause problems of transferability to other states or

compatibility with other biological molecules.
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Most of the previous studies cover simple membrane models consisting of single
or dual lipid types despite there being several entities like proteins in cell
membrane structure. Therefore, the influence of receptors is not taken into

consideration.
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3. COMPUTATIONAL METHODOLOGY

3.1. Toxicity Analysis of Nanoparticles by Machine Learning

3.1.1. Literature Search and Data Curation

Articles published between 2010 and 2020 were filtered by 'nanomaterial/nanoparticle
+ toxicity/cytotoxicity” keywords via various online resources, especially Google, Web of
Knowledge, and Scopus. At least the knowledge of material type and size (core diameter or
hydrodynamic size) of the NPs, cell type, exposure duration, and a clear description of cell
viability/death were required in the initial selection of articles. By extracting toxicity data of
various NPs from 152 articles, a data set was formed consisting of 4111 toxicity samples.
WebPlotDigitizer version 4.2 [220] was used to read mean cell viability values from line or
bar charts. Physicochemical properties of NPs, cell properties, and test conditions were
determined as descriptors against the toxicity endpoint of cell viability. The summary of

attributes is presented in Figure 3.1.

It should be noted that the size of NPs in the data set has been measured by different
techniques (i.e., SEM, TEM, DLS, etc.). While DLS measurements mostly show the
hydrodynamic sizes, microscopy analysis reflected the core/primary size. Hydrodynamic
size and zeta potential values were classified based on their environment as ‘in water’ and
‘in culture medium’. The measurements conducted in a salt environment were included in
the 'in culture medium' category because of the agglomeration or colloidal instability of salt
compounds [221] when compared to pure water. If not explicitly written, the surface charge
of NPs was identified as positive, negative, or neutral according to the zeta-potential values.
In ARM analysis, core diameter, aspect ratio and polydispersity index (PDI) were used as
size indicators while hydrodynamic size in water/medium was excluded to prevent
confusion. Similarly, zeta potential values were not used as an independent parameter since

they are used in the determination of surface charge.
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E Type

Inorganic (72%) — 20 NPs

Gold (14%), Silver (12%), Silica (10%), etc.
Organic (19%) — 8 NPs

Polystyrene (5%), Dendrimer (4%), etc.

Shape Carbon (9%) — 7 NPs Size
Carbon nanotubes (4%), etc.

Sphere (79%) © Diameter: 1.2-500 nm
Rod (6%) (I Size in Water: 0.04 — 889 nm
Nanotube (5%), etc. * Size in Medium: 1.9 — 1262 nm

Coat
Citrate (5%), PEG (4%)
Chitosan (3%), etc.

Nanoparticles Concentration
0.001 — 14015 pg/ml

Charge
Surface Charge
Negative (55%), Positive (19%),
Neutral (2%)
Zeta in Water: -158 — 256 mV
Zeta in Medium: -63 = 56 mV

Synthesis Method
Commercial (49%)
Chemical Reduction (12%)
Precipitation (7%)

Sol-Gel Method (6%), etc.

[b]

Type
Cell line (80%) — 69 Cells 16 Assays
A549 (8%), HepG2 (7%), HaCat (5%), etc. MTT (50%), MTS (11%),
. Source Primary Cells (20%) — 24 Cells CCK-8 (9%), NRU (9%), etc.
Animal (26%) HUVEC (3%), etc.
Mouse (15%), Rat (6%),
Monkey, etc.
Human (74%)
Cell Viability ey
Cells Tests Exposure Time
1-96 hr
Tissue
Lung (17%), Skin (12%),
Bone marrow (9%), etc. Morphology Te.ﬂ Inccatos
L : Tetrazolium salt (76%),
Epithelial (51%), Fibroblast
(19%), Keratinocyte (6%), etc. il Al
! vt T Alamar blue (8%), etc.

Figure 3.1. Summary of the features involved in the data set in relation to a) nanoparticles,
b) cell, c) testing properties. Quantitative descriptors are listed with their min—-max ranges
in the data set while qualitative descriptors are shown based on the frequency of the

classes. Reproduced from Ref. [9] with permission from the Royal Society of Chemistry.

To reduce the heterogeneity of the data set, iron oxide NPs which are unidentified, or
described by Fe>Os or FesO4 formulas were included in the same class. Commercial NPs

were assumed as spherical particles unless otherwise stated. In addition, NPs that appear
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spherical or sphere-like on microscope images were considered to be spherical. Given
synthesis methods relied on the preparation method of core NPs, not functionalization or
coating procedures. Unique or transformed synthesis methods were collected under
corresponding general headings. For instance, Brust—Schiffrin, modified Brust-Schiffrin
methods, or modified Frens methods were considered as the ‘chemical reduction’ method
while the modified sol-gel method was included in the sol-gel method. In vivo literature,
metalloids or metallic alloys and NPs loaded with drugs are out of the scope of this work.

The whole data set is given in ref. [9] as an Excel table.

3.1.2. Preprocessing

First, the data set was harmonized in terms of units of NP diameter (nm), mass
concentration (pg/ml), zeta potential (mV), and exposure duration (h). To handle categorical
attributes, one-hot encoding was applied. Continuous attributes were discretized into
intervals to prevent huge dimensionality problems and individual sampling in the
calculations. Here, we adopted the equal-width approach [222] which is based on the
generation of a specified number of intervals at the same size for discretization. However,
considering the biological knowledge we slightly changed the bin width for diameter and

concentration.

The discretization process was performed on diameter, concentration, aspect ratio, and
PDI variables. The minimum, maximum and mean values of these variables in the data set
are listed in Table 3.1. The PDI values were discretized into five intervals between 0 and 1
which corresponds to the ranges of (0-0.2], (0.2-0.4], (0.4-0.6], (0.6-0.8] and (0.8-1.0]. Since
aspect ratio and concentration in the data set cover a wide range, they were discretized based
on the logarithmic scale. Aspect ratio was split into four intervals consisting of (0-1), [1-2),
[2-3) and above 3. Here, values from 0 to 10 fall into the first range, values from 10 to 100
fall into the second range, and so on. Similarly, concentration was divided into five intervals
including (0-1), [1-2), [2-3), [3-4) and above 4. However, based on the sample values in the
bins, the upper bound of third class was reduced to 200 pg/ml.
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Table 3.1. The statistical descriptors of continuous numerical data.

Min Max Mean
Diameter (nm) 1.15 500 47.3
Concentration (ug/ml) 0.001 14015.2 152.8
PDI 0.005 1.0 0.33
Aspect Ratio 0.1 3333 155.2

As to diameter, two procedures were followed. First, the range of diameter values was
discretized into five bins of 25 nm width. However, these intervals did not differentiate from
each other in terms of significance for single factor association including diameter and
viability. In literature, nanoparticles smaller than 10 nm have been shown to have more
potential to be toxic [3]. Therefore, we changed our discretization technique to present
whether this hypothesis is true or not. In our approach, discretization was performed using
min-max and mean values based on the reported cellular internalization of nanoparticles.
The range of diameter values was divided into five intervals as shown in Table 3.2. It has
been reported that NPs having a size <200 nm can be internalized by clathrin- or caveolin-
mediated endocytosis [223], while caveolin-mediated endocytosis inhibits the uptake of
larger particles (>100 nm) [224]. Moreover, several studies reported an optimal size of 50
nm for NP internalization, while a smaller size (~25 nm) NP internalization has been shown
to decrease [58]. Hence, we took this information into account while discretizing our size
data (Table 3.2). We obtained similar results with both discretization technique but had a

chance to reflect the effect of narrow ranges of 0-10 nm and 10-25 nm in the manuscript.

Table 3.2. Discretization of nanoparticle diameter.

Method Diameter Range (nm)
Equal width | (0-25] nm | (25-50] nm | (50 - 75] nm | (75 - 100] nm 100 <
Our
(0-10] nm | (10,25] nm | (25-100] nm (100-200] 200 <
approach
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3.1.3. Association Rule Mining

To carry out ARM analysis, cell viability (which is the consequent in our study) was
divided into three categories: low (< 50%), medium (50-85%) and high (> 85%) cell
viability. The ARM technique was applied using single variable associations (individual
contribution to cell viability) and multiple variable associations (interactive contributions to
cell viability) on 24 h data to identify the factors resulting in high viability. The apriori [225]
algorithm in the mixtend [226] library of Python software [227] was used, and the association

rules were determined through three main parameters of support, confidence, and lift.

Support shows how often a specific factor (such as material type, synthesis method,
etc.) results in high viability in the entire data set. In our case, the minimum support value
has been set to 0.01 which corresponds to at least 24 data points so that sufficiently reliable
generalizations can be done. This threshold is used for only the first points in time dependent
analysis to allow the decreases in the data points with time to be easily observed. Confidence
is the probability of finding the high viability under all samples containing that specific
factor. A confidence cutoff of 70% was determined in our study to obtain stronger
associations. Lift is the ratio of the probability of a specific factor resulting in high viability
to the probability of finding high cell viability in the entire sample space. It is a measure of
a statistical significance of a rule: A lift value of one for a factor (or set of factors)
demonstrates that the corresponding factor has no positive or negative impact to obtain the
desired high viability result. If the lift value is less than one there is a negative correlation
between that factor(s) and cell viability. On the other hand, a lift value higher than one
indicates that the possibility of obtaining high cellular viability is higher with the use of that
factor(s) and increases with increasing lift value.

To further elucidate the effects of single factors on cell viability, the ARM algorithm
was also implemented on the data collected after 24 h, 48 h and 72 h. Thus, the change in
lift values with respect to time was monitored; since the number of data decreases with time,
the lift values of desirable associations were expected to increase. Here, the samples
satisfying the rule are taken from the cumulative combination of time data, i.e., the '24 h and
more' class contains the samples in 24 h, 48 h, 72 h, and 96 h; '48 h and more' class contains

the samples in 48 h, 72 h, and 96 h; *72 h and more’ class contains the samples in 72 h and
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96 h. This analysis is carried out to capture the trends of attributes over time (by observing

the change in lift values) and to obtain additional findings to support our results.
3.2. Molecular Dynamics Simulations

As a computer simulation technique, Molecular Dynamics allow to observe the
dynamic evolution of systems through physical movements and interactions of molecules.
They are used quite often because they can realistically describe the movements and resultant
conformational changes of molecules [228]. For a system of interacting particles, the
trajectories of atoms or molecules are solved by the numerical integration of Newton’s

equation of motion given as:

dle- Fi
— 3.1
dt? m; ( )

where m represents the mass, x shows the coordinate, t is time and F is the force acting on

species i.

The forces between the atoms or molecules are calculated by interatomic potentials or
molecular mechanics force fields. The CHARMM is a widely used force field that is first
described by Karplus group [229] and it has been integrated with several simulation
softwares. The potential energy function of CHARMM rely on the combination of bonded
(covalent bonds, valence, and dihedral angles) and non-bonded (van der Waals and

electrostatics) interactions as following [230]:
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where R is the vector of coordinates of atoms in a system. Intramolecular terms consist of
bonds (b), angles (6), Urey-Bradley (UB, S), dihedrals (x), and impropers (¢) with
corresponding force constants (K) and equilibrium values (subscript ‘0’). Intermolecular
(non-bonded) terms contain van der Waals interactions which are described by Lennard

Jones as potential with well depth (g;;) and the distance of minimum interaction energy
(Rmin,ij) and electrostatic interactions which are represented by Coulomb’s potential with

partial charges (q).
3.2.1. Coarse-Grained Molecular Dynamics

Coarse-grained models have been proposed to decrease the degrees of freedom of
atomistic simulations and have been widely used to improve the time and length scales of
systems. In these models, molecules are represented not by individual atoms, but by pseudo-
atoms approximating groups of atoms. A wide range of coarse-grained models have been
developed including solvent-free or more realistic models with explicit but simplified
solvent [231,232].

The Martini model developed by Marrink et al. is based on a four-to-one mapping of
heavy atoms including hydrogen atoms bound to them [231,232]. It considers 4 types of
interaction sites which are polar (P), nonpolar (N), apolar (C), and charged (Q). Each bead

type has several subtypes to account for the degree of polarity and hydrogen bonding
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capability. The polarity ranges from low (1) to high (5), while hydrogen bonding ability is

divided into acceptor (a), donor (d), donor and acceptor (da), and none (0).

Two kinds of nonbonded interactions between beads at a distance r are described in
the model. A shifted Lennard-Jones (LJ) 12-6 potential energy is utilized as follows:

U (r) = 4e; [(Gij)lz — (ﬂ)ﬁ] (3.3)

r r

where o;; is the nearest distance between two particles and ¢;; is the strong of their
interaction. Lennard-Jones interactions are split into 10 levels with Roman numbers from O
to IX and corresponding well depths between 5.6 kJ/mol and 2 kJ/mol. Therefore, it is
possible to fit experimental data by adjusting a small number of interaction strengths.

Additionally, a shifted Coulombic potential energy function is utilized for charged groups:

qiq;
4meq €,

Ug(r) = (3.4)

where q; and g; are electric charges, ¢, is the dielectric constant and e, is the relative

dielectric constant for explicit screening.

The bonded interactions between chemically connected sites are included as harmonic

potentials for bonds and angles, respectively:

1
Vbond(R) = EKbond(R - Rbond)2 (3-5)

Vangle @) = %Kangle{cos (6) — cos (90)}2 (3.6)

where R denotes the distances between the bonded interaction sites, Kj,,,4 IS the bond force
constant, and R,,,q IS the equilibrium distance while analogously 6 denotes the angle
between two neighboring bonds, K, 4. is the angle force constant and 6, is the equilibrium

bond angle [232].
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In comparison to atomistic models, Martini model reduces the degrees of freedom
together with the use of short-range potentials and achieves 3 to 4-fold efficiency in terms
of computational cost. Furthermore, the simple design of model allows a wide range of

applications with accurate predictions as well as speeding up the calculations [231].
3.2.2. Interactions of Fullerenes with Lipid Bilayers by CG Simulations

To investigate the interactions of fullerenes and their polar derivatives with regular
and peroxidized lipid bilayers, CG simulations have been performed with Martini force field

[231,232] on Gromacs 5.1.1 [233] software. To visualize the systems, the Visual Molecular
Dynamics (VMD) tool was used [234].

3.2.2.1. Coarse-Grained Modeling. For CG simulations, 1,2-dioleoyl-sn-glycero-3-

phosphocholine (DOPC) and 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC)
phospholipid membranes at four different peroxidation degrees including 0, 30, 70, and
100% were constructed by modifying insane.py script [235]. CG models of peroxidized
membranes were obtained based on the parameters developed by Guo et al. [236]. On the
other hand, the fullerene model was described by 16 beads forming a spherical surface of
0.72 nm diameter with approximately 4:1 atomistic-to-CG mapping as proposed by
Monticelli et al. [176]. To obtain the half-polar (Janus) derivative of fullerene, half of the
carbon beads (CNP) were replaced with the polar (P5) Martini beads [196]. The structure of

lipids and fullerenes used in this study were demonstrated in Figure 3.2.
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Figure 3.2. Martini CG models of (a) regular (DOPC, POPC) and peroxidized (DOBU,
POBU) lipids, (b) fullerene molecules. Reproduced from Ref. [197] with permission from
the Royal Society of Chemistry.

The simulated membrane systems consisted of 512 lipids, 12312 CG water molecules
with 0.15 M NaCl salt to reflect the biological cell medium. Each of the eight bilayer systems
was simulated in the absence and presence of pristine/Janus fullerene molecules and initially,
fullerenes were randomly placed in the aqueous medium at a distance of ~1.5 nm in z-
direction from the lipid headgroups. Fullerene-to-lipid ratio was varied as 0.002 and 0.02 in
accordance with one and 10 fullerene molecules, respectively. The details of the systems
were presented in Table Bl. For the sake of convenience, peroxidized DOPC and
peroxidized POPC were called as DOBU and POBU, respectively. Thus, the simulated
system was named as (Lipid Type)(% Peroxidation)-(Number of Fullerene)(Pristine/Janus).
For example, DOBU70-10J means that the corresponding system consists of a 70 mol%

peroxidized DOPC (DOBU) and 10 Janus fullerene nanoparticles.
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3.2.2.2. Coarse-Grained Simulation Parameters. First, the systems were energetically

minimized by the steepest descent algorithm. To eliminate bad contacts and overlaps of
beads, constant particle number, pressure, and temperature (NPT) equilibration was
conducted for 60 ns with a 10 fs time step. During equilibration, the pressure was controlled
at 1 bar by using Berendsen barostat [237] with a coupling constant of 5 ps. The production
run of each system lasted for 10 us with a 20 fs time step under the NPT ensemble. The
temperature was kept at 310 K using a velocity rescale thermostat [238] with a coupling
constant of 1 ps. The pressure was coupled to 1 bar semi-isotropically using Parrinello-
Rahman barostat [239] with a compressibility factor of 3x10 bart. Non-bonded interactions
were cut off at a 1.2 nm distance. Lennard Jones interactions were tuned by cutoff scheme
[240] with a Potential-Shift Modifier [241]. Coulomb interactions were treated by Reaction
Field [242] algorithm with a permittivity constant of 15. In all three dimensions, periodic
boundary conditions were implemented, and the neighbor list was updated every 10 steps.
The last 5 ps of trajectories were used for the MD analysis.

3.2.2.3. PMF Simulation Parameters. PMF calculations were carried out by Umbrella
Sampling [243] with the Weighted Histogram Analysis Method (WHAM) [244,245] to

understand the translocation of a pristine fullerene across regular (DOPC, POPC) and

peroxidized (DOBU, POBU) lipid membranes. A single fullerene molecule was placed in
bulk water at ~4.5 nm with respect to the membrane center. After energy minimization and
equilibration steps (as described in the previous section), the fullerene molecule was pulled
through the center of the bilayer in 0.1 nm increments. Each of the resultant 45 umbrella
windows was run at 310 K for 600 ns (100 ns extracted for equilibration) under the NPT
ensemble. During the simulations, the distance between the COM of fullerene and the bilayer
was restrained in the z-direction by applying a harmonic force constant of 1000 kJ mol™.
Integrating separate umbrella windows via WHAM showed the change in penetration free
energy of fullerene from water to the lipid bilayer. As a result, the favorable locations of

fullerene inside the membranes were determined.

3.2.3. Interactions of Carbon Nanotubes with Lipid Bilayers by AA Simulations

We used AA molecular dynamics simulations to study the interactions between
pristine/functionalized CNTs and lipid bilayer systems. MD simulations are performed with
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GROMACS 2021.3 version [233]. VMD software was used to visualize the simulated
systems [234].

3.2.3.1. Atomistic Modeling. Initial configurations of the SWCNT [246], amide, carboxyl
(COOH), ibuprofen (IBU) [247], polystyrene (PS) [248], and lipid bilayers [249-251] were
generated via CHARMM-GUI software [252]. SWCNTSs were ~1 nm in diameter and ~3 nm
C-to-C length with the chirality of (12,0) to represent the zig-zag configuration of the
nanotubes. They were functionalized with PS or COOH-terminated PS (PSCOOH) through
an amidation reaction as suggested in experimental studies [253-255] (c.f. Figure 3.3). The
PS chain length was considered as 29 monomers (~3 kDa) in atactic form. The simulated
systems consisted of 180 POPC lipids and 14951 water molecules with 0.15 M NaCl salt to
mimic the biological cell environment. CHARMM36 force field [256,257] was used for the
lipids [258], CGenFF 4.5 [259] for the linker and functional groups with the TIP3P water
model while CHARMM compatible INTERFACE (IFF) force field [260] was used for the
nanotube. The partial charges and bonded parameters were obtained from the CGenFF
website [261] for the IBU, PS, and PSCOOH functional groups with low penalty scores

between 0-5.

:5
=2
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98
28

Figure 3.3. Modification of CNT with (a) PS and (b) PSCOOH via amidation reaction.

Here n shows the number of monomers of the polystyrene chain.
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3.2.3.2. Atomistic Simulation Parameters. First, NPs were equilibrated in water under the

NPT ensemble for 50 ns and 100 ns for pristine and functionalized SWCNTS, respectively.
Then IBU was loaded to the center of the CNT (12,0) models and equilibrated for an
additional 50 ns. The resultant NP configurations were placed 3 nm above the bilayer center
with a 45° angle to the bilayer plane in the absence and presence of IBU. After energy
minimization by the steepest descent algorithm, the systems were equilibrated for 5 ns with
a 1 fs time step in the constant particle number, volume, and temperature (NVT) ensemble.
The temperature was kept at 310 K by velocity rescaling thermostat [238] with a time
constant of 1.0 ps. Non-bonded interaction cutoff was applied at a 1.2 nm distance and van
der Waals interactions were switched off between 1.0 and 1.2 nm by using the force-switch
modifier. The long-range electrostatic interactions were calculated by the particle mesh
Ewald (PME) algorithm [262]. Depending on the equilibration time of the systems,
simulation times varied between 200-710 ns with 2 fs timestep. The pressure of the systems
was controlled at 1 bar in a semi-isotropic fashion by the Parrinello-Rahman barostat [239]
with a coupling constant of 5 ps and a compressibility factor of 4.5 x 107 bar™. During the

simulations, hydrogen bonds were constrained through the LINCS algorithm [263].
3.2.4. CG Modeling of Pristine and Functionalized Carbon Nanotubes

We adapted Martini3 small molecule parameterization strategy as given in Figure 3.4
to develop CG models of pristine and PS or PSCOOH functionalized CNTSs. Free energy
simulations were performed with GROMACS 2020 while other MD simulations are
performed with GROMACS 2021.3 version [233]. VMD software was used to visualize the
simulated systems [234].

Atomisti T . =
U chto Bonded Distribution Creating Bonded Coa‘rse
Coarse-Grained . Grained
. Analysis Parameters : -
Mapping Simulations

Atomistic
Simulations

No

Yes Tried
Bonded
Terms?

Figure 3.4. Martini3 small molecule parameterization strategy adapted from [264].
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3.2.4.1. Atomistic Reference Simulations. SWCNTSs with the chirality of (6,0) and (18,0)
were constructed by CHARMM-GUI [252]. After functionalization by five and 29
monomers of PS for CNT (6,0) and CNT (18,0), respectively, the nanotube systems were

solvated in TIP3P water. The resultant configurations were simulated for 50 ns and 100 ns,
respectively, for pristine and functionalized CNTs. The pressure of the systems was
controlled at 1 bar in an isotropic fashion and other simulation parameters were given in the

‘Atomistic Simulation Parameters’ section.

3.24.2. CG Modeling of CNT. In CGMD simulations, especially for phospholipid

membrane systems, Martini force field parameters have been widely used. Recently a new

version of Martini which is called Martini3 has been proposed with significant
improvements in bead types and interaction levels which make more versatile and accurate
predictions of realistic systems [265]. Therefore, we adopted the Martini3 parameterization
procedure for small molecules [264]. By applying the 2-to-1 mapping to consecutive C beads
in the same ring of SWCNTs by using the CGBuilder tool [266], end group beads (H-

bonded) were represented with TC5 bead type while others are represented with TC5e bead

type.

The bonded interactions between neighbor beads were obtained from atomistic
reference simulations and force constants were determined by trial-and-error procedure to

capture the equilibrium bond lengths, and bond angles which correspond to:
_ 12 (3.7)
a=mn(l--) -

Where n is the number of beads in one ring [219]. Also, the stiffness of the SWCNTs
was provided through improper dihedral angles between two intersecting planes. The
mapping scheme is demonstrated in Figure 3.5 with bonded interactions for CNT (18,0). CG

model and bonded parameters of CNT (6,0) were given in Figure C.1.
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Figure 3.5. CNT (18,0) mapping from all-atom to CG Martini3 model with bond lengths,
angles, and improper dihedrals. Force constants of 50000 kJ mol*nm2, 1500 kJ mol* rad?
and 1000 kJ mol-*rad-2were used to capture equilibrium bond lengths, angles, and
dihedrals.

3.2.4.3. CG Modeling of PS and PSCOOH functionalized CNT. Martini3 parameters of PS
were obtained from the polyply.py script [267]. PS chains are covalently linked to the

nanotube with an amide linker, which was represented by one bead. Carboxyl modification
was applied to the open end of the PS ring. The amide linker and carboxyl group were
represented with the polar P3 bead. However, only for the carboxyl bead, the Lennard-Jones
interaction parameter (epsilon) was reduced (with a trial-and-error procedure) to 3.0 kJ/mol
between P3 and W beads to obtain correct free energy partitioning behavior. Two bonds and
three angles were defined between the nanotube-linker-PS beads at the connection point.
The bonded parameters reflected the atomistic symmetry, and the mapping scheme is
demonstrated in Figure 3.6 The bonded parameters between the PS and carboxyl group, on
the other hand, were assumed to be the same as the parameters of a continuing chain of PS
[268] as shown in Figure C.2.
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Figure 3.6. CG modeling of PS-functionalized CNT (18,0). The linker is demonstrated by

the P3 bead type, and the bonded parameters at the connection point are listed on the left.

3.2.4.4. CG Simulation Parameters. The mapped SWCNT configuration was solvated with

SPC water in a box in which the solute to box edge distance is 2 nm for CNT (6,0) and 4 nm
for CNT (18,0). After energy minimization by steepest descent, equilibration was done for
30 ns with 10 fs timestep in the NPT ensemble to relax the system. During equilibration,
isotropic pressure coupling was applied to keep the pressure at 1 bar with Berendsen barostat
[237] with a coupling constant of 5 ps. The temperature was maintained at 310 K by the
velocity rescale thermostat [238] with a time constant of 1.0 ps. Non-bonded interactions
were cut off at a 1.2 nm distance. The Lennard-Jones interactions were shifted with the
Potential-Shift-Verlet modifier while the Coulomb potential was screened on the Reaction
Field scheme [242] with a permittivity constant of & = 15. The pressure of the system was
set to 1 bar by using Parrinello-Rahman barostat [239] with a coupling constant of 5 ps and
a compressibility factor of 3 x 10 bar. NPT production runs took 1 ps and half the

simulation time was used for the analysis.
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3.2.4.5. Free Energy Simulations. Free energies of solvation were calculated through the

thermodynamic integration (TI) method by using Bennett’s Acceptance Ratio [269] which
is based on the numerical integration of the derivative of Hamiltonian with respect to the

coupling parameter A [270]:

1=1
o= [
A=0

Then the free energy of transfer was calculated from the difference in the free energy

OH(A)

—| da (3.8)

A

of solvation values in water and octanol solvents:

AGtransfer = AGoctanol - AGwater (3-9)

Partition coefficient, which is represented as logP, is proportional to the free energy of

transfer between two immiscible solvents and found by [271]:

_AGtransfer (3 10)

logP = om0

where R is the gas constant, and T is the temperature.

Due to the high simulation cost, CNT (6,0) which is of ~0.5 nm in diameter and ~1.5
nm C-to-C length was used for the calculations. The PS or PSCOOH chain length was
considered as five monomers (~0.5 kDa). For pristine SWCNTSs, only van der Waals
interactions were coupled between A = 0 (interactions are off) and A = 1 (interactions are on)
since SWCNT has no partial charges. For functionalized SWCNTSs, both van der Waals and
Coulomb interactions were coupled sequentially. The A values were equally spaced and
identical in each simulation so we obtained 10 and 20 runs for pristine and functionalized
SWCNTSs, respectively. In each run of all-atom simulations, 1 ns of NVT and 4 ns of NPT
equilibration were applied before 50 ns of NPT production run. The stochastic dynamics
integrator with 2 fs of timestep was used in all simulations and the temperature was set to
298 K. The pressure was controlled at 1 bar by using Parrinello-Rahman barostat [239] with

a time constant of 1 ps. Non-bonded interaction cutoff values were set to 1.2 nm. The PME
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algorithm [262] was used for the calculation of long-range electrostatic interactions with a
sixth-order spline interpolation and a 0.12 nm grid spacing. To remove the singularity in the
potentials, a soft-core potential was used [272] with the soft-core parameter of 0.5 and the
soft-core power of 1. For CG simulations, the same parameters in the ‘CG Simulation
Parameters’ section were used, and 1 us of production run followed 50 ns of equilibration

with the stochastic integrator at 298 K.

3.2.4.6. PMF Simulations. PMF calculations were performed to investigate the transfer of a

single CNT across the lipid bilayer by the umbrella sampling method [243]. Smaller POPC
bilayer consisting of 128 lipids was used with our CNT (6,0) model (D =~0.5 nm, L=~1.5
nm). The nanoparticle was placed ~3.75 nm away from the z-coordinate of the bilayer center-
of-mass. Once the systems were equilibrated for 5 ns, the nanoparticle was pulled through
the center of the bilayer at 0.1 nm intervals. The distance between the center-of-mass of the
nanoparticle and the membrane was restrained in the z-direction with a harmonic potential
force constant of 1000 kJ mol™. Each all-atom umbrella window was simulated for 50 ns (10
ns extracted for equilibration) under the NPT ensemble at 310 K with a total simulation time
of ~2 us. Each CG umbrella window was simulated for 1 pus (200 ns extracted for
equilibration) under the NPT ensemble at 310 K with a total simulation time of ~40 us. The
analysis of the umbrella simulations was performed using the WHAM [244,245].

3.2.5. Interactions of Carbon Nanotubes with Lipid Bilayers by CG Simulations

CNT (18,0) was covalently linked to PS or PSCOOH, which has 29 (~3 kDa), 48 (~5
kDa), or 96 (~10 kDa) monomers. The grafting density in the end ring of CNT was one, two,
four, or six PS or PSCOOH chains with 29 monomers (c.f. Figure 3.7). Two model
membranes, POPC only and POPC with 30% CHOL, were constructed by CHARMM-GUI
[252]. To reflect the realistic biological environment, 2048 lipids were solvated in 48401
and 49571 CG waters for POPC and POPC/CHOL systems, respectively, in 0.15 M NaCl.
Each membrane system was simulated in the absence of nanoparticles, and in the presence
of one and five NPs. Initially, the NPs were equilibrated in water for 1 ps under the NPT
ensemble, then the resultant configurations were placed vertically about ~2 nm away from
the headgroups of the equilibrated bilayer in the z-direction. After a short equilibration, the

systems were simulated in the NPT ensemble for 10 us with a 20 fs timestep using Martini3
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parameters which are described elsewhere [265]. Last 2 us of the trajectories were used for

the analysis.

Figure 3.7. Grafting of CNT with one, two, four, and six chains of PS from left to right.

Here, CNT is in green, linker is in yellow and aliphatic chain of PS is in purple. Aromatic

rings of PS are not shown for clarity.

It should be noted that the pre-released version of Martini3 cholesterol was obtained
from Paulo Souza and validated by comparing with the atomistic and Martini2 parameters
after changing the cholesterol content between 0-50 % in POPC lipid systems. Results for
the area per lipid, bilayer thickness, and order parameter are available in the Figure C.5 and
C.6.

3.2.6. Analysis of Molecular Dynamics Simulations

The membrane properties and the interactions of pristine and functionalized CNTs
with the membrane were evaluated through the area per lipid (APL), volume per lipid (VPL),
lipid bilayer thickness, lipid order parameter, density distribution, and radial distribution
functions by using corresponding GROMACS modules. APL was computed by either
dividing the box area in -xy direction to half of the total lipid number or by Voronoi
tessellation via FATSLIM script [273]. In VPL calculation, the box area in -xy direction was
multiplied with the z-dimension of the bilayer which is obtained from the distance between
the headgroup peaks in the density profile and divided by the total lipid number. The bilayer
thickness was found by calculating the center-of-mass distance of P atoms (AA) or PO4
beads (CG) in the z-direction from the upper leaflet to the lower leaflet. To characterize the

orientation of the lipids, the deuterium order parameter of lipid acyl chains was calculated
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by modifying the do-order-gmx5.py script accessed in Martini website [274] which is based

on.

3 1
=_ 29y — — 3.10
S 2(005 0) > (3.10)

where @ is the angle between the bilayer normal and the vector along a particular bond in a
lipid tail. Here, S = 1, —0.5, and 0 indicate perfect alignment with the bilayer surface, an
antialignment, and random orientation, respectively [275]. The lateral mean square
displacement (MSD) of lipids was extracted for the individual lipids or PO4 and ROH beads
of POPC and CHOL, respectively. After removing the system’s COM motion, diffusion
coefficient values were calculated on MATLAB [276] by fitting the MSD versus time to the
linear region of the line:

MSD(t) = 4Dt + ¢ (3.11)
where the constant ¢ shows the offset at t = 0 [275].

To identify cholesterol flip-flops, the translocation of ROH beads between the leaflets
was monitored by the LiPyphilic [277] module of Python [227]. A cholesterol molecule was
assigned to a leaflet based on its minimum distance to the leaflet and if the distance is within
1 nm of neither or both leaflets, it was assigned to the midplane. A flip-flop event was
defined as successful if the translocation from one leaflet to another follows by residing in
the second leaflet for at least 10 ns. To calculate the flip-flop rate of cholesterol, the total
number of successful flip-flop events was divided into the number of cholesterol and total

simulation time.
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4. RESULTS AND DISCUSSION

The results of the current work are presented in five sections. In the first section, results
of the CG simulations on fullerene translocation across lipid membranes are reported while
the second section includes the data mining results of the NP cytotoxicity. In the third
section, atomistic modeling of functionalized CNTSs is conducted and their interactions with
lipid bilayers are studied. On the other hand, the CG modeling of pristine and functionalized
CNTs and their interactions with the bilayers are covered in the fourth and fifth sections,

respectively.

4.1. Interactions of Fullerenes with Regular and Peroxidized Lipid Bilayers by

Coarse-Grained Simulations

Pristine fullerenes can spontaneously penetrate the membrane due to their hydrophobic
nature. The polar derivative of fullerenes, on the other hand, has some hydrophilic character
which promotes their interactions with water molecules [177]. Here, we show the
interactions of fullerenes and their half-polar derivatives (Janus) with DOPC and POPC
bilayers and their peroxidized analogs DOBU and POBU, respectively. In homogeneous
bilayers which consist of a single lipid component, the excess area caused by the undulations
of the bilayer is negligible. Therefore, the surface area of the bilayer can be assumed the
same as the area of the periodic box in the -xy direction. However, the volume of the bilayer
significantly differs from the volume of the periodic box because of the presence of water
and ion molecules, and to calculate the volume of the bilayer, the volume of the water layer
should be subtracted from the total box volume. Based on this information we calculated

APL, VPL, and bilayer thickness in addition to the lateral diffusion coefficients of lipids.

In the presence and absence of fullerenes, the change in structural and elastic properties
of bilayers are shown in Table 4.1. APL and bilayer thickness values were found in close
agreement with the previous experimental and computational studies. For regular DOPC,
APL and thickness values are calculated as ~0.66 nm? and ~4.4 nm, respectively, whereas
the experimental values cover the range of 0.67 — 0.73 nm? and 3.5 — 4.6 nm [278-280].
Similarly, the APL and thickness for the POPC bilayer were computed as ~0.63 nm? and
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~4.3 nm, respectively, comparable to previously reported experimental and computational
values between 0.63 — 0.68 nm? and 3.7 — 4.3 nm [236,258,281-284]. As increasing
peroxidation level, APL values increase whereas bilayer thickness decrease. In parallel to
the previous reports [236,285], there is a 20 % and 17 % increase in APL values while a 7
% and 8 % decrease in thickness values in fully peroxidized DOBU and POBU membranes.
The addition of single pristine/Janus fullerene to the membrane systems does not change the
APL and bilayer thickness. However, the addition of 10 pristine fullerenes slightly increases
the thickness and APL values apart from fully peroxidized DOPC: in DOBU the APL stays
almost constant. The change in APL values is more pronounced at lower peroxidation levels
but the change in thickness is more apparent at higher peroxidation levels. The introduction
of 10 Janus fullerenes causes a slight increase in APL values but a decrease in bilayer
thickness. Still, these variations are below 1% in all cases, supporting the passive diffusion

of fullerene NPs.

In experimental literature, VPL values of DOPC and POPC were reported as 1.30 nm?®
and 1.26 nm3, respectively, at 303 K [281]. However, computationally, VPL of DOPC and
POPC were calculated as 1.49 nm® and 1.38 nm® [236]. Our results confirm the
computational findings by suggesting similar VPL values although higher than in
experiments. From Table 4.1 it is also shown that VPL values increase with increasing
peroxidation and the highest VPL are observed in DOBU and POBU bilayers. In general,
the presence of pristine/Janus fullerenes in bilayer systems has no significant effect on the
VPL values except for 70% peroxidized POPC. The introduction of 10 fullerene molecules
to 30% peroxidized DOPC and 70% peroxidized POPC results in approximately 8% and 6%
increase in VPL values, respectively. Contrary to the increase in VPL in lower peroxidation

levels, in fully peroxidized DOPC VPL decreases ~5%.

The diffusion coefficient estimations of CG simulations are 2 to 10 times faster than
the experimental measurements depending on the temperature. In our study, the diffusion
coefficients of DOPC and POPC at 310 K were calculated as 39.8 and 42 um?/s, respectively,
while experimental studies show 16 and 15.3 um?/s [286]. As expected, the lipid lateral
diffusion constants of DOPC and POPC are 2 to 3 times higher than their experimental
counterparts. Therefore, it is more appropriate to consider trends of diffusivities rather than

numerical values. As is seen in Table 4.1, the mobility of lipids decreases as the peroxidation
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level increases. The reduction in lipid mobility is more apparent at 30% peroxidation while
similar in 70% and full peroxidation. In DOBU and POBU bilayers, lateral diffusion
constants of lipids are 33% and 20% lower than their regular analogs. Similarly, it was
reported that there is about 25% reduction in lipid mobility in peroxidized bilayers [236].
This was explained by the strong cohesive forces between peroxidized lipid molecules and

increased friction between the membrane surface and bulk water layer.

Lateral diffusion coefficients of pristine and Janus fullerenes are also presented in
Table 4.1. It is observed that diffusion of fullerene changes with respect to the saturation and
peroxidation level of lipids. In monosaturated POPC lipids, pristine fullerenes move slower
than in unsaturated DOPC lipids confirming previous literature [189]. The fullerene mobility
in the DOPC bilayer is almost twice that of POPC and its peroxidized forms. Furthermore,
Janus NPs have a higher affinity for aggregation than pristine fullerenes in the bilayer,
causing Janus to move slower. On the other hand, the aggregation of fullerene molecules
considerably rises the standard errors of diffusivities as their mean square displacements do
not yield a linear regime. The lateral diffusion coefficients which have high standard errors

in Table 4.6 are just given to find additional evidence about the aggregation of fullerenes.

Table 4.1. Area per lipid (APL), volume per lipid (VPL) and bilayer thickness of lipid
membranes, and lateral diffusion coefficients of DOPC and POPC lipids and fullerene

molecules. Here P/J denotes pristine or Janus fullerene nanoparticle.

Bilayer Lateral Diffusion
Model Z/j APL (nm?) | VPL (hm®) | Thickness Coefficient (pm’/s)
(nm) Lipid P/J
~ | 0660+0005 | 149+001 | 444+003 | 39.8+2.2 -
1P | 06610005 | 1494001 | 4444003 | 365+12 -
DOPC | 1J | 0661+0005 | 150+001 | 4444003 | 36.4+23 -
10P | 0.666+0.005 | 150+001 | 444+003 | 381+36 | 548+27
10] | 0.664+0005 | 1.50+001 | 443+003 | 333+12 | 140%6.1
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Table 4.1. Area per lipid (APL), volume per lipid (VPL) and bilayer thickness of lipid

membranes, and lateral diffusion coefficients of DOPC and POPC lipids and fullerene

molecules. Here P/J denotes pristine or Janus fullerene nanoparticle (cont.).

- 0.717 +0.007 1.48 £ 0.01 422 +0.03 295+4.7 -

1P | 0.717 +0.007 1.49+0.01 422 +0.03 30.7+2.1 -

DOBU30 | 1J 0.717 +0.007 1.51+0.01 4.21+0.03 323+25 -
10P | 0.719 £ 0.007 1.58 +£0.02 4.24 +0.03 28.2+0.7 | 27.9+25.7
10J | 0.722 +0.007 1.62 +£0.02 4.21+0.03 275+03 | 120+26

- 0.764 + 0.008 1.64 +0.02 414 +0.04 26.9+1.8 -

1P | 0.765+0.008 1.64 +0.02 4.15+0.04 249+29 -

DOBU70 | 1J 0.765 = 0.008 1.63 +0.02 4.14 +0.04 30.6£3.7 -
10P | 0.765*0.008 1.64 +0.02 4.18 £ 0.04 266+04 | 35.0+95
10J | 0.771+0.008 1.64 +0.02 4.13+0.04 23.0+25 | 144+36

- 0.795 +0.010 1.73+0.02 412 +0.04 26.6 £0.1 -

1P | 0.795+0.009 1.73+£0.02 412 +0.04 28.3+0.5 -

DOBU 1 0.796 + 0.010 1.73+£0.02 412 +0.04 23.3+24 -
10P | 0.794+0.010 1.64 +0.02 4.15+0.04 242+2.0 |354+13.0
10J | 0.802 +0.010 1.64 +0.02 410 £0.04 241+15 | 158+24

- 0.631 = 0.005 1.37 +0.01 427 +0.03 420+43 -

1P | 0.631 +0.005 1.35+0.01 427 +0.03 40.1+x1.6 -

POPC 1 0.631 + 0.005 1.37£0.01 4.27+0.03 415+0.3 -
10P | 0.637 +0.005 1.37£0.01 4.27+0.03 414+£34 |21.1+£125
10J | 0.633+0.005 1.37£0.01 4.26 +0.03 394+28 | 10.3+19.7

- 0.671 + 0.006 1.39+0.01 4.09 +0.03 359+1.9 -

1P | 0.671 +0.006 1.36 +0.01 4.09+0.03 35.8+0.5 -

POBU30 | 1J 0.672 = 0.006 1.37 +0.01 4.09+0.03 342+45 -
10P | 0.676 = 0.006 1.38 +0.01 4.10+0.03 33.0+£28 | 27.3+x11.2
10J | 0.676 = 0.006 1.39+0.01 4.08 £0.03 314+£25 | 126+183

- 0.717 +0.007 1.38 £0.01 3.95+0.03 33.5%+1.0 -

1P | 0.717 +0.007 1.46 £ 0.01 3.96 £0.03 328+1.1 -

POBU70 | 1] 0.718 + 0.007 1.45+0.01 3.95+0.03 33.1+0.6 -
10P | 0.719 +0.007 1.45+0.01 3.98 +0.03 284+42 |283+£120
10J | 0.723 +0.007 1.48 +0.01 3.94 +0.03 303+£20 | 274+43
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Table 4.1. Area per lipid (APL), volume per lipid (VPL) and bilayer thickness of lipid

membranes, and lateral diffusion coefficients of DOPC and POPC lipids and fullerene

molecules. Here P/J denotes pristine or Janus fullerene nanoparticle (cont.).

- 0.739 + 0.008 1.48 £ 0.02 3.92+£0.03 33.7+13 -

1P | 0.739+0.008 1.46 £ 0.02 3.92+£0.03 34.8+3.0 -

POBU 1] 0.740 + 0.008 1.47 £0.02 3.92+0.03 33817 -
10P | 0.740+0.008 1.49 £ 0.02 3.95+0.03 312+19 | 241+7.0

10J | 0.745+0.008 1.48 +£0.02 3.91+0.03 31.7+2.0 8.4+6.8

The translocation of a single fullerene from water to the lipid bilayer is investigated
through PMF calculations, density distributions, residence time plots and radial
distributions. The energy profile of a fullerene across the reaction coordinate is shown in
Figure 4.1. The preferable location of fullerene with respect to the bilayer center was found
at around 1 nm consistent with the literature [176,177,180] for DOPC and POPC bilayers.
Wong-Ekkabut et al. calculated the penetration free energy of ~110 kJ/mol in a DOPC
membrane with five bead tails [180]. The free energy minima in the POPC bilayer were
estimated as 80 kJ/mol through atomistic and CG simulations [176]. Figure 4.1 shows that
the free energy minima of pristine fullerene are approximately 90 kJ/mol and 110 kJ/mol
within POPC and DOPC bilayers, respectively. To our knowledge, the energy differential of
fullerenes in peroxidized bilayers has not been studied so far. On the other hand, the
dominant location inside DOBU and POBU bilayers was found around the bilayer center.
PMF results show that the free energy minima yield 95 kJ/mol energy for both DOBU and
POBU bilayers. Therefore, it can be said that an average 15 kJ/mol energy penalty is added
at the expense of peroxidation in DOPC bilayer.
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Figure 4.1. PMF profiles of a single pristine fullerene across lipid bilayers with respect to
the distance between their center of mass. Reproduced from Ref. [197] with permission

from the Royal Society of Chemistry.

As previously mentioned, the hydrophobicity of pristine fullerene NPs promotes their
accumulation inside the lipid bilayer. Fullerene molecules land in the water-bilayer interface,
traverse the interfacial lipid headgroups and reside in the hydrophobic core of the membrane
[199]. As suggested with density distribution profiles in Figure 4.2, pristine fullerenes prefer
to locate near glycerol linker groups inside the regular PC bilayers while they reside in the
bilayer center within peroxidized bilayers. This difference in their translocation behavior is
attributed to the presence of C double bonds in DOPC and POPC bilayers. The accumulation
of fullerenes in the center of the bilayer is restricted by an energy penalty due to the

unsaturated bonds in regular PC bilayers.

The translocation behavior of fullerenes changes with respect to the peroxidation
degree of POPC lipids. In 30% peroxidized POPC, the fullerenes are located near the
glycerol groups similar to those in POPC, but in 70% peroxidized POPC they are
concentrated in the center as in POBU. On the other hand, fullerenes place in the center of
the peroxidized DOPC independent of the peroxidation degree. This may be associated with
the saturation levels of lipids which result in different energy penalties. For instance, DOPC
lipids are unsaturated because they have double bonds in both chains, but POPC lipids are
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monounsaturated because they contain single double bonds. As a result, it may be easier to

exceed the energy threshold imposed by a double bond in POPC.

Experimental studies showed that fullerene NPs can cross the cell membrane [20,287].
However, we observed in our simulations that once internalized, they do not return to the
aqueous phase throughout the simulation. This raises the question of whether fullerenes can
migrate from the extracellular region of the cell membrane to the intracellular region. In this
context, Janus fullerenes have been shown to rapidly cross the membrane and settle into the
lipid headgroups in the opposite leaflet. Although the desired exit from the membrane
headgroups to the aqueous phase is not observed, it has been suggested that the amphiphilic
nature of Janus particles will facilitate their use as a drug delivery agent [196]. Contrary to
this argument, we found that Janus fullerenes can not transport from one leaflet to another
in any of the membrane systems investigated. Instead, they got stuck between the lipid
headgroups with which they interact and could not penetrate the interior of the membranes
regardless of the peroxidation level (c.f. Figure 4.3). However, it should be noted that we
used the most polar Martini bead type while developing Janus fullerenes without making a
validation with experiments. Since the balance between the hydrophobic and hydrophilic
forces determine the dynamics of NPs, they should be investigated further.

From density distribution analysis, it is also observed that peroxidation of lipids alters
the distribution of lipid components. For instance, the density peaks of phosphate groups in
peroxidized membranes are lower and broader than that in regular PC bilayers. The more the
peroxidation level of lipids, the less the density of PO4 beads. Additionally, the peroxidized
lipids allow the diffusion of water molecules along the extremity of the bilayer in contrast to
the regular PC lipids (Figure B.1 and B.2). Water penetration inside the membrane is more
apparent in the DOBU bilayer since DOPC has twice as many oxidized groups as POPC.
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Figure 4.2. Density distribution profiles of lipid phosphate (PO4 beads) groups, and
pristine fullerenes at fullerene to lipid ratio of F/L =10/512. Snapshots were taken from the

last frame of the 10 ps trajectories.
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Figure 4.3. Density distribution profiles of lipid phosphate (PO4 beads) groups, and Janus

fullerenes at fullerene to lipid ratio of F/L =10/512. Snapshots were taken from the last

frame of the 10 ps trajectories.
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The residence time of single fullerene NPs in the aqueous phase is demonstrated in
Figure 4.4 and 4.5. As previously demonstrated, the residence time of pristine fullerenes in
bulk water was found less than its polar derivative Janus. The longer time spent in the water
was associated with the hydrophilic character of Janus NPs. As polarity increases, van der
Waals interactions between the fullerene and water increase, and the penetration of
fullerenes into the bilayer is restricted. Furthermore, it was observed that fullerenes diffuse
into the peroxidized bilayers faster than that the regular bilayers due to the higher water
permeability of peroxidized bilayers. This result reveals that the penetration of fullerenes is
a diffusion limited process. Therefore, as expected, among all the membrane models studied,
the longest time spent in the aqueous phase was recorded across the DOPC bilayer with 171
ns and 327 ns for pristine and Janus NPs, respectively. When the regular PC bilayer is
compared to its fully peroxidized counterpart, the time difference was found to be more
pronounced in DOPC and DOBU than in POPC and POBU. Since DOBU lipids are doubly
oxidized, this may be the triggering factor behind the fast penetration of fullerenes. It is
worth noting that we did not repeat the simulations by changing the initial configuration or
the velocity of the fullerene molecules to draw a conclusion. However, our simulations

including 10 fullerene NPs confirm the trends obtained by single fullerenes.

The interactions of fullerenes and their polar derivatives with the model membranes
are further investigated through RDFs. The radial distributions of fullerenes with respect to
the COM of the membranes are shown in Figure 4.6 for systems containing 10 fullerenes,
while they are presented in Figure B.3 for systems containing a single fullerene. It was
observed that the interactions of pristine fullerene NPs with the bilayers yield similar profiles
regardless of the NP concentration. However, the interaction of Janus fullerenes with the
lipid bilayers shows dependency on concentration with additional peak locations. Figure 4.6a
and 4.6b reveal that the radial distributions of pristine fullerenes with respect to the regular
DOPC and POPC bilayers have similar coordination shells despite the latter being steeper.
At high peroxidation levels, i.e., 70% or 100% peroxidation, the interactions of pristine
fullerenes with the bilayers result in similar RDF profiles. On the other hand, the interaction
of Janus NPs with the model membranes is driven by their aggregation behavior: they more
evenly disperse in POPC bilayer and its peroxidized forms than that DOPC (c.f. Figure 4.6¢
and 4.6d.)
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Figure 4.4. The absolute COM distance of pristine fullerene NP from a) DOPC, b) DOBU,
c) POPC and d) POBU bilayers, respectively. The two dashed lines in blue denote the
bilayer thickness in terms of the distance of PO4 beads between upper and lower leaflet in
the corresponding bilayer. The center dashed line in black shows the center of the
corresponding bilayer. The times on the upper right of the graphs represent the time
fullerene spends in bulk water before entering the corresponding bilayer. The circular
pictures demonstrate the average position of fullerene after entering the bilayer (Taken
from trajectories at 175 ns, 53 ns, 95 ns, and 44 ns for DOPC, DOBU, POPC and POBU
bilayers). Reproduced from Ref. [197] with permission from the Royal Society of
Chemistry.
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Figure 4.5. The absolute COM distance of Janus fullerene NP from a) DOPC, b) DOBU, c)
POPC and d) POBU bilayers, respectively. The two dashed lines in blue denote the bilayer

thickness in terms of the distance of PO4 beads between upper and lower leaflet in the

corresponding bilayer. The center dashed line in black shows the center of the

corresponding bilayer. The times on the upper right of the graphs represent the time

fullerene spends in bulk water before entering the corresponding bilayer. The circular

pictures demonstrate the average position of fullerene after entering the bilayer (Taken
from trajectories at 353 ns, 22 ns, 200 ns, and 105 ns for DOPC, DOBU, POPC and POBU
bilayers). Reproduced from Ref. [197] with permission from the Royal Society of

Chemistry.
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Figure 4.6. Membrane-Fullerene COM radial distribution functions for (a-b) pristine
fullerenes, (c-d) Janus fullerenes at a fullerene-to-lipid ratio of 10/512. Reproduced from

Ref. [197] with permission from the Royal Society of Chemistry.

The clustering and relative alignment of the fullerene molecules were determined by
radial distribution analysis between the COM of the fullerenes. As shown in Figure 4.7, the
RDF profiles of pristine fullerenes were found in agreement with previous studies [188,189].
Although the intensity of the peaks varied, the ordering of pristine fullerenes was identified
as similar across all membrane types. For instance, in either 30 % peroxidized DOPC or 70%
peroxidized POPC, it has been observed that the peak around 1.05 nm has a higher density
than that of regular PC membranes due to the aggregation of fullerenes. To support this
argument, we showed in Figure 4.8a that pristine fullerenes are internalized by normal PC
bilayers as single or in small clusters, while they pass through 30% peroxidized DOPC in
clusters of seven. Contrarily, for Janus fullerenes, the first nearest neighbor peak was
determined to be high in both regular and peroxidized POPC bilayers. In particular, Janus
fullerenes adsorbed on the surface of the POPC bilayer as aggregates of seven to nine
molecules (c.f. Figure 4.8b). Nisoh et al. attributed the second nearest neighbor peak at 1.55
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nm to the configuration in which a portion of the lipid tail is inserted between two fullerenes.
Furthermore, Ding et al. proposed an intermediate peak caused by the peak splitting of the
second shell through sharing of two or more atoms. We didn’t observe peak splitting for
pristine fullerenes but for Janus NPs, we identified an intermediate peak at 1.75 nm between
second and third shell. This may be explained by the aggregation behavior of Janus

fullerenes which lead to the sharing of second shell.
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Figure 4.7. Fullerene-Fullerene COM radial distribution functions for (a-b) pristine
fullerenes, (c-d) Janus fullerenes (enlarged between 1.45 — 1.90 nm in insets) at fullerene-
to-lipid ratio of 10/512. Reproduced from Ref. [197] with permission from the Royal
Society of Chemistry.
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Figure 4.8. The aggregate of a) pristine fullerene molecules interact with DOBU30 bilayer
at 358 ns and 370 ns, b) Janus fullerene molecules interact with POPC bilayer at 3.53 us
and 3.56 ps from side view. Reproduced from Ref. [197] with permission from the Royal

Society of Chemistry.

In conclusion, we investigated the interactions of fullerenes and their half-polar
derivatives with regular and peroxidized PC bilayers by CG simulations. The highlights of

this study can be summarized as follows:

e Pristine fullerenes penetrate through the hydrophobic region of the membranes
while Janus fullerenes are adsorbed on the lipid headgroups with the polar
hemisphere toward the water and the apolar hemisphere toward the interior of
the membrane.

e Pristine fullerenes are internalized in monomeric or oligomeric forms but
disintegrate upon insertion inside the membranes. Janus fullerenes form larger

clusters in water-bilayer interface but do not completely penetrate the bilayer.
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e In regular PC bilayers, pristine fullerenes reside near glycerol groups while
they concentrate on the center in fully peroxidized PC membranes.

e Fullerene translocation is similar in all peroxidized DOPCs, whereas their
distribution differs in peroxidized POPCs. This was explained by the difference
in lipid saturation level.

e The residence time of Janus fullerenes in bulk water is longer than that of
pristine fullerenes because of the favorable interactions with water molecules.

e Radial distributions of pristine fullerenes with respect to the membrane center
is similar in both concentration level while Janus NPs tend to aggregate in high
concentration level.

e The diffusion or adsorption of fullerenes does not disrupt membrane integrity
and lipid peroxidation is not the likely toxicity mechanism of fullerenes in

terms of membrane rupture or damage.

In drug delivery platforms, pristine fullerenes are good candidates for use as nano-
carriers, and the saturation and peroxidation levels of lipids, as well as fullerene
concentration, are important parameters to control and regulate their performances. In this
sense, we believe that our findings will contribute to the understanding of ROS-triggered
BBB impairment and create a basis for the development of more complex systems in the

future.

4.2. Toxicity Analysis of Nanoparticles by Association Rule Mining

After examining the interactions of fullerenes with membranes and their uptake
mechanism, we extended our study and proposed an ML model on the toxicity mechanism
of various nanoparticles, including carbon nanoparticles. First, ARM analysis was carried
out by combining either single attribute and cell viability or multi attributes and cell viability
using 24 hr data which corresponds to 2353 samples. Then, to support the extracted rules
and make reliable interpretations, a time-dependent change of lift values was observed. As
explained previously, cell viability was classified as high, medium, and low. The
associations that resulted in high viability were discussed here while the low viability results
are given in Table A.1 and A.2. The significance of a rule is mostly determined by the lift

value (the greater the lift value, the higher the positive correlation with high viability), but
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the support and confidence should also be taken into account with the corresponding counts.
The number of samples satisfying the rule (count) presents evidence about the reliability of
that rule. Therefore, if all the samples for a specific rule come from the same article, an

asterisk has been added to the counts to alert readers to potential bias.

To clarify the statistical indicators of ARM like support, confidence, lift, and count,
we can interpret the use of polystyrene material in association with cell viability. In this
example, the antecedent is the material type of ‘polystyrene’ while the consequent is ‘high
viability’. There are 2353 samples, 125 of which are polystyrene, in the 24-hour data set,
and among the polystyrene samples, 89 show high viability: the support of having high
viability with polystyrene is 89/2353 = 0.038. Since 89 out of 125 samples result in high
viability, count of high viability is 89 and the confidence of this rule is 89/125 = 0.71. In the
data set, 1206 samples belong to the high viability class. The lift is the high viability ratio of
the polystyrene material divided by the high viability ratio in the entire data set. Thus, the
lift of having high viability with polystyrene material is (89/125)/(1206/2353) = 1.39,
indicating that the fraction of having high viability with polystyrene is 1.39 times that in the
entire data set. Based on this result, it can be stated that the use of PS as a nanoparticle
material type is safe.

4.2.1. Single Variable Association with Cell Viability

Single factor associations with cell viability are presented in Tables 4.2 and 4.3 based
on NP-related and cell-related descriptors of toxicity. The predominant factors in
determining toxicity appear to be NP material, synthesis method, and exposed cell type.
Among the NP material, hydroxyapatite (HAP) shows great potential for being a safe nano-
carrier with a lift value of 1.83. Having good biocompatibility and biodegradability HAP
exhibits chemical and structural similarity to bone minerals. As a calcium phosphate mineral,
they have been extensively used in biomedicine and tissue engineering for bone repair and
regeneration owing to their attractive physicochemical properties. Since they can easily bind
to bone and interact with cells, they are suitable for use as drug carriers in bone therapy and
osteogenesis treatment [288,289]. Similarly, chitosan polymers are biocompatible and
biodegradable in addition to their muco-adhesive characteristics. The cationic nature of

chitosan allows sustainable interactions with the membrane epithelium and provides
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efficient uptake of drugs via mucoadhesion [290,291]. Therefore, it can be stated that
biocompatible, and biodegradable NPs promote interactions with the cell membrane and lead

to less toxicity.

From Table 4.2, it is also seen that iron oxide NPs have a high lift value of 1.40 with
reasonably higher counts than other material types. There are different types of iron oxide in
the data set such as iron (I11) oxide (Fe2Oz) or magnetite (FesO4) and most of the samples
yielding high viability belong to the functionalized superparamagnetic iron oxide NPs [292—
294]. Besides their magnetic properties, they have attracted attention due to their
biocompatibility and biodegradability. On the other hand, iron oxide NPs suffer from
aggregation because of the dipole-dipole forces between magnetic particles which are called
dipolar coupling. Also, their adsorption of plasma proteins reduces the blood circulation
time. Therefore, iron oxide NPs need to be modified with different groups to improve their
biomedical usage [294,295].

The shape of the NP has an impact on its toxicity as well. Some NPs like titanium
dioxide and silicon dioxide possess polymorphic structures. Titania has a complex shape that
can be found in brookite, anatase, or rutile forms [296]. Silica may exist in crystalline forms
such as cristobalite, quartz, and tridymite, or in the non-crystalline phase of amorphous form
[297]. It was previously reported that amorphous silica nanoparticles do not lead to
cytotoxicity, genotoxicity, and morphological transformation on Balb/3T3 mouse fibroblasts
cell line [298]. It was also observed that prolonged exposure of amorphous silica to rat skin
does not lead to toxicity [299]. Although it is still disputed [300], our findings support that
shape disorganization has a positive correlation with cell viability. As the lift values reveal,
irregularly shaped nanoparticles are found more beneficial than regularly shaped NPs. This
can be explained as the irregularly shaped NPs promote interactions with the cell membrane

thanks to their high surface area.

From Table 4.2, the appealing synthesis methods are shown to be reverse
microemulsion and ionotropic gelation techniques with high lift values; however, it should
be noted that the samples covering these rules are taken from single articles. Nevertheless,
these synthesis methods may have potential significance to obtain specific nanoparticle

types. For instance, all iron oxide NPs prepared by reverse microemulsion showed non-toxic
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behavior [293] and 97 % of chitosan nanoparticles prepared by ionotropic gelation indicated

high viability [290]. Although these results are not supported by the other sources in our data

set, their potential shouldn't be overlooked.

Table 4.2. Nanoparticle-related single variable and high viability associations. Significant

associations were listed in the table based on their ranked lift values. Here, the antecedents

are the classes of ‘material’, ‘shape’, ‘synthesis method’, ‘coat’, ‘surface charge’, and

‘concentration” while the consequent is ‘high viability’.

Antecedent Support Confidence Lift Count
Material

HAP 0.020 0.94 1.83 46
Chitosan 0.014 0.85 1.66 34"
Ceria 0.015 0.81 1.59 35
Eudragit RL 0.012 0.78 1.52 28"
PLGA 0.020 0.74 1.45 46
Iron oxide 0.052 0.72 1.40 122
Polystyrene 0.038 0.71 1.39 90
Shape

Irregular 0.030 0.72 1.40 71
Synthesis Method

Reverse Microemulsion 0.017 1.00 1.95 40"
lonotropic Gelation 0.014 0.97 1.90 34"
Coat

Silica 0.013 0.73 1.43 30
Carboxyl 0.024 0.73 1.42 57
Surface Charge

Neutral 0.012 1.00 1.95 29
Concentration

< 10 pg/ml 0.172 0.72 1.40 406

* Samples are from the same article
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Surface functionalization and coating of NPs play important roles in their toxicity. The
major functional groups that appear in our data set are citrate, PEG, chitosan, amine (NH>),
and carboxyl groups. Among these groups, silica and carboxyl show high lift values with
similar confidence but having carboxyl functionalization results in high viability with more
samples. In parallel to this argument, positive, negative, and neutral polystyrene NPs were
compared through their cytotoxicity on alveolar macrophages, and it was found that anionic
carboxyl modified polystyrene is less toxic than its cationic amine modified counterpart
[301]. This was associated with the release of lysosomal enzymes that triggers apoptotic cell
death. Similarly, in another study, carboxyl-modified polystyrene NPs changed lysosomal
enzyme activity on endothelial cell lines without damaging lysosomal membrane integrity
[302].

The interactions between NPs and cellular membranes may also be driven by the
surface charge. Cationic NPs have been revealed to easily bind to the cell surface and enter
the cell [3,303]; but, they have potentially toxic effects like mitochondrial membrane
disruption [304], DNA damage [68,303], and prolongation of GO/G1 phase of the cell cycle
[68]. It was reported that the internalization of positively charged gold NPs into the cell takes
place faster and in larger amounts but causes more toxic effects [305]. Surface charge was
identified as the most important feature of the toxicity of silver NPs by ML techniques [306].
However, we did not observe any prominent toxicity difference between positively and
negatively charged NPs irrespective of the material type. Neutral NPs, on the other hand,
found a little place in our data set as in the literature. However, this study reveals that neutral
nanoparticles (between zeta potentials of £1 mV in water) have promising potential in drug

delivery applications, as all neutral NPs in our dataset exhibited high viability.

Most of the toxicity studies show that NP cytotoxicity is concentration-dependent
[307,308]. As presented in Table 4.2, the rule of having high viability with NP
concentrations less than 10 ug/ml is highly reliable with 406 counts. 25 % of these samples
consist of gold NPs, followed by silver and iron oxides. Therefore, it can be misleading to
treat the concentration regardless of the material type. This association will be further

discussed in the next section in a material-specific manner.
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In addition to the concentration, the diameter of NP has been addressed in determining
the efficiency of its cellular uptake and toxic potential. However, we found that the diameter-
only does not have any correlation with cell viability. Instead, we encountered a wide variety
of cases that prevented us from making a generalization. Therefore, we consider the effect
of diameter in the presence of other variables in the next section. The aspect ratio (length
over width), on the other hand, is another descriptor of size which show significance with
69% confidence when spherical and cylindrical NPs (nanotubes, rods, and needles) are
compared. The aspect ratio was found to be more beneficial between 10 and 100 for the safe
design of NPs. It is noteworthy to mention that 74% of these NPs consist of carbon nanotubes
of which 65% are MWCNTSs.

Table 4.3. Cell-related single variable and high viability associations. Significant
associations were listed in the table based on their ranked lift values. Here, the antecedents

are the classes of ‘cell type’ and ‘cell morphology’ while the consequent is ‘high viability’.

Antecedent Support Confidence Lift Count
Cell Type

MBMC 0.014 0.97 1.90 34"
SIRC 0.010 0.83 1.62 25"
SHSY5Y 0.020 0.78 1.53 47
HCMEC 0.017 0.74 1.44 40"
HUVEC 0.039 0.73 1.43 91
PC12 0.016 0.72 1.40 38
L929 0.018 0.71 1.39 42
Cell Morphology

Spindle 0.021 0.77 1.50 50
Endothelial 0.042 0.73 1.43 99
Irregular 0.016 0.72 1.40 38

* Samples are from the same article

The cytotoxicity of NPs also varies based on the cell type they are exposed to (Table
4.3). [309] Indeed, previous meta-analysis studies [5,122] demonstrated that cell type is one
of the significant descriptors of toxicity. This was confirmed in our cell type association

results with the lift values between 1.39-1.90 above 70% confidence. The reason behind the
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importance of cell type was mainly attributed to the level and nature of cell association with
the NPs, composition differences in cell culture media as well as the degree of NP
agglomeration in varying amounts of serum proteins [310]. Moreover, it is seen from Table
4.3 that cell morphology affects the interactions between NPs and the cell membrane. Here,
spindle-shaped, and endothelial cell lines are found to be more beneficial in obtaining high

cellular viability.

Apart from NP and cell descriptors, the toxicity tests and conditions may have effects
on screening toxicity [2]. To test the reliability of the measurements, cell viability was
determined by various types of assays. According to the assays used, some experiments
showed parallel results [311,312] while some exhibited contradictory outcomes [313]. On
the other hand, our results indicate that CCK-8 and MTS assays yield high viability with the
lift values of 1.27 and 1.22, respectively above the 60% confidence interval. The common
point of both tests is that they rely on the reduction of the tetrazolium salt. However, there
may be a correlation between cell type and test type, along with the physicochemical
properties of NPs, which could result in different cytotoxic behaviors. Therefore, binary or
ternary relationships between these factors and their effects on toxicity are also discussed in
the next section.

4.2.2. Multiple Variable Association with Cell Viability

Although the relationships between a single variable and cell viability allow us to draw
general conclusions about the importance of the factor itself, these factors may be
insufficient to understand the toxic behavior of NPs because these factors are not completely
independent of each other. For example, it may not be possible to produce the desired
material with every synthesis method or to combine every material with the desired surface
group. For this reason, two or more factors are examined together to determine their effects
and importance on cytotoxicity. To this end, we first explored material-based associations,
taking into account the material type, preparation method, and other properties such as size,
shape, surface charge, and PDI. Significant rules are listed in Table 4.4 in the order of their

lift values.
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Table 4.4. Material-based two factor associations resulting in high viability. Significant

associations were listed in the table in the order of lift values with confidence > 70%.

Antecedent Support Confidence Lift Count
Material & Shape

HAP, Rod 0.019 1.0 1.95 45
Chitosan, Irregular 0.012 1.0 1.95 28"
PLGA, Sphere 0.018 0.86 1.68 43
Eudragit RL, Sphere 0.012 0.78 1.52 28"
Iron oxide, Sphere 0.052 0.73 1.42 122
Titanium oxide, Sphere 0.017 0.71 1.38 41
Polystyrene, Sphere 0.036 0.70 1.38 84
Material & Diameter

HAP, (10, 25] nm 0.010 1.0 1.95 24"
Iron oxide, (0, 10] nm 0.017 0.95 1.86 40
Cerium oxide, (10, 25] nm 0.012 0.94 1.82 29
Eudragit RL, (100, 200] nm 0.012 0.78 1.52 28"
Iron oxide, (25, 100] nm 0.011 0.75 1.46 27
Titanium oxide, (10, 25] nm 0.013 0.75 1.46 30
Polystyrene, (25, 100] nm 0.033 0.71 1.38 78
MWCNT, (10, 25] nm 0.017 0.71 1.38 41
Material & PDI

PLGA, (0,0.2] 0.010 0.86 1.67 24
Eudragit RL, (0, 0.2] 0.012 0.78 1.52 28"
Polystyrene, [0, 0.2] 0.033 0.75 1.47 77

* Samples are from the same article

From Table 4.4, it is seen that all HAP NPs in rod shape exhibit high viability with
100 % confidence. Chitosan NPs are in favor of irregular geometry whereas other NPs which
cause high viability are in a spherical shape. In particular, iron oxide NPs have a sufficient
number of samples to support the rule of spherical shape to obtain high viability. When the
material and diameter association is analyzed, the appropriate size ranges differ according
to the material type. While HAP NPs synthesized between 10-25 nm in size show a high

potential to protect cell viability, iron oxide NPs mostly show low toxicity with a diameter
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of 10 nm and less. Furthermore, polystyrene NPs with a diameter in the range of 25-100 nm

exhibit high viability with the highest counts of samples obeying that rule.

PDI is a measure of heterogeneity in terms of the size of particles. According to
literature, PDI values less than 0.2 points out that the particles are uniformly dispersed [314]
whereas larger PDI values show the possible agglomeration or aggregation of that particles.
In Table 4.3, itis observed that PLGA, Euragit RL, and polystyrene cause fewer toxic effects
if they are monodispersed with PDI values of 0.2 and less. The polydispersity of NPs was
associated with the adsorption of proteins or other compounds in the cell medium [301] and
the resultant agglomeration of NPs considerably reduced the uptake levels and translocation
through the tissues. The upper agglomerate size of NPs to be internalized and transfer across

the tissue was reported as 250 nm [315].

In Table 4.5, three-factor associations with cell viability are shown. When the
association of material and diameter was extended with the incorporation of surface charge,
exposure dose, and cell type, we obtained different rules based on statistical significance. In
the former, negatively charged NPs, especially iron oxide, and polystyrene, are observed to
be more favorable to obtaining low toxicity. Conversely, with the same diameter range of
polystyrene (25-100 nm), anionic silver NPs exhibited 50 % more probability of having
toxicity (Table A.2). The toxic potential of silver NPs was previously reported by a
perturbation based QSAR study conducted on the ecotoxicity and cytotoxicity of metals and
metal oxides. However, the association of material, diameter, and dose indicate that silver
NPs are not toxic if their concentration is less than 10 pg/ml. Similarly, small gold NPs with
10 nm and less diameter do not show toxicity in the same concentration range of silver. On
the other hand, polystyrene in 25-100 nm diameter maintains cell viability at doses up to 100
ug/ml. Furthermore, zinc oxide NPs with 25-100 nm size and concentration ranges of 10-
100 pg/ml, were found to have a high negative correlation with cell viability (Table A.2) as
reported previously [137,316]. When the material type, diameter, and cell type are associated
with the cell viability, the only significant rule which we determined reveals that MWCNTSs
between 10-25 nm diameter have favorable interactions with human umbilical vein
endothelial cells (HUVEC).
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Table 4.5. Material-based three factor associations resulting in high viability. Significant

associations were listed in the table in the order of lift values with confidence > 70%.

Antecedent Support Confidence Lift Count
Material, Diameter & Surface Charge

Iron oxide, (0, 10] nm, 0.013 0.94 1.83 31
Negative

Polystyrene, (25, 100] nm, 0.025 0.92 1.80 59
Negative

Eudragit RL, (100, 200] nm, 0.012 0.78 1.52 28"
Negative

Material, Diameter & Exposure Dose

Silver, (25, 100] nm, 0.012 0.90 1.76 28
(0, 10) ug/ml
Gold, (0, 10] nm, 0.016 0.86 1.68 38
(0, 10) pg/ml
Polystyrene, (25, 100] nm, 0.027 0.70 1.37 64

[10, 100] pg/ml

Material, Diameter & Cell Type

MWCNT, (10, 25] nm, 0.011 0.75 1.46 27
HUVEC

Material, Coat & Synthesis Method

HAP, None, Precipitation 0.014 1.0 1.95 33
Chitosan, None, lonotropic 0.014 0.97 1.90 34"
Gelation

Polystyrene, COOH, 0.017 0.79 1.54 41
Commercial

Eudragit RL, None, 0.012 0.78 1.52 28"

Emulsion—-Solvent
Evaporation
Titanium  oxide, None, 0.023 0.76 1.49 55

Commercial

* Samples are from the same article
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It has been shown that the toxicity of NPs is related to the hydrophobicity of the coating
material and the more the polar surface of the coats the less the possibility of toxicity [6].
We validated this interpretation by observing that hydrophobic polystyrene NPs have less
toxicity when modified with polar COOH groups. Additionally, we found that bare HAP
NPs prepared by precipitation method show about 2 times more probability of having high
viability than that in the data set. Among the metal oxides, we identified that only

commercial titanium oxide NPs yield high viability with sufficient counts of samples.

As mentioned earlier, the effects of nanomaterials vary according to the cells to which
they are exposed, so the mechanism of cell responses should be well understood. As shown
in Table 4.6, specific cell types provide good compatibility with some nanoparticles. For
example, the human bone marrow epithelial cell line (SHSY5Y) which is often used as a
model in the treatment of neurological diseases such as Parkinson's disease and
neurogenesis, maintains its viability in the presence of iron oxide NPs [317,318].
Furthermore, the exposure of MWCNTSs to HUVEC which is applied as primary cells in

vascular diseases such as atherosclerosis resulted in high viability [319,320].

Material and cell type variables are investigated in conjunction with toxicity assays, as
the test methods used may have different effects on the cellular environment. The association
of material and test type with the cell viability demonstrates that the CCK-8 assay yields
higher viability for HAP NPs with a lift value of 1.95 while MTT assays result in high
viability for iron oxide NPs with a high count value of 82. Similarly, the combination of cell
types and assays used presents that MTT and CCK-8 assays have a significant correlation
with viability. As mentioned before, both tests are based on the reduction of tetrazolium salts
to measure metabolically active cells and, previously, it was reported that tetrazolium-based
assays result in higher viability when compared to other methods such as LDH release [5].
Chemical constituents of an assay have the potential to be safe or harmful and the response
of the cell may even change depending on the interference of assay chemicals with the cell
media content. According to the interactions of compounds, the assay may yield misleading
results. Indeed, many groups have shown that tetrazolium-based assays in the presence of
reducing agents can be misleading by exhibiting lower or higher cell viability [223,321].
Nevertheless, they are widely used assay types and general conclusions can not be drawn

based on this outcome.
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Table 4.6. Cell- and test- based three factor associations resulting in high viability.

Significant associations were listed in the table in the order of lift values with confidence >

70%.
Antecedent Support Confidence Lift Count
Material & Cell Type
Iron oxide, SHSY5Y 0.017 1.00 1.95 40
Chitosan, MBMC 0.014 0.97 1.90 34"
Silica, PC12 0.011 0.87 1.69 26"
MWCNT, HUVEC 0.015 0.80 1.56 36
Material & Assay Type
HAP, CCK-8 0.019 1.00 1.95 45
Chitosan, MTT 0.014 0.85 1.66 34"
MWCNT, MTS 0.012 0.80 1.57 29"
Cerium oxide, MTT 0.011 0.77 1.50 27
Iron oxide, MTT 0.035 0.75 1.47 82
MWCNT, CCK-8 0.011 0.74 1.45 26
Polystyrene, MTT 0.025 0.73 1.42 59
Cell Type & Assay Type
MBMC, MTT 0.014 0.97 1.90 34"
SIRC, MTT 0.011 0.83 1.62 25
SHSYS5Y, MTT 0.010 0.75 1.46 24
HUVEC, CCK-8 0.029 0.75 1.46 69
HCMEC, MTT 0.017 0.74 144 40"
Material, Cell Type & Assay Type
Chitosan, MBMC, MTT 0.014 0.97 1.90 34"
Silica, PC12, MTT 0.011 0.87 1.69 26"
MWCNT, HUVEC, CCK-8 0.011 0.74 1.45 26

* Samples are from the same article

4.2.3. Long-Term Cell Viability Analysis

In this section, we study the long-term effect of nanoparticles, on cell viability based
on material type, preparation method, coating agent, and exposure concentration. We

observed the change in lift values with the criterion of maintaining at least 85% cell viability.
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Thus, ARM was applied for four-time intervals: viable for more than 24 hr, viable for more
than 48 hr, viable for more than 72 hr, and viable for 96 hr. As mentioned before, these
criteria are the cumulative combination of time data, i.e., the '24 hr and more' class contains
the samples in 24 hr, 48 hours, 72 hours, and 96 hours; '48 hr and more' class includes 48 hr,
72 hr and 96 hr; and so on. The increase in lift values indicates that it is appropriate to use
that factor in the long term without creating a toxic effect. Because if the number of viable
cells involving that factor does not drop or drop less than the total viable cells with time, the

lift value of using that factor increases.

The lift values based on the single factor associations of material, coating agent,
preparation method, and exposure concentration with cell viability are presented in Figure
4.9. In 72 hr period, it is shown that cells exposed to HAP, chitosan, and PAMAM
dendrimers maintain their viability, however iron oxide NPs cause toxicity. since iron oxide
NPs are prone to agglomeration, their blood circulation time is shorter. As a result, they are
not suitable to use in the long-term in drug delivery applications, still, their stability and
blood circulation halftime can be promoted by surface functionalization [322,323].
Moreover, it is found that the lift values of silver nanoparticles, which are generally toxic,
increase on the fourth day. When examining the silver samples in detail, it was found that
the samples belonging to the fourth day are rod-shaped and synthesized by electron beam
physical vapor deposition (EBPVD) method rather than conventional preparation methods.
Therefore, the synthesis method can be considered an important factor to control the toxicity
of silver NPs.

Figure 4.9b indicates that the use of the carboxyl functional group provides high cell
viability even on the third day. Thus, the carboxyl-modified NPs have high potential in
controlled drug delivery in the long term in parallel to our previous findings. Additionally,
it is seen that citrate which is mostly used to stabilize gold and silver NPs, appears to be
beneficial in two days period but the number of viable samples decreases significantly after
the second day. Therefore, it should be noted that citrate coating may maintain cell viability
in the short term but can lead to toxicity in the long run. Furthermore, it is observed that the
lift values of PEG and chitosan coats rise on the second day. However, there is no PEG or

chitosan data in the third and fourth days and to extract a rule, they should be studied further
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with more samples. The lift of non-functionalized NPs, on the other hand, was found to be

around one implying no correlation with cell viability and therefore is not shown here.

Some synthesis methods including reverse microemulsion, mini-emulsion
polymerization, and ionotropic gelation, reveal the potential importance of these methods
with high lift values and also give evidence of the heterogeneity of the data set. In the
previous section, the material-specific synthesis methods were discussed, however, two
important outcomes that are seen in Figure 4.9c are the decrease of lift values in soft
templating method and the sudden increase of the lift value of chemical reduction on the
fourth day. The former was attributed to the toxic effect of NPs prepared by the soft
templating method (usually silica NPs) in cells from the third day. In the latter, the chemical
reduction method, which normally exhibits a lift value of around 1 for three days, is
identified to be used to prepare star-shaped gold NPs instead of spherical NPs on the fourth
day resulting in high viability.

When the effect of concentration of NPs on cell viability is investigated in the long-
term, it is observed from Figure 4.9d that NPs which interact with cells at exposure doses
less than 10 pg/ml for three days are safer. On the other hand, concentrations higher than
200 pg/ml pose a risk of toxicity as can be seen from the lift values. The lift values of 100-
200 pg/ml doses, which are negatively correlated with the cell viability in the first three days,
increase on the fourth day. Therefore, it is noteworthy to mention that samples between 100-
200 pg/ml emerging on the fourth day as highly viable include star-shaped gold NPs
prepared by chemical reduction method and COOH coated silica nanoparticles prepared by

the soft templating method.
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Figure 4.9. The effect of the variables of a) material, b) coating agent, c) preparation
method, d) concentration on cell viability with respect to time. Reproduced from Ref. [9]

with permission from the Royal Society of Chemistry.

In conclusion, the cytotoxicity of NPs has been investigated by ARM, which is a rule-
based ML algorithm, using previously reported in vitro test results of inorganic, organic, and
carbon-based NPs. The toxicity endpoint was specified through cell viability while the
descriptors were determined as physicochemical properties of materials as well as the cell
properties and test conditions. The resultant data set included 4111 samples from 152 articles
with 15 qualitative and 10 quantitative attributes. Our results showed that NP toxicity is
mainly associated with the core and coating material of the NPs, their synthesis method, and
the cell types to which they are exposed. Moreover, the single and combined associations of
variables provided easy-to-follow inferences as well as shed light on the hidden relationships
between the variables and the cell viability. The conclusions drawn can be summarized as

follows:
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e Biocompatibility and biodegradability play important roles in NP safety. HAP,
chitosan and polystyrene stand out in this sense by yielding high viability in most
cases.

e The negative carboxyl group stabilizes the NPs, regulates their interaction with
the cell, and provides long-lasting use. In particular, carboxyl-modified
polystyrene appear as a safe nano carrier with high count of samples compared
to other NPs.

e Cylindrical-shaped NPs with aspect ratios between 10 and 100, like nanotubes,
rods, and needles, is advantageous in maintaining cell viability.

e Since it is not possible to prepare the desired NP species with every synthesis
method, it is more appropriate to prefer material-specific synthesis methods; for
example, precipitation can be used for HAP, reverse microemulsion for iron
oxide, and emulsion-solvent evaporation for polymeric NPs (PLGA and Eudragit
RL).

e Tetrazolium-based assays like MTT and CCK-8 generally yield higher viability
results when compared to color-coded assays like Alamar Blue, and Neutral Red
Uptake (NRU).

e In general, NPs that come into contact with cells for one day or less at a

concentration below 10 pg/ml do not appear to be toxic.

Consequently, this study shows that based on published experimental findings, NP
toxicity can be characterized, and important determinants of toxicity can be identified. As
the sample space grows with additional valuable data, more reliable rules can be drawn, and
the mechanism of toxicity can be understood more clearly. To achieve this, it is necessary to
overcome the limitations caused by the heterogeneity of the data, the lack of standardized
testing protocols, and knowledge gaps. Our results will be useful in understanding the
underlying causes of the harmful effects of NPs and laying the groundwork for future
research so that their safe design can be made.
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4.3. Interactions of Carbon Nanotubes with Lipid Bilayers by Atomistic Simulations

In comparison to fullerene NPs, CNTs can carry the drug molecules not only on their
surfaces but also inside their tubes and release them to targeted cell regions on demand
through surface modification. Moreover, as demonstrated in several studies, CNTs have
superior transport properties and can deliver cargo, specifically genes, more efficiently than
other NP alternatives [324]. In the previous section, we determined that carboxyl-modified
polystyrene NPs are safe for maintaining cell viability, whereas carbon nanoparticles were
found to be relatively toxic. Therefore, to improve the performance of carbon nanoparticles
and reduce their toxicity, CNTs were functionalized with PS and PSCOOH at atomistic and
CG levels.

First, the interactions of pristine and PS functionalized CNTs with the POPC bilayer
are investigated in atomistic detail and a model drug, IBU, was loaded to the CNTSs to
observe their drug release potential. Membrane properties, i.e., APL and bilayer thickness,
in the absence and presence of IBU is presented in Table 4.7. The APL and bilayer thickness
values of pure POPC were calculated as ~0.65 nm?and ~3.9 nm, respectively, in parallel to
the experimental ranges of 0.64-0.68 nm? and 3.70-3.91 nm [281,282]. With the addition of
the NPs, APL values slightly change, however, this variation is less than 2 % in all cases.
Similarly, bilayer thickness increases in a negligible manner as is more apparent with
PSCOOH-modified CNTSs. As reported elsewhere [13,208,216], CNTSs penetrate the bilayer
passively without showing an adverse effect on membrane structure like pore formation,
membrane rupture, or disruption. The uptake mechanism of CNTs is closely related to their
length, and it has been previously reported that short nanotubes (< 1um) are internalized
from the cell membrane by non-endocytic pathways [209,325]. The passive penetration of
the 3 nm CNTSs used in our study also confirms this.
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Table 4.7. Area per lipid and bilayer thickness values of pure POPC, and with
pristine/functionalized CNT models, i.e., pristine carbon nanotube (CNT), polystyrene
functionalized carbon nanotube (PSCNT), carboxyl-terminated polystyrene functionalized
carbon nanotube (PSCOOHCNT), in the presence and absence of ibuprofen (IBU).

Model Area Per Lipid (nm?) Bilayer Thickness (nm)
POPC 0.650 + 0.012 3.88 £0.06
POPC — CNT 0.641 + 0.010 3.97£0.05
POPC — PSCNT 0.654 +0.011 3.98 £0.05
POPC — PSCOOHCNT 0.646 + 0.012 4.02 +0.06
POPC - CNT - IBU 0.638 + 0.011 3.99+£0.05
POPC - PSCNT - IBU 0.649 + 0.011 4.01 +0.06
POPC - PSCOOHCNT - IBU 0.648 + 0.010 4.02 +0.05

The tilt angle between the long axis vector of CNTs and the membrane normal was
calculated throughout the simulation time and presented in Figure 4.10 with the histograms
representing the average equilibrium angles. In literature, it has been shown that short CNTs
(~2 nm) align parallel to the lipids when embedded within the bilayer [326] while longer
CNTs make larger angles with the normal of the bilayer to maximize their interactions with
the hydrophobic region of the bilayer [201,219]. Geng et al. determined the tilt angle of O-
15° using CNTs in 1.5 nm inner diameter and 5-15 nm length in DOPC membrane through
the cryogenic TEM technique [327]. With a similar sized CNT, Tran et al. calculated the tilt
angle of 0-15° range by in situ SAXS measurements and proposed that the addition of CNTs
causes local tilting of lipids which results in a bilayer thinning effect [328]. Recently,
Sullivan et al. calculated a broader range of tilt angles (0-25°) in equimolar DMPC/DOPC
bilayer by developing a geometric model with the apparent CNT height in AFM images
[329]. Similar to Sullivan et al., we observed that CNTs were found with a tilt angle of 0°-
25° with respect to the membrane normal (c.f. Figure 4.10a). Additionally, we identified that
the insertion of CNTSs results in a bilayer thickening effect contrary to Tran et al.

Previously, it has been reported that the configurational preferences of CNTs can
change based on the functional groups. Vogele et al. stated that modifying CNTs with polar
groups like hydroxyl and carboxyl prevent the tilting of nanotubes with respect to the bilayer
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normal [219]. In another study, hydroxyl-modified CNTs were shown to orient vertically
between lipid headgroups of opposite leaflets when the length of the CNT is less than the
bilayer thickness [216]. In our study, PS functionalized CNT was found to prefer near-
perpendicular alignment with the lipids with a tilt angle of ~82° (c.f. Figure 4.10b). On the
other hand, PSCOOQOH functionalized nanotube rotated upside down upon insertion into the
membrane and tilted with a mean angle about 20° from bilayer normal as shown in Figure
4.10c. Moreover, IBU loading of the nanotubes caused slightly wider angle distributions for
both pristine and functionalized CNTSs. In the presence of IBU, PS-modified CNT preferred
to align almost parallel to the lipids, unlike its unloaded counterpart. The internalization of
the IBU-loaded functionalized nanotubes was observed to occur at their non-functionalized
rims. Upon insertion into the hydrophobic core of the membrane, both nanotubes rotated
upside down and adopted a near-vertical position with about 25 tilting angles. The
configurational choices of the CNTs can be understood better by the angle shifts
demonstrated in Figure 4.10e and f.
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Figure 4.10. The angle distribution between pristine/functionalized CNTs and lipid bilayer
normal in the absence (upper panel) and the presence (lower panel) of IBU. The
histograms show acute angle distributions after configurational equilibration (from the last
100 ns or 200 ns of the trajectories for no IBU and with IBU, respectively) of the
nanoparticles inside the membrane which is encircled. Angles above 90° demonstrate the
rotation of the tubes, hence, values were subtracted from 180° while forming the

histograms.
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Figure 4.11. The density distributions of the lipid headgroups, water, CNT, and IBU for a)
POPC-CNT, b) POPC-PSCNT, c) POPC-PSCOOHCNT, d) POPC-CNT-IBU, e) POPC-
PSCNT-IBU, f) POPC-PSCOOHCNT-IBU systems. The illustrations of configurations
match the lines in a color-coded manner. Polystyrene functional groups (purple), and water
molecules (yellow) between lipid headgroups are not shown in the graphs to avoid

confusion.

The translocation behavior of the CNTSs is also investigated by density distribution
analysis and density profiles of CNTs confirm our findings obtained through angle
calculations. From Figure 4.11 it is seen that PS functionalized CNT aligns perpendicular to
the bilayer normal at a 1 nm distance away from the bilayer center, while the other CNTs
prefer a parallel alignment at the center of the bilayer. Furthermore, the CNTs drag water
molecules across the bilayers during their insertion process. The open ends of the CNT allow
water molecules to penetrate inside the tube and transport along the bilayer as reported
elsewhere [181,202]. It has been discussed that open-ended nanotube may also lead to the
penetration of lipid headgroups or lipid tails along the extremity of the bilayer [208]. In this
context, closed-ended CNT was identified to give less damage to the structure of the
membrane and has a lower free energy barrier to penetrate the phospholipid bilayer [206].
By confirming this argument, we observed in our simulations that lipid bilayers are distorted

by the insertion of nanotubes and the inner surface of CNTSs is blocked by phospholipids.
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However, this distortion is not permanent and does not cause lipids to carry from one leaflet
to another. Furthermore, the presence of IBU prevents lipids to penetrate the inner surface
of the CNTs.

The hydrophobicity of the CNTs not only affects the distribution of nanotubes within
the bilayer but also varies their internalization time. In the absence of IBU, the residence
time in the aqueous phase was found to be higher with the functionalized CNTs than with
pristine one (c.f. Figure 4.12a). The highest residence time in bulk water was determined
~200 ns with PSCOOH functionalized CNT. Since the carboxyl groups increase the polarity
of the nanotube, the interactions with water become more favorable as previously reported
[196,197]. From Figure 4.12a it is also shown that pristine and PSCOOH modified CNTs
reside almost in the center of the bilayer while PS modified CNT locate in the upper leaflet
at about 1 nm distance from the bilayer core to the CNT’s COM. In the presence of IBU, on
the other hand, the internalization time of functionalized CNTSs shorten (c.f. Figure 4.12b).
For example, PS functionalized CNT penetrates the bilayer about 2.5 times faster than its no
drug-loaded counterpart. This may be explained by the increasing hydrophobic character of
the CNTs with IBU loading. Since IBU is an overall hydrophobic drug, it promotes the
hydrophobic interactions with the lipid bilayer. Regardless of the functional group, it is also
observed that IBU-loaded CNTSs prefer to locate in the hydrophobic center of the bilayer.
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Figure 4.12. The absolute center-of-mass (COM) distance of CNTs from the POPC bilayer
center for the pristine and functionalized CNTSs a) in the absence of IBU, b) in the presence
of IBU.
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16 ns 68 ns 95 ns 400 ns 700 ns

Figure. 4.13. Dynamic evolution of the POPC-PSCNT-IBU system (upper panel), and
POPC-PSCOOHCNT-IBU system (lower panel). Water molecules, ions and lipid tails are

not shown on the figure for clarity purposes.

Here, IBU, which is a poorly water-soluble drug consisting of a hydrophobic tail and
a hydrophilic carboxyl cap, is selected as a model drug since it was previously loaded to
polymer functionalized CNTs in experimental studies [330,331]. In the aqueous phase,
different chiral forms of IBU molecules are inserted into SWCNTSs through their methyl side
chains by MD simulations [332]. In this study, the drug release potential of pristine and
functionalized CNTs has been investigated by placing a molecule of IBU in the center of the
CNTs. In all cases, we observed that IBU remains within the tubes while in water, and IBU-
loaded CNTs cross the upper leaflet of the bilayer and then direct the drug to the headgroups
of the lower leaflet. For pristine CNT, IBU was still at the lower end of the nanotube after
600 ns simulation time and couldn’t be delivered to the bilayer. IBU in PSCNT, on the other
hand, partially exited from the nanotube in about 100 ns. However, the hydrophilic cap of
IBU couldn’t completely save itself from the lower end of the nanotube in which the amide
linker is connected until the end of simulation time. Similarly, IBU in PSCOOHCNT was
stuck at the lower end of the nanotube from its hydrophilic end but at 610 ns it was
completely released. It was observed that the hydrophilic cap of the released drug interacts

with the lipid headgroups in the lower leaflet while its hydrophobic tail tends towards the
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hydrophobic region of the membrane for the investigated 100 ns. The dynamic evolution of
the IBU in functionalized CNTs is demonstrated in Figure 4.13. It should be noted that IBU
release could be observed with PSCNT on a longer time scale. Therefore, CG simulations

are suggested to further analyze the drug release profiles of PS functionalized CNTSs.

There are two main characteristics of polymers: radius of gyration (ROG) and end-to-
end (EtE) distances. We calculated ROG and carbon EtE distances of PS functional groups
throughout the simulation time and reported the average values taken from equilibrated
trajectories in Table 4.8. In the absence of IBU, the ROG values are found between 0.9-1.0
nm for the PS chain with 29 monomers. The addition of IBU increases ROG values by about
15% in PSCNT due to the dispersion of PS on the outer walls of the CNT. Moreover, since
IBU is stuck at the lower end of the nanotube, the free end of the PS spreads toward the
upper rim of CNT and increases the EtE distance of PS by about 2-fold. COOH modification
of PS, on the other hand, does not change the ROG value but decreases the EtE distance to
one-third. The increasing polarity of the functional group provides an interactive site with
the linker amide group, and the hydrophilic end of IBU strengthens this interaction before

its release. As a result, carboxyl groups approach amide linker, reducing EtE distance.

Table 4.8. Radius of gyration (ROG) and carbon end-to-end (EtE) distances of PS
functional groups attached to CNTs.

Radius of End-to-End
Model _ )
Gyration (hnm)  Distance (nm)
POPC - PSCNT 0.90 + 0.02 0.89 +0.08 .\5
POPC - PSCOOHCNT 0.93+£0.01 1.53+0.14 g
POPC - PSCNT - IBU 1.03 £ 0.02 2.06 £0.13 &"
B j
POPC - PSCOOHCNT - IBU 0.91+0.01 0.51 +0.06 Q, A
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Consequently, we developed atomistic models of PS and PSCOOH modified
SWCNTs and examined their interactions with a POPC lipid bilayer in the presence and
absence of the drug, IBU. Our results give the first insights into the polystyrene modification
of CNTs in literature by MD modeling and show that polystyrene has a high potential to be
used as a functional group for safe and controlled drug delivery. In the next section, we will
expand our research by analyzing these systems at a coarse-grained level for longer times

and in more realistic environments.

4.4. Validation of Pristine and Functionalized Carbon Nanotube Coarse-Grained
Models

Martini2 CG models of CNT were previously developed by different groups
[211,219], but recently Martini3 force field has been introduced [265] where the structural
and thermodynamic properties of molecules are better represented. Therefore, we adopted
the Martini3 small molecule parameterization procedure [264] to obtain more reliable
models of pristine and functionalized CNTs. This parameterization relies on the distributions
of bonded interactions in atomistic simulations, while non-bonded interactions are tuned to
reproduce the free energies of transfer of the target molecules between aqueous and organic
phases. The mapping strategy is based on the center-of-geometry (COG) approach, which
takes into account the hydrogen atoms in addition to heavy atoms, i.e., carbon, oxygen, and
nitrogen. The bonded parameters, i.e., bonds, angles, and dihedrals of CNTSs, are derived
from atomistic reference simulations and the distributions between AA and CG models are

presented in Figure C.3 and C.4.

The non-bonded interactions obtained from atomistic and CG simulations are
compared by calculating the free energy values and partition coefficients. We calculated the
free energy of transfer of an individual CNT molecule from octanol to water using both
atomistic and CG models. Additionally, free energies of transfer of the CNTs between
different solvents derived from solubility data were listed with our results in Table 4.9. Here,
the computed hydration free energy of -54.9 kJ/mol agrees well with the previous studies
measured for C60 by Athawale et al. (—54.1 kJ/mol) [333] and Varanasi et al. (—55.27
kJ/mol) [334] at 300 K. On the other hand, hydration, and solvation-free energies of CNTs

have been calculated by MD simulations in literature [335,336] but the values are not
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comparable due to different sizes and configurations. However, the transfer free energy of -
115.1 kJ/mol shows good agreement with less than 5 % error compared to its atomistic
counterpart. Furthermore, the atomistic and CG models are in reasonable agreement with the

previously developed models of logP0 with less than 10% deviation.

Table 4.9. Free energies of CNT (6,0) in water and octanol with calculated partition
coefficients for all-atom (AA) and coarse-grained (CG) simulations. Reference partition
coefficient values were calculated by the proposed models based on chiral vectors in the

corresponding articles.

AGocta\nol AGtransfer

AGwater (kJ/mOI) |OgP IOgP,ref
(kd/mol) (kJ/mol)
AA -48.9+ 0.7 -168.9 £ 0.6 -120.0 21.0 18.7, [337]
CG -54.9+0.0 -170.0£0.0 -115.1 20.2 19.2 [338]

For PS or PSCOOH functionalized CNTSs, the free energy of transfer values are listed
in Table 4.10. The negative estimates of free energies are in line with our previous findings
and the high negative free energy of CNTs indicates the increased affinity of CNTs for water
with functional groups.

Table 4.10. Free energies of transfer of PSCNT and PSCOOHCNT in water and octanol
with calculated partition coefficients for all-atom (AA) and coarse-grained (CG)
simulations. Here CNT is 1.5 nm in length with (6,0) chirality and the polystyrene chain

consists of five monomers.

AGtransfer (kJ/moI) |ogp
AA -153.5 26.9
PSCNT
CG -144.8 254
AA -155.1 272
PSCOOHCNT

CG -144.2 25.2
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To further validate our model, we determined the free energy of transfer of a CNT
from water to the interior of a POPC membrane by PMF simulations both at the atomistic
and the CG level. We found again a good agreement between AA and CG models (c.f. Figure
4.14). The free energy of the system when CNT is at the center of the bilayer (~-105 kJ/mol
for AA and ~-120 kJ/mol for CG), the depth and the location of the free energy minimum,
as well as the slope of the PMF lines, are similar in the two presentations. In CG simulations,
the position of free energy minimum is at about 0.7 nm with an energy value of ~-125 kJ/mol
while in AA simulations it is between ~0.7-0.9 with a slightly higher energy value. Our
results show that the MARTINI3 force field is well suited to realistically describe the
partitioning of CNT. Furthermore, it overcomes the resolution limits encountered in
experiments by providing molecular information close to atomistic level and allows

simulations on time scales of tens of microseconds.
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Figure 4.14. PMF change with the distance of the centers of masses of a single CNT (6,0)
and a POPC bilayer.

4.5. Interactions of Pristine and Functionalized Carbon Nanotubes with Lipid

Bilayers by Coarse-Grained Simulations

The internalization of CNTs into membranes occurs by passive diffusion as previously
reported [208,209,216]. For homogeneous bilayers, APL can be calculated by dividing the
area of the simulation box in xy direction by half the number of lipids. However, for
heterogeneous bilayers which consist of different types of lipids of different sizes (such as

PC lipids and cholesterol), VVoronoi tessellation is generally used to obtain the projected area
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of lipids [273]. Since some of our systems include cholesterol, which is shorter than POPC

lipid, APL values were calculated in the latter method and presented in Table 4.11.

The computed APL values for POPC only and POPC with 30% CHOL systems are
0.66 and 0.52 nm?, respectively and in good agreement with the experimental and
computational ranges of ~0.64-0.68 nm? for POPC [281,282,339] and ~0.49 nm? for
POPC/CHOL [284]. Due to the condensing effect of cholesterol, the surface area of a
membrane with CHOL is lower [340,341]. Therefore, the APL values are found to be lower
for CHOL-included POPC than only POPC as expected. Moreover, the change in APL
values in the presence of a single pristine or functionalized CNT is negligible. In the presence

of 5 functionalized CNTs, there is a ~2% increase in APL values.

Bilayer thickness of POPC and POPC/CHOL bilayers are computed as 3.85 and 4.04
nm consistent with the experimental and computational values between ~ 3.70 - 3.92 nm
[281,282,339] and ~ 4.4 - 4.5 nm, respectively [284,342]. In the presence of a single NP,
thickness values do not change whereas the addition of five NPs increases the thickness in
all cases. In POPC/CHOL systems, functionalized CNTs with six chains of PS or PSCOOH
result in a ~10% increase in thickness due to the compact clustering of CNTSs. The clustering
of CNTs is illustrated in Figure 4.15. In the presence of five functionalized CNTs, APL and
thickness values are found to be very similar with either four or six chains of PS and
PSCOOH.

The lipid tail order parameters of POPC and POPC/CHOL are found as ~0.35 and
~0.4, respectively (Table 4.11) as higher than the experimental [342] and atomistic studies.
[339] However, these values are in good agreement with the previous Martini models
[343,344]. Order parameters don’t change much by the addition of NPs in POPC; however,
cholesterol increases ordering in both systems. Aggregation of CNTs with four chains of
either PS or PSCOOH in the POPC/CHOL bilayer makes the ordering of lipid tails more

apparent and compact.
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Figure 4.15. Top and side view of configurations taken from the trajectories at 10 ps for
POPC (upper panel) and POPC/CHOL (lower panel) systems in the presence of

functionalized CNTs at different grafting densities.

The diffusion coefficient estimates in CG simulations are, in general, 2 to 10 times
higher than their experimental counterparts. As expected, the lateral diffusion coefficients
of PO4 beads in POPC and POPC/CHOL are found as ~72 um?s and ~47 pm?%/s which are
larger than the experimental diffusivity of POPC at 15.3 pum?/s [286]. On the other hand, the
diffusion constant of PO4 in POPC is ~1.5 times that of POPC with 30% CHOL, which is
consistent with experimental findings [286,345]. It has been observed that POPC/CHOL
bilayers are in the liquid disordered phase above 25 °C at all CHOL concentrations and lipid
lateral diffusivity constants decrease linearly with increasing CHOL content [345].
Moreover, the presence of a single pristine or functionalized CNT in the POPC bilayer
reduces lateral diffusivities by about 10%, while the presence of five functionalized CNTs
reduces the diffusivities by about 20%. With five PSCNTs or PSCOOHCNTS in
POPC/CHOL bilayers, the diffusion of POPC drops to almost half that in the pure POPC
membrane. On the other hand, the lateral diffusion coefficient of ROH beads in the

POPC/CHOL bilayer was calculated as ~82 um?s and increasing the nanoparticle
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concentration decreases the diffusion constants by about 7-15%. Consequently, the addition
of five functionalized CNTs reduces the mobility of POPC and CHOL.

Table 4.11. Area per lipid (APL), bilayer thickness, tail order parameter, and lateral
diffusion coefficients of POPC and POPC/CHOL bilayers in the presence and absence of
pristine and functionalized CNTSs. Lateral diffusion coefficients represent the diffusivities

of PO4 beads for POPC and ROH beads for CHOL, and standard errors are obtained
through regression of MSDs. Order parameters show the average tail order of both chains

in POPC. Here NP, PS, and PSCOOH denote nanoparticle, polystyrene, and carboxyl-
terminated polystyrene, respectively. The numbers next to ‘PS’ and ‘PSCOOH’ show the

chain length while the ones after ‘x’ show the number of chains.

No Bilayer ord Lateral Diffusion
rder
Model of APL (nm? Thickness Coefficient (um?/s)
Parameter
NP (nm) PO4 ROH
POPC - 0.661 +£0.003 3.85+0.01 0.346 71.8+0.04 -

POPC-CNT 1 0.661 +0.003 3.86+0.01 0.349 66.1 +0.09 -
POPC-PS29CNT 1 0.662 +£0.003 3.86 +0.01 0.349 64.7 £ 0.02 -
POPC-PS48CNT 1 0.663 £0.003 3.86 +£0.01 0.348 65.1+0.04 -

1
1

POPC-PS96CNT 0.664+0003 386+001 0347  73.7+0.03 -
POPC-

0.662 +£0.003 3.86 +£0.01 0.349 69.4 £ 0.05 -

PSCOOH29CNT
POPC- 1
0.663 £ 0.003 3.86 +£0.01 0.348 64.7£0.05 -
PSCOOH48CNT
POPC- 1
0.664 +£0.003 3.86+0.01 0.345 70.0 £ 0.03 -
PSCOOH96CNT
POPC-PS29x2/CNT 1 0.663+0.003 3.85+0.01 0.348 64.7 £ 0.04 -
POPC-PS29x4/CNT 1 0.664 +£0.003 3.86+0.01 0.346 66.2 +0.08 -
POPC-PS29x6/CNT 1 0.665+0.003 3.87+0.01 0.348 62.2+0.06 -
POPC- 1
0.663 +0.003 3.86+0.01 0.348 67.2+0.03 -
PSCOOH29x2/CNT
POPC- 1
0.664 £0.003 3.86 £0.01 0.348 67.2+0.07 -
PSCOOH29x4/CNT
POPC- 1

0.666 £ 0.003 3.87 £0.01 0.348 62.5+0.02 -
PSCOOH29x6/CNT
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Table 4.11. Area per lipid (APL), bilayer thickness, tail order parameter, and lateral
diffusion coefficients of POPC and POPC/CHOL bilayers in the presence and absence of
pristine and functionalized CNTSs. Lateral diffusion coefficients represent the diffusivities
of PO4 beads for POPC and ROH beads for CHOL, and standard errors are obtained
through regression of MSDs. Order parameters show the average tail order of both chains
in POPC. Here NP, PS, and PSCOOH denote nanoparticle, polystyrene, and carboxyl-
terminated polystyrene, respectively. The numbers next to ‘PS’ and ‘PSCOOH’ show the

chain length while the ones after ‘x” show the number of chains (cont.).

POPC-PS29x4/CNT 5 0.674+0.004 3.91+0.02 0.346 58.2+0.05 -
POPC-PS29x6/CNT 5 0.674+0.003  3.98 +£0.02 0.334 54.6 £ 0.02 -

POPC- 5
0.676 £0.004 3.89+0.02 0.345 55.9+0.03 -
PSCOOH29x4/CNT
POPC- 5
0.676 £0.003 3.97+0.02 0.338 56.0 +0.09 -
PSCOOH29x6/CNT
POPC/CHOL - 0.523+0.004 4.04+0.02 0.399 46.6 +0.04 81.9+0.06
POPC/CHOL- 1
0.527£0.004 4.05+0.02 0.401 43.2+0.05 855+0.08
PS29x4/CNT
POPC/CHOL- 1
0.528 £0.004  4.05+0.02 0.402 434+0.05 81.2+0.05
PS29x6/CNT
POPC/CHOL- 1
0.527£0.004 4.05+0.02 0.403 46.9+0.03 83.7+0.06
PSCOOH29x4/CNT
POPC/CHOL- 1
0.528 £ 0.004 4.02+0.02 0.401 47.0+0.02 80.9+0.04
PSCOOH29x6/CNT
POPC/CHOL- 5
0.543+0.005 4.06+0.02 0.407 41.7+0.02 73.2+0.02
PS29x4/CNT
POPC/CHOL- 5
0.538 £0.006 4.22+0.02 0.387 39.4+0.02 76.0+0.07
PS29x6/CNT
POPC/CHOL- 5
0.544 £0.005 4.08 £ 0.02 0.409 39.9+0.05 69.2+0.10
PSCOOH29x4/CNT
POPC/CHOL- 5
0.539£0.006 4.24 £0.02 0.372 429+0.04 721+0.04
PSCOOH29x6/CNT

Throughout the simulations, it is observed that CHOL molecules penetrate the inner
region of the bilayer, then migrate to the other leaflet or return to the same leaflet. In Table
4.12, the successful CHOL flip-flop events identified in the last 2 ps of trajectories are listed.
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The flip-flop rates of CHOL do not change in the presence of a single nanoparticle but
decrease by about 6-12% with the addition of five NPs. Since clustering of CNTs inside the
bilayer restricts the rotation and translocation of CHOL, the drop of trans-bilayer motion of
CHOL is more pronounced in the presence of CNTs with 6 PS or PSCOOH chains. Previous
studies have revealed that CHOL flip-flop rates occur on a sub-millisecond timescale and
depend on the temperature, bilayer order, lipid saturation level, and CHOL concentration
[346-348]. For instance, decreasing the temperature from 310 K to 290 has increased lipid
tail ordering and drop the flip-flop rate to one-tenth [348]. Flip-flop rates have been found
faster in poly-unsaturated DAPC lipid bilayers than in more saturated DPPC and POPC
bilayers [346]. Moreover, it has been determined that increasing the concentration of CHOL
from 20 to 40 % decreases the flip-flop rate in DPPC by orders of magnitude [349]. The
CHOL flip-flop rates calculated in our study are found smaller than their counterparts in the
literature. However, it should be noted that the temperature of the systems, calculation
methods, and simulation types, i.e., atomistic or CG, plays an important role in obtaining

different results.

Table 4.12. Cholesterol flip-flop rates in POPC/CHOL bilayers. Values are based on the
last 2 ps of trajectories.

Model No of | No of Successful Flip- | Cholesterol Flip-

NP Flops Flop Rate (pus™)
POPC/CHOL - 13978 114
POPC/CHOL-PS29x4/CNT 1 13842 11.3
POPC/CHOL-PS29x6/CNT 1 13781 11.2
POPC/CHOL-PSCOOH29x4/CNT 1 13781 11.2
POPC/CHOL-PSCOOH29x6/CNT 1 13719 11.2
POPC/CHOL-PS29x4/CNT 5 13128 10.7
POPC/CHOL-PS29x6/CNT 5 12662 10.3
POPC/CHOL-PSCOOH29x4/CNT 5 13033 10.6
POPC/CHOL-PSCOOH29x6/CNT 5 12292 10.0

The angle distributions between the long axis vector of CNT and bilayer normal are
shown in Figure 4.16 based on different PS or PSCOOH chain lengths and grafting density.

As mentioned in the previous section, it has been reported that short CNTs (Di = 1.5 nm)
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have tilt angles between 0°-15° in the DOPC bilayer through cryogenic TEM analysis [327]
and in situ SAXS calculations [328]. Using CNTs of similar size, Sullivan et al. calculated
a larger tilt angle (0°-25°) by scanning AFM images across the equimolar DMPC/DOPC
membrane [329]. These findings are supported here where the pristine CNT makes mostly
less than 20° angle with POPC. (c.f. Figure C.7) Furthermore, short CNTs with ~2 nm in
length are confirmed to orient parallel to lipid molecules when embedded in a phospholipid
bilayer [326]. By modifying CNTs with 29 monomers of PS or PSCOOH, we obtain similar
tilt angle distributions (mostly below 25°). Upon grafting of the 48 or 96 monomer PS chain,
wider angle distributions are observed with similar intensities. Differently, a tilt angle of
about 80° is found with 96 monomers of PSCOOH attached to a CNT. Since the PSCOOH
chain covers both the interior and exterior regions of CNT in this configuration, lipids cannot
diffuse into the nanotube, and CNT prefers to be near-perpendicular to the bilayer normal,

unlike the ones that allow the diffusion of lipids inside the nanotube.

PS29CNT PS48CNT PS96CNT
— 1
[0.8]  (8,15] (15,23 (23,30] (30,38]  [0,9]  (9,19] (19,28] (28,37) (37.46]  [0,9] (9, 18] (18,27] (27,35] (35,44]
PSCOOH29CNT PSCOOH4B8CNT PSCOOH96CNT
[0,9] (9, 17] (17.26] (26,34] (34,43]  [0,8] (8,16] (16,23] (23,31] (31,39]' [5,26] (26,48] (48,69] (69,91] (91,112
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Figure 4.16. Distribution of angles (°) between CNT long axis and POPC bilayer normal at
different chain lengths and grafting densities of PS or PSCOOH. Data is taken from the last
2 us trajectories of single functionalized CNTs in POPC membrane.
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Functionalization of CNTs with different groups may change their configurations and
polar functional groups can inhibit tilting [219]. It has been shown that hydroxyl modified
CNTs tend to be vertical in the bilayer center when the length of the CNT is shorter than the
bilayer thickness [216]. However, by varying the grafting density of PSCOOH at the end of
CNTs, we didn’t observe a hindrance effect. But wider tilt angle distributions were observed
mostly at ~10°-20° range. This may be attributed to the amphiphilic nature of the PSCOOH
model. When CNTs are functionalized with four chains of PS, the nanotube tilts about 60°
with respect to the POPC normal due to PS blockage. Therefore, the occupation of CNTs

with either PS or PSCOOH results in an increase in tilting angle with the bilayer normal.

The distribution of the NP models inside POPC and POPC/CHOL membranes were
analyzed through density profiles. No significant change in the bilayer properties was
observed in the presence of a single pristine/functionalized CNT. The density distribution of
lipids (i.e., PO4 or ROH beads), CNTs, water, and ion molecules with five NP systems are
demonstrated in Figure 4.17. The introduction of PSCNT or PSCOOHCNT into the bilayers
results in a decrease in the intensity of PO4 and/or ROH density peaks both in POPC and
POPC/CHOL bilayers. This effect is more significant with CNTs with six PSCOOH chains
in POPC/CHOL bilayer (c.f. Figure 4.17j). The density peaks of CNTs in the POPC/CHOL
are lower and broader than those in the POPC bilayer. As shown in Figure 4.17g and i),
CNTs with four chains of PS or PSCOOOH yield similar CNT density profiles in the POPC-
CHOL membrane. Likewise, CNTs with six chains of PS or PSCOOOH have similar CNT
density profiles (c.f. Figure 4.17h and j). Therefore, it may be said that the number of
polystyrene chains is the determining factor in the configuration that CNT will take. CHOL
is also observed to translocate through interior regions of the bilayer confirming our previous
findings (c.f. Figure 4.17f and j).
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Figure 4.17. Density distributions of lipid phosphate (PO4) and hydroxyl (ROH) groups,

and water, ion, and CNT molecules in the presence of five functionalized CNTSs for a)
POPC, b) POPC-PS29x4/CNT, c) POPC-PS29x6/CNT, d) POPC- PSCOOH29x4/CNT, e)

POPC- PSCOOH29x6/CNT, f) POPC/CHOL, g) POPC/CHOL-PS29x4/CNT, h)

POPC/CHOL-PS29x6/CNT, i) POPC/CHOL- PSCOOH29x4/CNT, j) POPC/CHOL-

PSCOOH29x6/CNT.
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As we observed in atomistic simulations in the previous section, water molecules are
transported into the bilayer during the internalization of CNTs into the membrane. The open-
ended structure of the CNT allows water molecules to enter the tube and be dragged along
the bilayer in agreement with the literature [181,202]. In the POPC bilayer, water transport
is observed with both PSCNT and PSCOOHCNT, however, not only water molecules but
also ions are transported into the membrane by CNTs with six chains of PS or PSCOOH (c.f.
Figure C.8c and €). On the other hand, in POPC/CHOL membrane, waters and ions are
observed to be present inside the bilayer only for PSCOOH functionalized CNTs (c.f. Figure
C.8i and j). Contrarily, in the equilibrated trajectories of AA simulations or CG simulations
with single NPs, ions are not found in the bilayer. Therefore, we can draw this conclusion:
as the grafting density of PSCOOH or the concentration of functionalized CNTs increases,
dragged ions become prone to stay inside the bilayer. As mentioned before, it has been
reported that open-ended CNTs may cause the penetration of lipid headgroups or lipid tails
across the bilayer [208]. Moreover, the free energy barrier that must be overcome to
penetrate the bilayer has been found higher for open ended nanotubes because of the larger
distortions in the lipid bilayer than that for the capped CNTs [206]. Capped CNTs are out of
the scope of this study, however, both in the POPC and POPC/CHOL membranes, CNTs
with six chains of PS or PSCOOH are observed to be blocked by POPC lipids (c.f. Figure
C.8(c,e,h,j)). Still, the encapsulation of a drug can inhibit the lipid blockage of nanotubes as

shown in the previous section.

As previously discussed, not only the insertion mechanism but also the insertion time
into the bilayers depend on the functional groups. However, we couldn’t find a correlation
between PS chain length or grafting density with the internalization time of CNTSs. Instead,
the residence time spent in bulk water show variability (c.f. Figure C.9 and C.10). Among
single CNTs in POPC systems, the longest residence time in bulk water is found for CNTs
which are functionalized with 96 monomers of PS or PSCOOH as ~132 and ~110 ns,
respectively. In the presence of five functionalized CNTs, on the other hand, the longest
internalization time into the POPC is recorded with six chains of PS as ~220 ns, while the
internalization time into the POPC/CHOL membrane is ~258 ns with six chains of PSCOOH
functional group. This is explained by the increasing hydrophilicity of the nanotube with

carboxylated functional groups [196,197].
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Figure 4.18. Internalization of PS29x4/CNT through a) POPC, b) POPC/CHOL

membranes.

PS and PSCOOH functionalized CNTs penetrate the membranes individually or by
making clusters of two (c.f. Figure 4.18). Once they are internalized, they form clusters of
two or three and all CNTs which are functionalized with six polymer chains form clusters of
five at the end of the 10 us simulation time (c.f. Figure 4.15). In the POPC-CHOL system,
CNTs which are modified by four chains of PS or PSCOOH align near parallel with the
bilayer normal while the others have mixed (with 6 chains of PS) or near perpendicular (with

six chains of PSCOOH) alignment as shown in Figure 4.19.

POPC/CHOL-PS29x4/CNT POPC/CHOL-PSCOOH29x4/CNT

oo 2red o 5 el éa. LD

Figure 4.19. Clustering of functionalized CNTs inside POPC/CHOL membrane. The
snapshots are taken from the last frame of 10 ps simulation time. Here CNT is green while
PS and PSCOOH are in purple. For clarity, only headgroups of POPC (NC3 is in blue,
PO4 in orange) is shown on the figure.
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The radius of gyration (ROG) and carbon end-to-end (EtE) distance are two important
structural descriptors of a polymer. ROG and EtE distances of PS or PSCOOH chains that
are covalently linked to single CNTs are plotted in Figure 4.20 with changing polystyrene
chain lengths. For both hydrogen and carboxyl-terminated polystyrene, ROG increases as
chain length increases, confirming the previous findings in the literature [268]. EtE
distances, on the other hand, increase with the increasing number of monomers in PS; while
it is almost the same in PSCOOH with 29 and 48 monomers but decreases with 96
monomers. This EtE distance reduction in PSCOOH with 96 monomers can be attributed to
the open carboxyl end of the PSCOOH passing inside the CNT and approaching the polar

junction group.
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Figure 4.20. The average radius of gyration and end-to-end distances of PS and PSCOOH
which are connected to a CNT with 29, 48, and 96 monomers. Data is taken from the last 2

us trajectories of single functionalized CNTs in POPC membrane.

In conclusion, Martini3 CG models of pristine and polystyrene functionalized CNTs
were developed in agreement with their structural and thermodynamic properties. The
developed models at different chain lengths and grafting densities of PS or PSCOOH were
investigated in terms of their translocation behavior through POPC and POPC/CHOL

membranes. The highlights of this study are summarized as in the following:
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e At the studied concentrations, CNTSs passively diffuse into the membranes and
alter structural and elastic properties of membranes but cause no permanent
physical damage to the membrane integrity.

e Due to the condensing effect of cholesterol, the properties of lipid bilayers
change, i.e., area-per-lipid and lateral diffusion constants decrease, whereas the
bilayer thickness and tail order parameters increase.

e At increasing CNT concentrations, flip-flop rates of cholesterol are reduced
because of the diminished OH density in the core region of the membrane.

e The tilt angles between CNTs and the bilayer normal are affected by the
inclusion of either lipids or polystyrene chains into the CNT as well as by the

polarity of polystyrene chains.

Consequently, PS or PSCOOH-modified CNTs have the potential to be used as
delivery agents in drug delivery platforms. Hence, CNT concentration, polystyrene chain
length, and polystyrene grafting density are the important parameters to consider in the
design of safe and controlled drug delivery. In the future, our results may be evaluated further
by forming a basis for the development of more complex systems, especially in the presence

of drug molecules.
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5. CONCLUSION

5.1. Conclusions

This thesis aims to understand the toxicity and cellular uptake of NPs through Machine
Learning and Molecular Dynamics methods. First, the toxicity mechanism of fullerenes and
their polar derivatives was investigated through their interactions with the model cell
membranes using MD simulations. CG simulation results revealed that the translocation
behavior and internalization time of fullerenes through the membrane depend on the level of
peroxidation of lipids and the degree of polarity of fullerenes. While the distribution of
fullerenes in the bilayer is mainly explained by the degree of peroxidation and saturation of
the lipid acyl chains, it was determined that hydrophobic interactions govern their
penetration through the membrane. It was also observed that the possible toxicity mechanism
of fullerenes may not be lipid peroxidation in terms of membrane integrity disruption. Upon
these findings, to further understand the toxicity mechanism of NPs, the cytotoxicity of
various inorganic, organic, and carbon-based NPs was investigated under the variables of
physicochemical characteristics of NPs, cell properties, and test conditions. Meta-heuristic
mining of association rules performed on a comprehensive data set consisting of 4111
samples has revealed the hidden relationships of variables with the toxicity descriptor of cell
viability. In this context, biocompatible and biodegradable NPs such as hydroxyapatite,
chitosan, and polystyrene were found to be suitable for use in drug delivery systems without
causing toxic effects and modification of NPs with the carboxyl group (especially
polystyrene) was found to be advantageous in terms of maintaining cell viability in the long
term. Since compared to fullerenes, CNTs can carry the drug molecules not only on their
surfaces but also inside their tubes and release them in targeted cells on demand through
surface functionalization, in this study, CNTs were functionalized with PS and PSCOOH at
atomistic and CG levels. Atomistic simulations showed that carboxyl-terminated PS
functionalization allows the drug to be completely released into the lower leaflet of the
bilayer without imposing damage to the membrane. According to the CG results, it was
found that increasing CNT concentration alters structural and elastic properties of the
bilayers without causing permanent membrane damage and decreases cholesterol flip-flop
rates. Furthermore, the equilibrium configuration of the CNTs and tilting angles within the
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membrane were identified to depend on the chain length and grafting density of PS as well
as the hydrophilic character gained by the carboxyl group. Therefore, to eliminate the
blockage of nanotubes by lipids or PS chains which may pose a risk in the drug delivery
process the chain length and grafting density of PS were suggested to be optimized. In
conclusion, our study provides insights into the translocation of pristine and functionalized
carbon nanoparticles across cell membranes and their potential to be used as nanocarriers.
These findings reveal important information and relationships in molecular resolution that

may contribute to the design of experimental drug delivery systems in the future.

5.2. Recommendations

Considering the results of the present study, the following recommendations can be

made in future studies.

e  Theinteractions of carbon NPs with cell membranes can be investigated using
more complex lipid membrane systems reflecting the plasma membrane.

e  The distribution of NPs can be studied in the presence of membrane proteins.
e  Asymmetric membrane models can be developed.

e  The effect of size of NPs, i.e., diameter, length, can be studied with the
developed models.

e To obtain the force field parameters, automated CG modeler (like a python
script) can be developed based on the size and chirality of CNTSs.

e  Drug release performance of NPs can be evaluated through changing the type

and concentration of drugs.
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APPENDIX A: ADDITIONAL ARM RESULTS

Table A.1. Single factor associations resulting in low viability (< 50%). The

associations were listed based on their ranked lift values (above 1).

Antecedent Support Confidence Lift Count
Material
Solid-Lipid 0.014 0.54 2.97 33
Zinc oxide 0.020 0.41 2.27 46
Silver 0.025 0.27 1.47 59
Silica 0.024 0.25 1.36 56
Gold 0.033 0.19 1.06 77
Coat
CTAB 0.011 0.61 3.36 27
Chitosan 0.014 0.34 1.86 33
None 0.124 0.20 1.09 293
Synthesis Method
Sol-Gel Method 0.014 0.23 1.24 32
Commercial 0.097 0.22 1.19 229
Shape
Rod 0.016 0.24 1.32 39
Sphere 0.140 0.19 1.02 330
Surface Charge
Positive 0.043 0.24 1.34 102
Concentration
(200, 1000] pg/ml 0.037 0.40 2.21 88
(100, 200] pg/ml 0.020 0.24 1.29 46
PDI
(0.2,0.4] 0.016 0.26 1.40 37
Cell Type
HaCat 0.016 0.45 2.48 39

HepG2 0.015 0.19 1.04 36




162

Table A.1. Single factor associations resulting in low viability (< 50%). The

associations were listed based on their ranked lift values (above 1) (cont.).

Cell Morphology

Keratinocyte 0.017 0.44 2.41 40
Macrophage 0.015 0.20 1.11 36
Fibroblast 0.034 0.19 1.04 80
Assay Type

Alamar Blue 0.022 0.36 1.95 52
MTT 0.093 0.19 1.05 220

Table A.2. Combined factor associations resulting in low viability (< 50%). The

associations were listed based on their ranked lift values (above 1).

Antecedent Support Confidence Lift Count
Material & Shape

Solid-Lipid, Sphere 0.014 0.54 2.97 33
Zinc oxide, Sphere 0.015 0.41 2.26 35
Silver, Shape = Sphere 0.023 0.32 1.73 54
Silica, Shape = Sphere 0.024 0.25 1.36 56
Material & Diameter

Zinc oxide, (25, 100] nm 0.014 0.44 2.44 33
Silver, (25, 100] nm 0.016 0.26 1.43 39
Material & PDI

Solid-Lipid, [0, 0.2] 0.014 0.54 2.97 33
Material & Test

Zinc oxide, MTT 0.012 0.44 2.40 28
Gold, MTT 0.023 0.21 1.17 54
Cell Type & Test

HepG2, MTT 0.010 0.21 1.16 24
Material, Coat & Synthesis Method

Silica, None, Commercial 0.014 0.43 2.34 32
Zinc oxide, None, 0.019 0.42 2.28 44
Commercial

Silver, None, Commercial 0.014 0.30 1.66 34
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Table A.2. Combined factor associations resulting in low viability (< 50%). The

associations were listed based on their ranked lift values (above 1) (cont.).

Material, Diameter & Surface Charge

Silver, (25, 100] nm, 0.015 0.27 1.50 36

Negative

Material, Diameter & Dose

Zinc oxide, (25, 100] nm, 0.013 0.57 3.10 30
[10, 100] pg/ml
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APPENDIX B: SUPPORTING INFORMATION ON FULLERENE

SYSTEMS

Table B.1. List of the simulated systems. Here P denotes pristine fullerenes while J

denotes janus fullerenes. Third column represents the regular PC number (either DOPC or
POPC) while fourth column shows the oxidized number of lipids (either DOBU or POBU)

according to the membrane model. Salt concentration is determined as 0.15 M and ion

numbers are calculated based on the simulated box volumes. The total simulation time

including equilibration exceeds 400 ps.

No of Molecules
Membrane Simulation "
Fullerene %g';g/ [F),ggtlj/ Water Na* CI | Time(us)
no 512 - 12312 204 204 10 1
1P 512 - 12312 204 204 10 2
DOPC 1] 512 - 12312 204 204 10 3
10P 512 - 12312 204 204 10 4
10J 512 - 12312 204 204 10 5
no 358 154 12312 208 208 10 6
1P 358 154 12312 208 208 10 7
DOBU30 1) 358 154 12312 208 208 10 8
10P 358 154 12312 208 208 10 9
10J 358 154 12312 208 208 10 10
no 154 358 12312 210 210 10 11
1P 154 358 12312 210 210 10 12
DOBU70 1] 154 358 12312 210 210 10 13
10P 154 358 12312 210 210 10 14
10J 154 358 12312 210 210 10 15
no - 512 12312 212 212 10 16
1P - 512 12312 212 212 10 17
DOBU N - 512 12312 212 212 10 18
10P - 512 12312 212 212 10 19
10J - 512 12312 212 212 10 20
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Table B.1. List of the simulated systems. Here P denotes pristine fullerenes while J

denotes janus fullerenes. Third column represents the regular PC number (either DOPC or
POPC) while fourth column shows the oxidized number of lipids (either DOBU or POBU)
according to the membrane model. Salt concentration is determined as 0.15 M and ion

numbers are calculated based on the simulated box volumes. The total simulation time

including equilibration exceeds 400 ps (cont.).

no 512 - 12312 200 200 10 21

1P 512 - 12312 200 200 10 22

POPC 1] 512 ; 12312 200 200 10 23
10P 512 ; 12312 200 200 10 24

10J 512 ; 12312 200 200 10 25

no 358 154 12312 201 201 10 26

1P 358 154 12312 201 201 10 27

POBU30 1] 358 154 12312 201 201 10 28
10P 358 154 12312 201 201 10 29

10J 358 154 12312 201 201 10 30

no 154 358 12312 202 202 10 31

1P 154 358 12312 202 202 10 32

POBU70 1] 154 358 12312 202 202 10 33
10P 154 358 12312 202 202 10 34

10J 154 358 12312 202 202 10 35

no - 512 12312 204 204 10 36

1P - 512 12312 204 204 10 37

POBU 1 - 512 12312 204 204 10 38
10P - 512 12312 204 204 10 39

10J - 512 12312 204 204 10 40
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Figure B.1. Density distribution profiles of water (yellow) and ion (blue) molecules

for DOPC and POPC and their peroxidized forms at pristine fullerene to lipid ratio of F/L

=10/512.
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Figure B.2. Density distribution profiles of water (yellow) and ion (blue) molecules
for DOPC and POPC and their peroxidized forms at Janus fullerene to lipid ratio of F/L
=10/512.
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Figure B.3. Membrane-Fullerene COM radial distribution functions for (a-b) pristine

fullerenes, (c-d) janus fullerenes at fullerene-to-lipid ratio of 1/512.
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APPENDIX C: SUPPORTING INFORMATION ON CARBON
NANOTUBE SYSTEMS

ry =0.23 nm

B,= 166° o
r, =0.24 nm @ 0
B,= 163.2°%
r;=0.27 nm 0

“w
o
r, =0.29 nm
o

Figure C.1. CNT (6,0) mapping from all-atom to CG MARTINI model with bond
lengths, angles and improper dihedrals described with color coding. Force constants of
50000 kJ mol™* was used to capture equilibrium bond lengths while 350 kJ mol™ rad2 was

used for angles, and dihedrals.

Figure C.2. Bonded parameters of carboxyl-terminated polystyrene chain where P
represents the carboxyl group. All bonds are taken as 0.27 nm while constraints (between
ring beads) are 0.29 nm. Here purple, green and yellow represent the TC3 bead, TC5 bead,
and P3 bead, respectively.
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Figure C.3. Bond (r), angle (o) and improper dihedral (B) distributions of CNT

obtained from AA and CG simulations. Force constants used in CG simulations are 50000
kJ mol?, 1500 kJ mol™ rad? and 1000 kJ mol? rad for bonds, angles, and dihedrals,

respectively.
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Figure C.4. Bond (r), and angle (o) distributions between CNT, linker and PS obtained

from AA and CG simulations.

CG bond force constants are 50000 kJ mol while angle force constants are listed

below.

Martini Bead Type

Force Constant (kJ mol? rad?)

TC5-TC5-P3 50
TC5-P3-TC3 1500
P3-TC3-TCS5 750
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Figure C.5. Fully hydrated POPC bilayers were simulated with 0-50 mol % of the
cholesterol. Each AA and CG simulation had 128 and 336 lipids, 7680 AA, and 5054 CG
waters and were simulated for 50 ns and 1 ps at 300 K, respectively; the last halves were
used for the analysis. Area-per-lipid values are calculated by dividing the box area into the
number of lipids in one leaflet. Bilayer thickness represents the distance between POPC’s P
atoms or PO4 beads in the upper and lower leaflet and the POPC average order parameter is
found by averaging all bonds from both tails. M3 and M2 stand for Martini3 and Martini2
force fields for POPC and Cholesterol, respectively. M2 reference is taken from Melo et al.
[344]
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Figure C.6. Membrane properties of POPC with 30 % cholesterol with respect to the

temperature.
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Figure C.7. Distribution of angles (°) between pristine CNT long axis and POPC

bilayer normal. Data is taken from the last 2 us trajectories.
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Figure C.8. Density distributions of lipid phosphate (PO4) and hydroxyl (ROH)
groups, and water, ion, and CNT molecules in the presence of 5 functionalized CNTs for a)
POPC, b) POPC-PS29CNTx4, c) POPC-PS29CNTx6, d) POPC- PSCOOH29CNTX4, €)

POPC-

POPC/CHOL-PS29CNTX6,

PSCOOH29CNTX6.

PSCOOH29CNTx6, f) POPC/CHOL, g) POPC/CHOL-PS29CNTx4,
i) POPC/CHOL- PSCOOH29CNTx4,

h)

j) POPC/CHOL-
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Figure C.9. The absolute center-of-mass (COM) distance of CNT (18,0) from the
POPC bilayer in the z-direction for pristine and polystyrene (PS) functionalized CNT
systems at 29, 48, and 96 monomers of PS and 29 monomers of PS with 2, 4 or 6 chains.

Data represents the first 200 ns of trajectories.
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Figure C.10. The absolute center-of-mass (COM) distance of CNT (18,0) from the
POPC bilayer in the z-direction for carboxyl-terminated polystyrene (PSCOOH)
functionalized CNT systems at 29, 48, and 96 monomers of PSCOOH and 29 monomers of
PSCOOH with 2, 4 or 6 chains. Data represents the first 200 ns of trajectories.





