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Abstract: Nanomaterials (NMs) have been widely used in various sectors in recent years, which has
prompted efforts to solve the difficulties in synthesizing safe-by-design NMs. The toxicity of NMs can
be investigated by in silico approaches, which employ machine learning (ML) algorithms to develop
quantitative structure-activity relationship (QSAR) models. If built correctly, these models can predict
NMs' toxicity with the highest accuracy and reliability. As such, this study aimed to develop several
QSAR models that predict the cytotoxicity level of various engineered NMs. Partial least squares -
discriminant analysis (PLS-DA), random forest (RF), decision trees (DT), and k-nearest neighbors
(KNN) were used to develop the QSAR models. Consequently, during internal and external validation,
the models achieved F1 scores ranging from 91.03-95.23% and 90.52-95.19%. Additionally, all models
identified exposure time and concentration as highly influential descriptors. Moreover, data clustering
based on the most significant descriptors further enhanced the performance of the models, particularly
when clustered based on the condition “concentration < 31 pg/ml”. As a result, all models achieved
slightly over 95% F1 scores upon internal and external validation. These results imply that the
developed QSAR models are highly accurate and reliable.
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1. Introduction

Nanomaterials (NMs) possess distinctive attributes, including their diminutive size and
elevated surface-to-volume ratio, which render them advantageous yet possibly hazardous to
biological entities. In the present times, there is a concerning rise in the number of diseases that
stem from daily exposure to potentially harmful chemicals or materials [1, 2]. Despite these
potential drawbacks, due to their convenience and efficacy, the widespread utilization of NMs
is prevalent across diverse industries, including but not limited to agriculture, business,
medicine, and public health [3, 4]. Consequently, the growing concern for safety has led to a
rapid increase in research endeavors aimed at comprehending the toxicity patterns of NMs. To
understand the hazard potential of NMs, researchers have found computational methods in
silico to be an effective approach [5]. In silico approaches utilized machine learning (ML)
algorithms to develop quantitative structure-activity relationship (QSAR) models for
predicting NMs' toxicity. In this study, cytotoxicity was the focus of various toxicity
assessments, mainly because it is highly responsive to different treatments and doesn’t involve
complex or time-consuming procedures. [6]. QSAR models can identify the descriptors that
lead to the toxic effects of NMs on living cells. For instance, descriptors such as NMs’
physicochemical properties, cell exposure time, and/or chemical composition, among others.
In recent years, several studies have been conducted to develop a reliable and accurate QSAR
model for NM cytotoxicity evaluation. For example, Sang et al. developed Partial least squares
(PLS) and random forest (RF) models that reliably predict the cytotoxicity of a mixture of
nano-metal oxides and heavy metals to human renal cortex proximal tubule epithelial (HK-2)
cells [7]. Yuan et al. presented PLS and RF regression models that predict well the viability of
HK-2 cells exposed to a mixture containing nano-TiO- and heavy metals [8]. Qi et al. have
built a highly accurate Monte Carlo — PLS model in the prediction of 34 modified TiO-based
nanoparticles' cytotoxicity towards the Chinese hamster ovary cell line, where Ag and
Brunauer-Emmett-Teller (BET) surface area were identified as the most significant properties
[9]. Shi et al. [7] proposed an RF model that could successfully describe the cytotoxicity of
metal oxide nanoparticles to pancreatic cancer (PaCa2) cells [10]. Desai et al. suggested the
use of their developed decision trees (DT) and RF models to enhance the synthesis of Ag
nanoparticles for various applications, particularly in drug delivery and cancer treatments [3].
Bilgi and Karakus developed machine learning models, including decision tree (DT) and
artificial neural network (ANN) models, to predict nanosilver toxicity. Their findings highlight
factors such as exposure concentration, duration, zeta potential, particle size, and coating with
the greatest impact on nanotoxicity [11]. Furthermore, Labouta et al. have developed DT
models for inorganic and organic NPs cytotoxicity, which were said to be simple, accurate, and
have broad applicability [12]. All these studies have shown that computational methods in
silico are effective in assessing the toxic effects of NMs on living cells, which can improve the
safety of NMs used in various applications. However, except for the DT models developed by
Labouta et al., all other models were built with a specific domain. Some of them apply only to
metal oxide, TiO2-based, or Ag NMs. Also, these NMs were exposed only to specific cells to
measure cytotoxicity.

As such, this study aims to build several QSAR models to predict the cytotoxicity of a
more comprehensive type of engineered NMs. The NMs can be inorganic, organic, or even
carbon-based. This study ensures that the models are highly accurate and reliable. Hence, the
dataset used in this study, which consisted of 4863 data points and 22 variables, has undergone
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exploration and preprocessing before modeling. In this study, a data point is defined as a single
observation with defined variables and endpoint, which, in our study, is % cell viability. In
addition, the QSAR models based on the following ML algorithms, PLS-DA, RF, DT, and k-
nearest neighbors (KNN), must follow the five principles of Organization for Economic Co-
operation and Development (OECD) guidelines. These principles are the following: (i) a
defined endpoint, (ii) an unambiguous algorithm, (iii) an applicability domain, (iv) an
appropriate measure to evaluate the goodness of fit, and (v) a mechanistic interpretation.

The results of this study will provide more valuable insights into the cytotoxicity of
diverse engineered NMs and can be used to improve the safety of their use in various
applications.

2. Materials and Methods

2.1. Dataset.

This study involves a dataset extracted from the literature published between the years
2010 and 2020, with an update for the years 2021 and 2022 [13, 14]. The dataset consists of
4863 observations and 26 variables. An observation is an experimental setup with defined
variables and a result or endpoint. One of the variables is the endpoint, % cell viability, which
was transformed into the NMs cytotoxicity variable. Cell viability < 50% was labeled as high,
otherwise low. The remaining 25 variables serve as descriptors for NMs cytotoxicity, and they
are as follows: diameter (nm), size in medium (nm), size in water (nm), zeta in medium (mV),
zeta in water (mV), number of cells (cells/well), exposure time (hr), concentration (ug/ml),
aspect ratio, polydispersity index (PDI), core material type, shape, coat or functional group,
synthesis method, surface charge, cell type, subject (human or animal), cell source, cell tissue,
cell morphology, cell age, cell line or primary cell, cell viability test, and test indicator.
However, 4 out of the 25 descriptors, namely aspect ratio, polydispersity index (PDI), zeta in
medium (mV), and size in medium (nm), each have more than 50% missing values. The
inclusion of these descriptors with such a large proportion of missing values would only
introduce bias to the models developed. Therefore, they were excluded from this study. What
remained in the dataset was then used to develop highly accurate and reliable predictive models
using the caret package in R software.

2.2. Data partitioning.

This study employed a typical split ratio of 80:20 to partition the dataset. Accordingly,
80% of the data points were assigned to the training set for constructing QSAR models, while
the remaining 20% constituted the testing set for external validation [15]. The selection of data
points for the training set was carried out using simple random sampling, ensuring that each
data point in the dataset had an equal chance of being chosen.

2.3. Assessing data imbalance.

In a classification task, particularly with an endpoint of two outcomes. It is crucial to
assess data imbalance, as failure to do so could lead to incorrect conclusions. During this
assessment, it is important to observe a high imbalance between the two classes of the endpoint.
This occurs when one class has significantly more occurrences than the other. In such cases,
the model's prediction of the minority class often becomes the class of interest. Therefore,
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accurately classifying instances of this minority class holds great importance. In this study, by
using the F1 score as an appropriate measure of the QSAR model’s performance, the challenges
posed by highly imbalanced data can be addressed [16]. The calculation of the F1 score
considers both correctly and incorrectly classified outcomes. In contrast, accuracy only
considers the correctly classified outcomes, which potentially leads to misleading results.

2.4. Data preprocessing.

Data preprocessing is an essential step to prepare the data for QSAR modeling. It
involves cleaning, transforming, and organizing data. In this study, several data preprocessing
techniques were employed. Each technique was implemented independently of training and
testing sets to avoid data leakage, which could result in overfitting. Overfitting is when the
model fits too well with the training set but fails to predict accurately when presented with the
testing set [15].

One of the preprocessing techniques used in this study was KNN imputation. KNN
imputation estimates the missing values in the dataset through the calculation of the weighted
mean of k candidate samples, referred to as neighbors. These neighbors were selected based on
a distance measure. In this study, a combination of qualitative and quantitative descriptors was
involved; hence, Gower's distance measure was utilized [17].

Another technique used in this study was Z transformation. Z transformation
standardizes each NMs cytotoxicity numerical descriptor so that it can have a mean of 0 and a
standard deviation of 1. This technique is useful when the variables are measured in different
units or have different ranges. It helps to reduce the impact of outliers and enables the
comparison of different descriptors on the same scale, such as diameter (nm), exposure time
(hr), and concentration (ug/ml), among others [18].

Moreover, categorical descriptors of NMs cytotoxicity that lack any inherent order,
such as subject (human or animal) and cytotoxicity test (MTT, LDH, XTT, etc.), among others,
were transformed into numeric variables through dummy encoding. Dummy encoding
transforms a categorical descriptor with a C number of levels into a C-1 number of binary
dummy descriptors [19].

Finally, to improve the models’ performance, LASSO regression was used as a variable
selection method. This technique removes insignificant descriptors that do not contribute to the
variation of NPs cytotoxicity by analysing the regression coefficients, 8. If 5; = 0, then the i"
variable is deemed irrelevant to the NP’s cytotoxicity variation. This method helps to reduce
the noise created by irrelevant descriptors during the modeling process and focuses only on the
ones that improve the model's performance [20].

Overall, the data preprocessing techniques used in this study help to ensure that the
NMs cytotoxicity dataset is clean, consistent, and suitable for QSAR modeling. They provide
a solid foundation for the development of accurate and reliable QSAR models for NMs'
cytotoxicity.

2.5. Model building.

To develop QSAR models for the prediction of various engineered NMs cytotoxicity,
this study employed four ML algorithms, namely PLS-DA, kNN, DT, and RF. PLS-DA is a
classification method that distinguishes the two outcomes of an endpoint by identifying the
latent variables in the feature space that have the highest covariance with the descriptors.
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Consequently, this improves the accuracy and interpretability of the model [21, 22]. kNN
assigns a class label (low or high cytotoxicity) to a data point based on the majority vote of the
k nearest neighbors [21, 23]. DT classifies data by recursively splitting it based on descriptors
(e.g., concentration, test, exposure time). This process creates a tree structure with leaf nodes
that represent class labels. When new instances occur, the tree is traversed, and the
corresponding leaf node will provide the classification. Lastly, RF classifies new data points
by finding the majority class of multiple DTs’ predictions.

During the model-building process for each algorithm, internal validation was made
through the implementation of 5-fold cross-validation. 5-fold cross-validation divides the
training set into five subsets. Each model was trained on four of the subsets while using the
remaining subset as the validation set. This process was repeated five times, with a different
subset used for validation in each iteration. The final model's performance was determined by
averaging the results of these iterations [15]. By using different validation sets, cross-validation
provides a reliable estimate of the model's performance across diverse subsets of the data.
Moreover, the importance of the descriptor for each of the QSAR models built was assessed
using the varlmp function in R [24].

2.6. Model validation.

The validity of the developed QSAR models was ensured by following the guidelines
established by the Organization for Economic Co-operation and Development (OECD). The
guidelines specify that the models should be associated with (i) a defined endpoint, (ii) an
unambiguous algorithm, (iii) a domain of applicability, (iv) an appropriate measure of the
model's goodness of fit, robustness, and predictivity, and (v) a mechanistic interpretation [25].

In this study, the defined endpoint was the various engineered NMs cytotoxicity. The
unambiguous algorithms were the PLS-DA, RF, DT, and kNN. The applicability domain was
established, which involved varying descriptors, such as physicochemical, test-related, and
cell-related properties.

Moreover, the applicability domain was analyzed through a principal components
analysis (PCA) bounding box. The PCA bounding box provides a way to assess the
applicability domain (AD) of the models developed. This approach represents data points as
PCA scores and labels them as training and testing sets in a 2D space. The x and y axes of this
space are the principal components (PCs) that capture the most variation in the original dataset.
The AD of the models was determined by the boundary space created by the data points labeled
as training sets. Consequently, data points labeled as testing sets were considered within the
model's AD if they fell within this boundary space [26].

The F1 score was used as an appropriate measure of the model's goodness of fit,
robustness, and predictivity during internal and external validation [16]. Finally, a mechanistic
interpretation was provided to describe the potential reason why certain descriptors were
determined to be the most important in predicting NMs cytotoxicity levels.

2.7. Flow diagram of the procedure.

Figure 1 depicts the workflow of the study. The initial step involves utilizing a dataset
comprising an endpoint variable representing nanomaterials (NMs) cytotoxicity (along with
multiple descriptor variables. The cytotoxicity variable is characterized by two distinct classes,
namely high and low, and an evaluation was conducted to determine their respective
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distributions. Subsequently, the dataset undergoes preprocessing to enhance its quality. Using
the preprocessed data, predictive models were constructed. Finally, the built models were

validated using the testing set.

Data Partitioning
Assessing Data
Imbalance

Data Preprocessing

kNN Imputation

Z transformation

Dummy Encoding

5-fold Cross
Validation
External Validation

Model Building

Lasso Regression for
Feature Selection

Model Validation

PCA Bounding Box

Figure 1. Flow chart of the procedure.

2.8. Data clustering.

The dataset utilized in this study is diverse and extensive. Hence, more accurate QSAR
models can potentially be built by performing data clustering. Data clustering can be done by
grouping similar data points, often through the implementation of statistical methodologies.
However, in this study, an intuitive approach was used to cluster the dataset. The clustering
was based on the most important descriptors determined across all models. For instance,
various QSAR models such as PLS-DA, kNN, DT, and RF have determined that the synthesis
method ‘commercial’ is one of the most important descriptors of NMs cytotoxicity.
Consequently, the observations in the original dataset can be divided into two clusters:
observations with the synthesis method ‘commercial’ and observations with the synthesis
method ‘non-commercial’.

Moreover, if the most influential descriptor determined across all models is
quantitative, such as concentration (nug/ml). Clustering will involve finding its central value.
This can be achieved by taking the mean if there are no outliers or by using the median to
obtain a central value robust to outliers. Subsequently, clusters can be formed by grouping
observations from the original dataset based on concentration < central value or concentration
> central value. It is important to note that every time a descriptor is used as a decision rule for
clustering, that descriptor is excluded from the created cluster of data.

For each of the clusters, the following steps in the flowchart were repeated: data
preprocessing, model building, and, lastly, model validation.

3. Results and Discussion

3.1. Model performance evaluation.

The cytotoxicity endpoint variable in the dataset exhibits a highly imbalanced
distribution, with 81% of the observations classified as low and the remaining 19% classified
as high. Given this significant class imbalance, the F1 score is deemed the appropriate
performance metric for evaluating the models built in this study. The F1 scores were denoted
by F1,. and F1,, during internal and external validation, respectively.
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In Table 1, the performance of each model developed is displayed. It can be noticed
that the four QSAR models, PLS-DA, RF, DT, and kNN, exhibit high-performance power that
ranges from F1,. = 91.03 to F1,, = 95.23%, and from F1,, = 90.52 to F1,, = 95.19% (see more
details in Table S1). This indicates that the models are highly accurate in predicting NMs
cytotoxicity levels. Desai et al. [3] also used F1 scores to evaluate the performance of DT and
RF algorithms to enhance the synthesis of Ag nanoparticles for various applications. In
addition, the small difference in the model’s performance between internal and external
validation suggests that each model generalizes well to new data points. Furthermore, among
the four QSAR models built, RF has shown the highest predictive performance, with F1,. =
95.23% and F1,. = 95.19%. Hence, RF is the optimum QSAR model for the given dataset.

Table 1. Models’ performance evaluation.

Model % F1,, % F1,,
PLS-DA 91.03 90.52
RF 95.23 95.19
DT 91.59 91.35
KNN 91.79 91.71

The QSAR models built in this study can be compared to the four DT (DT1, DT2, DT3,
and DT4) models developed by [12]. These DT models were built from a dataset with most of
the descriptors similar to those used in this study but with fewer observations. Internal
validation had shown high predictive performance, with DT1, DT2, DT3, and DT4 achieving
accuracy rates of 87.9%, 90%, 88.2%, and 91.8%, respectively. The DT4 model may appear to
perform slightly better than the PLS-DA, DT, and KNN models developed in this study.
However, it is important to note that the four DT models did not undergo external validation.
Therefore, the PLS-DA, DT, and kNN models can be considered more reliable than DT4.

3.2. Important descriptors.

Figure 2 illustrates the top 10 most important descriptors determined by QSAR models:
DT, kNN, PLS-DA, and RF (see more details in Table S3). The importance measure of each
descriptor is based on the varlmp function in R, with values scaled from 0 to 100. A higher
value indicates a greater influence of the descriptor on NMs cytotoxicity. Figure 2 shows that
three descriptors are common across all models, which can be identified through **' before
their names. These descriptors include the synthesis method ‘commercial’, concentration, and
exposure time. Among these three descriptors, exposure time and concentration often rank the
highest by the built models. The importance of these descriptors aligns with the findings of the
four DT models developed by [12].

Many known toxic substances have a direct relationship with exposure time and
concentration. At elevated concentrations, nanomaterials exhibit an enhanced probability of
engaging with cellular constituents, resulting in increased uptake and the possibility of
unfavorable consequences. The concentration of nanomaterials plays a crucial role in
determining the extent of their interactions with cells, tissues, or organisms [27]. Elevated
concentrations have the potential to overpower cellular defense mechanisms, interfere with
cellular processes, and trigger cellular stress, ultimately resulting in cytotoxicity. The exposure
time is equally critical because it determines the duration of interaction between nanomaterials
and biological systems [27]. Prolonged exposure to nanomaterials can allow for more
significant cellular uptake and internalization, increasing the likelihood of adverse effects.
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Additionally, extended exposure may lead to the accumulation of nanomaterials within cells or
tissues, potentially affecting cellular functions and causing toxicity over time.

DT
Tl TetrazoliumSalt .
** SM: Commercial
Zeta in Water [mV]
C/F Group: FA .

C/F Group: None .

** Size in Water [nm] .

Cell Tissue: Embryo .

Diameter [nm] b

** Conc [ug/ml] o4

** Exposure Time [hr] i

kNN
Cell Type: HaCat o
Material: Au .
Material: IronOxide .
TI: TetrazoliumSalt .
Zeta in Water [mV] ¢
** SM: Commercial .
** Size in Water [nm] .
C/F Group: None .
** Exposure Time [hr] .
** Conc [ug/mi] .

PLSDA

F Group: FA °

Zn0 °
ssue: Embryo %
>ommercial

~alic: £ ol

T T T T T
20 40 60 80 100

importance measure (scaled)

Figure 2. Top 10 descriptors identified by each of the models built from the original dataset.  ** ¢ = common
across all models, Conc = Concentration, SM = Synthesis Method, C/F = Coat/Functional, Tl = Test Indicator,
Material = Core Material.

Liu et al. [28], in their comprehensive review, discussed the applications of carbon
nanotubes (CNTS) in biology and medicine. They addressed the importance of considering the
concentration and exposure time of CNTSs in understanding their cytotoxicity and their potential
as drug delivery vehicles. Moreover, the US Department of Labor & Industries — WISHA
Division has set Permissible Exposure Limits (PELS) for about 600 chemicals. The three PELs
set by the said department are 8-hour time-weighted average (TWA), ceiling limit, and short-
term exposure Limit (STEL). The study by [29] on the interactions of AuNPs with human
dermal fibroblasts shows that in the presence of the 45 nm AuNPs, there is a higher rate of
apoptosis, regardless of longer exposure or higher particle concentration, than that of the 13
nm AuNPs. The data presented suggests that AuNPs exhibit toxicity towards human dermal
fibroblasts, with the extent of toxicity being dependent on the concentration and size of the
nanoparticles, as well as the duration of exposure.

The prediction of cytotoxicity in nanomaterials can be greatly influenced by the
commercial synthesis methods employed [30, 31]. This is because the chosen synthesis route
substantially impacts the physicochemical characteristics of the nanomaterials, which
subsequently affect their biological interactions and potential toxicity. Various synthesis
methods can lead to differences in the dimensions, morphology, chemical composition,
electrical charge, structural integrity, and presence of impurities in nanomaterials [32]. The
aforementioned factors have the potential to exert an influence on the stability, dissolution rate,
https://nanobioletters.com/ - 80of17
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agglomeration/aggregation behavior, cellular uptake, and subsequent biological responses of
nanomaterials [33]. Pan et al. [31] investigated the cytotoxic effects of gold nanoparticles
synthesized via different methods. The findings of their study indicate that the method
employed for synthesis substantially impacts the size, surface chemistry, and cytotoxicity of
the nanoparticles.

3.3. Model’s performance evaluation per cluster.

Previously, in Figure 2, it was found that synthesis method ‘commercial’,
concentration, and exposure time, were commonly identified as the most important descriptors
across all QSAR models. By employing data clustering based on each of these descriptors, a
more accurate model can potentially be built due to the dataset being varied and large in nature.
The clustering resulted in six different datasets. These are as follows: observations with
synthesis method ‘non-commercial’ (n = 2365), synthesis method ‘commercial” (n = 2498),
exposure time < 32.10 hrs (n = 3499), exposure time > 32.10 hrs (n = 1364), concentration
< 31 pg/ml (n = 2330), and concentration > 31ug/ml (n = 2346). Here, n represents the
number of observations per cluster, and the threshold values were determined by mean or
median.

Figure 3 displays the performance of QSAR models built for each cluster. The models
exhibit varying levels of F1 scores. In contrast to the predictive performance of the models
built from the original dataset, clusters based on the synthesis method ‘commercial’, exposure
time > 32.10 hrs, and concentration > 31 pg/ml have resulted in models with lower F1 scores.
On the other hand, the remaining clusters, which are based on the synthesis method ‘non-
commercial’, exposure time < 32.10 hrs, and concentration < 31 pg/ml, have produced models
with higher F1 scores. Additionally, among these clusters, the cluster based on concentration
<31 pg/ml appears to optimize the performance of PLS-DA, DT, and kNN models, while RF
performance is consistent, yielding all F1 scores of over 95% during internal and external
validation (see more details in Table S2). Hence, these QSAR models need to be further

assessed.
M Testing SetM Training Set

SM: Non-Commercial SM: Commercial " Time < 32.10 hrs
100- :

- ) 5 0 | < < A T b e
50- 50~

25- 2

0

DT KNN PLS RF DT KNN PLS RF
Time >= 32.10 hrs | Conc < 31 ug/ml

94.42
92.97

KNN PLS RF

F1 Score
-
o
o
3

o
o

N
a
N
o

8543
87.35

o

0

89.55
Z 88.36
s 86.65
o 86.08
= 92.31
ul 92

o

]
=
=z

DT KNN PLS RF DT KNN PLS RF
Model

Figure 3. Model’s performance from clustered data based on the prevalent most important descriptors. sM =
Synthesis Method, Conc. = Concentration, SW = Size in Water, Time = Exposure Time.
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3.4. Important descriptors for the cluster based on ‘concentration < 31 ug/ml.

Figure 4 shows the top 10 most influential descriptors of NMs cytotoxicity, as
determined by each of the QSAR models built from the cluster based on concentration < 31
ug/ml (see more details in Table S4). It is evident that exposure time, material ‘chitosan’, and
cell type ‘k562’ are identified as the most important descriptors across all models. K-562 cells
are a type of lymphoblast that was extracted from the bone marrow of a 53-year-old individual
who was diagnosed with chronic myelogenous leukemia [34]. Chitosan is a natural biopolymer
derived from chitin, which is found in the shells of crustaceans such as shrimp and crabs. It is
known for its biocompatibility, biodegradability, and non-toxic nature [35]. Chitosan has
gained attention in the field of nanomaterials due to its ability to modify the surface properties
and enhance the stability of nanoparticles, as well as its potential to mitigate nanomaterial
toxicity [36]. Cinteza et al. [37] demonstrated the use of chitosan as a capping agent for the
synthesis of silver nanoparticles. They highlighted the role of chitosan in stabilizing and
modifying the surface properties of nanoparticles, which can influence their toxicity. Lastly,
exposure time is ranked within the top three most important descriptors across all models,
consistent with the top 10 most important descriptors determined by QSAR models DT, KNN,
PLS-DA, and RF developed before data clustering. As discussed previously, exposure time can
be an important predictor of toxicity. Exposure time influences the duration of interaction
between nanomaterials and biological systems, which can significantly impact the cellular
response and potential adverse effects. The duration of exposure determines the extent of
cellular uptake, intracellular accumulation, and subsequent biological interactions, which can
ultimately determine the toxicity of nanomaterials.

DT

Material: ZnO
Material: NiO
Material: Ni
Material: IronOxide

L

** Material: CuO

No. of Cells [cells/well]
CM: Myoblast -

** Exposure Time [hr] .

* Material: Chitosan g
= Cell Type: K562 *

kNN
Cell Type: MCF-7 .

Test: CellTiterBlue .

C/F Group: None .

** Material: CuO .

Cell Tissue: Embryo .

** Cell Type: K562 -

** Material: Chitosan .

Material: IronOxide e

SM: Chemical Reduction .

** Exposure Time [hr] .

PLS-DA
+ CellTiterBIL

0 20 40 60 80 100

importance measure (scaled)

Figure 4. The top 10 descriptors were determined by each of the models developed from clustered
data based on ‘concentration < 31 pg/ml’. ¢ ** > = common across all models, SM = Synthesis
Method, C/F = Coat/Functional Group, Tl = Test Indicator, Time = Exposure Time, CM = Cell

Morphology.
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3.5. Applicability domain assessment.

The OECD guidelines require quantitative structure-activity relationship (QSAR)
models to have a defined domain of applicability. In this study, the applicability domain was
analyzed using PCA Bounding Box. Figure 5 displays the data points from both the training
and testing sets of the original dataset and the clustered data based on concentration <31 pg/ml.
It is important to recall that the training set is where the predictive models were built, while the
testing set is used for external validation. As shown in Figures 5a and 5b, all the testing data
points fall within the boundary created by the training data points, indicating that they are
within the applicability domain of the QSAR models developed.

7.5 Set Set
* test ' 6 .
* train

PC1 PC1

(@) (b)
Figure 5. Applicability domain via PCA bounding box, where (a) is for the models built from the original
dataset; (b) for the models developed from the cluster based on concentration < pg/ml.

4. Conclusions

This study set to develop QSAR models to evaluate the cytotoxicity level of a more
comprehensive type of engineered NMs. The models built, namely PLS-DA, kNN, RF, and
DT, were first trained and externally validated using the original dataset, which contained 4863
data points. As a result, the models demonstrated a predictive performance of over 90%.
Among the descriptors, synthesis method ‘commercial’, concentration, and exposure time were
determined to be the most important in the prediction of NMs cytotoxicity levels across all
models.

Considering the diversity and extent of the original dataset, an intuitive data clustering
approach was employed based on the most important descriptors across the four models. And
QSAR models were further built for each cluster accordingly. Notably, the models developed
using the cluster based on a ‘concentration < 31 pg/ml’, which contained 2339 data points,
significantly improved the performance of PLS-DA, kNN, and DT models, matching RF with
F1 scores no less than 95%. Additionally, exposure time, material ‘chitosan’, and cell type
k562, are the descriptors identified to be the most influential across all models.

Hence, the study successfully built several highly accurate QSAR models that can
effectively generalize to new data points. The results of this study complement the existing
literature and could help assist with the safe design of various types of NMs. Moreover, further
investigation into the specific mechanism of how the identified important descriptors influence
NMs cytotoxicity is recommended.
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Supplementary Materials

Table S1. Hyperparameter Tuning of Each Model During Model Building/Training Using the Original

Dataset.
DT kNN PLS-DA RF
Maxdepth %F1,, k %F1,, ncomp %F1,, mtry %F1,,
5 90.93 5 91.79 1 89.74 2 89.88
6 90.88 7 91.71 2 90.01 108 95.21
7 90.87 9 91.47 3 90.67 215 95.23
10 91.06 11 91.32 4 90.97
11 91.11 13 91.15 5 90.94
13 91.16 15 91.09 6 91.03
18 91.56 17 91.25 7 90.95
20 91.59 19 91.05 8 90.84
25 91.59 21 91.11 9 90.93
27 91.59 23 91.03 10 90.79
30 91.59 25 91.06
27 90.90
29 90.81
31 90.84
33 90.78
35 90.71
37 90.65
39 90.59
41 90.61
43 90.50

Highlighted Cell = optimum hyperparameter; Maxdepth = maximum depth of the tree.; k = number of nearest neighbors.; ncomp =
number of latent variables.; mtry = number of features to consider when splitting a node.

Table S2. Hyperparameter Tuning of Each Model During Model Building/Training Using the Dataset
Clustered Based on ‘Concentration < 31 pg/ml’.

DT kNN PLS-DA RF
Maxdepth %F1,, k %F1,, ncomp %F1,, mtry %F1,,
1 95.16 5 94.35 1 0.9505 2 0.9515
2 95.15 7 94.70 2 0.9499 23 0.9511
5 95.00 9 94.96 3 0.9505 44 0.9499
9 95.00 11 95.25
13 95.25
15 95.15
17 95.15
19 95.10
21 95.07
23 95.05
25 95.07
27 95.05
29 95.05
31 95.05
33 95.05
35 95.05
37 95.05
39 95.05
41 95.05
43 95.05
Table S3. Ranking of Descriptors for Each Model Built from the Original Dataset.
DT KNN PLS-DA RF
Ran Importan Importan Importan Importan
k Descriptors ce Descriptors ce Descriptors ce Descriptors ce
Measure Measure Measure Measure
1 Exposure Concentratio Cell Type: Concentratio
Time [hr] 100 n [ug/ml] 100 HaCat 100 n [ug/ml] 100
2 Concentratio Exposure Cell Tissue: Size in
n [ug/ml] 81.79 Time [hr] 56.16 Embryo 99.06 Water [nm] | 54.26
3 ' Coat/Functio Coat/Functio
Diameter nal Group: nal Group: Zetain
[nm] 67.47 None 39.64 None 98.98 Water [mV] | 44.61
4 Synthesis
Cell Tissue: Sizein Method: Diameter
Embryo 57.34 Water. [nm] 34.57 Commercial 98.96 [nm] 36.89
https://nanobioletters.com/ 15 of 17
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DT kNN PLS-DA RF
Ran Importan Importan Importan Importan
k Descriptors ce Descriptors ce Descriptors ce Descriptors ce
Measure Measure Measure Measure
5 Synthesis
Sizein Method: Exposure Exposure
Water [nm] 50.69 Commercial 3241 Time [hr] 94.98 Time [hr] 30.34
6 Coat/Functio
nal Group: Zetain No. of Cells No. of Cells
None 42.09 Water [mV] 24.31 [cells/well] 88.69 [cells/well] 24.38
7 Test
Coat Indicator: Synthesis
Functional Tetrazolium Concentratio Method:
Group: FA 28.44 Salt 22.90 n [ug/ml] 75.52 Commercial 15.93
8 Test
Indicator:
Zetain Material: Tetrazolium Cell Tissue:
Water. [mV] | 27.98 Iron Oxide 20.59 Salt 72.16 Embryo 13.62
9 Synthesis
Method: Cell Type: Material:
Commercial 27.90 Material: Au_| 20.58 NIH3T3 69.94 Zn0O 8.58
10 Test
Indicator: Coat/Functio
Tetrazolium Cell Type: nal Group:
Salt 25.48 HaCat 19.39 Material: Au_| 68.89 FA 7.99
11 Cell Type: Cell Tissue: Cell Tissue: Material:
NHDF 22.27 Embryo 17.51 Cervix 68.39 CuO 7.90
12 No. of Cells. Cell Tissue: Cell Type: Cell Type:
[cells/well] 22.17 Cervix 16.78 HelLa 62.56 A549 6.48
13 Cell
Cell Type: Cell Type: Zetain Morphology:
LNCaP 20.47 HelLa 15.61 Water [mV] 57.24 Myoblast 5.65
14 Cell Tissue:
Cell Type: Bone Material: Cell/Type:
HaCat 18.14 Marrow 12.89 CuO 57.15 HaCat 5.52
15 Coat/Functio
Cell Type: Cell Type: Size in nal Group:
NIH3T3 18.00 NIH3T3 11.79 Water [nm] 53.39 None 4.95
16 Synthesis Test
Method: Indicator:
Material: Chemical Tetrazolium
ZnO 16.75 Test: MTS 10.99 Reduction 52.79 Salt 4.84
17 Cell Tissue: Cell Type: Cell Age:
Cervix 14.42 SHSY5Y 10.20 Fetus 52.51 Test: CCK.8 4.62
18 Synthesis
Method:
Multiple
Material: Material: Emulsion
Test: NRU 14.35 ZnO 9.93 ZnO 51.22 Method 3.65
19 Synthesis
Method:
Cell Type: Material: Green
NR8383 13.81 Type: O 9.85 PLGA 48.95 Synthesis 341
20 Synthesis
Method:
Cell Emulsion
Morphology: Shape: Solvent Cell Type:
Myoblast 10.58 Irregular 9.27 Evaporation. | 48.23 MCF.7 3.21

Table S4. Ranking of Descriptors for Each Model Built from Clustered Data Based on ‘Concentration <

31 pg/ml’.
DT kNN PLS-DA RF
Ran Importan Importan Importan Importan
k Descriptors ce Descriptors ce Descriptors ce Descriptors ce
Measure Measure Measure Measure
1 Cell Type: Exposure Exposure Exposure
K562 100 time [hr] 100 time [hr] 100 time [hr] 100
2 Synthesis
Method:
Material: Chemical No. of Cells Cell Type:
Chitosan 100 Reduction 36.74 [cells/well] 83.31 K562 91.96
3 Exposure Material: Synthesis No. of Cells
time [hr] 75.24 Iron Oxide 23.26 Method: 22.28 [cells/well] | 88.80
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DT kNN PLS-DA RF
Ran Importan Importan Importan Importan
k Descriptors ce Descriptors ce Descriptors ce Descriptors ce
Measure Measure Measure Measure
Chemical
Reduction
4 Cell
Morphology: Material: Material: Material:
Myoblast 70.37 Chitosan 22.23 Iron Oxide 14.11 Chitosan 86.06
5 Cell
No. of Cells Cell Type: Material: Morphology:
[cells/well] 55.07 K562 22.23 Chitosan 13.48 Myoblast 52.02
6 Material: Cell Tissue: Cell Type: Cell Source
CuO 0.00 Embryo 19.89 K562 13.48 Dog 50.31
7 Material: Iron Material: Cell Tissue: Cell Type:
Oxide 0.00 CuO 18.63 Embryo 12.06 MDCK.II 47.39
8 Coat/Functio
nal Group: Material:
Material: Ni 0.00 None 17.76 CuO 11.30 Material: Ni 45.01
9 Coat/Functio
Material: Test Cell: nal Group: Test Cell:
NiO 0.00 Titer Blue 15.38 None 10.77 TiterBlue 41.73
10 Material: Cell Type: Test Cell: Material:
Zn0O 0.00 MCE.7 15.14 Titer Blue 9.32 CuO 36.96
11 Cell Tissue: Cell Type: Cell Type:
Shape: Star 0.00 Colon 14.36 MCF.7 9.18 MCF.7 36.73
12 Coat/Functio Cell Coat/Functio
nal Group: Morphology: Cell Tissue: nal Group:
CKK 0.00 Myoblast 13.63 Colon 8.70 CKK 33.94
13 Coat/Functio Cell Coat/Functio
nal Group: Morphology: nal Group:
GSH 0.00 Shape: Star 12.37 Myoblast 8.27 MSA 32.65
14 Coat/Functio Coat/Functio
nal Group: nal Group: Cell Type:
Liposome 0.00 PVP 12.22 Shape: Star 7.50 L6 30.05
15 Synthesis
Coat/ Coat/Functio Coat/Functio Method:
Functional nal Group: nal Group: Chemical
Group: MSA | 0.00 CKK 11.93 PVP 741 Reduction 25.49
16 Coat/Functio Synthesis Coat/Functio
nal: Group: Method: nal Group: Cell Type:
None 0.00 Commercial | 11.45 CKK 7.23 hPDLF 22.33
17 Coat/Functio Synthesis
nal Group: Cell Type: Method: Cell Tissue
OH 0.00 MDCK.II 10.81 Commercial | 6.94 Embryo 21.46
18 Coat/Functio Cell Tissue:
nal Group: Cell Source: Cell Type: Muscle
PEI 0.00 Dog 10.81 MDCK.II 6.56 Tissue 20.51
19 Coat/
Functional No. of Cells Cell Source: Cell Tissue:
Group: PVP 0.00 [cells/well] 10.53 Dog 6.56 Teeth 20.27
20 Synthesis
Method: Coat/Functio
Chemical Cell Type: Cell Type: nal Group:
Reduction 0.00 hPDLF 10.47 hPDLF 6.35 PEI 20.11
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