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Abstract

Predicting the health risks of nanoparticles (NPs) and advanced materials (AdMa) is a critical challenge. Due to the
complexity and time-consuming nature of experimental testing, there is a reliance on in silico methods such as
quantitative structure-activity relationship (QSAR), which, while effective, often fail to capture the dynamic nature of
material activity over time—essential for reliable risk assessment. This study develops dynamic QSAR models using
machine learning to predict toxicological responses, such as inflammation and genotoxicity, following pulmonary
exposure to 39 AdMa across various post-exposure time points and dose levels. By incorporating exposure time,
administered dose, and material properties as independent variables, we successfully developed time-dose-
property/response models capable of predicting AdMa-induced in vivo genotoxicity in bronchoalveolar lavage
fluid cells, lung and liver tissue, and inflammation in terms of neutrophil influx into the lungs of mice. Key factors
driving AdMa-induced toxicity were identified, including exposure dose, post-exposure duration time, aspect

ratio, surface area, reactive oxygen species generation, and metal ion release. The time-dose-property/response
modeling paradigm presented here provides a practical and robust approach for predicting in vivo genotoxicity
and inflammation and supports the comprehensive risk assessment of morphologically diverse AdMa.
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Background

The ongoing advancement of modern technology
has spurred the development and application of new
nanoparticles (NPs) and advanced materials (AdMa),
which exhibit exceptional nanoscale properties that sur-
pass those of traditional materials [1-3]. This progress,
however, has caused considerable concern regarding its
potential effect on human health and the environment,
particularly given their nanoscale dimensions and dis-
tinctive quantum mechanical properties [4, 5]. A sub-
stantial body of evidence from in vitro and in vivo animal
studies has demonstrated that NPs and AdMa can elicit
toxic effects—manifested as inflammatory responses and
oxidative stress—which, in turn, are linked to adverse
health effects, including cancer, fibrosis, and cardiovas-
cular disease [6—12]. The toxic effects of NPs and AdMa
are influenced by a number of factors, including size,
morphology, exposure time, dose, and route of exposure
[13-16]. However, it is important to note that the activa-
tion of molecular mechanisms and the likelihood of toxic
effects are heavily influenced by dose level, exposure
duration and post-exposure time [17-21].

Among all possible exposure routes, inhalation is con-
sidered to be the most significant for NPs and AdMa, as
airborne exposure to particles of these materials can eas-
ily enter the respiratory system, deposit in the deep end
of the airways and subsequently be distributed to other
organs such as liver and spleen [10]. Due to the complex-
ity of these materials and their potential to cause harm,
it is essential to investigate the pathways by which they
exert toxic effects. Adverse outcome pathways (AOPs)

describe the causal relationships that link a sequence of
biological events, starting with an initial molecular inter-
action between a material and a biological target, leading
to adverse health outcomes. These pathways help identify
early key events, such as inflammation and genotoxicity,
that are directly linked to more serious outcomes such
as cardiovascular disease, fibrosis, and cancer [22, 23].
Inflammation, as an early key event, plays a critical role
in triggering disease processes, and its chronic activa-
tion can lead to long-term health effects. Genotoxicity, a
characteristic commonly associated with carcinogens, is
another key event that can promote cancer development
[24]. Both inflammation and genotoxicity have been sug-
gested as key characteristics of carcinogens and as key
events in the proposed AOP for NPs and AdMa induced
cancer [25, 26].

In the past, toxicity assessments predominantly relied
on the outcomes of animal experimentation, which
has been the gold standard in toxicological research for
decades. Although this approach is largely preferred due
to its effectiveness, it has significant drawbacks, such as
lengthy procedures, high costs, and ethical concerns [27].
Moreover, in vivo studies need to be complemented with
research targeting the molecular mechanisms under-
lying substance toxicity and then extrapolating this
information to other species [28]. To overcome these
limitations and adhere to the 3Rs principle (reduction,
refinement, and replacement) [29], there has recently
been a shift towards adopting new approach methodolo-
gies. These methodologies encompass various strategies,
including in vitro, in chemico, and in silico methods, all
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designed to enhance the predictive accuracy of nontest-
ing approaches for risk assessment [30]. This shift aligns
with the principles of the New Generation Risk Assess-
ment (NGRA) framework, which has advocated for a
phased and multidimensional approach to risk assess-
ment [31, 32]. The implementation of contemporary
strategies facilitates bridging gaps in existing data and
curtailing the necessity for additional animal testing [11,
32, 33]. The overarching objective is to understand the
mechanisms and pathways of toxicity while simultane-
ously reducing reliance on animal testing. Among the in
silico methods endorsed by the Integrated Approaches to
Testing and Assessment (IATA), quantitative structure-
activity relationship (QSAR) models, as described in the
Organisation for Economic Co-operation and Develop-
ment (OECD) documentation [34], are particularly popu-
lar [35-37].

QSAR modeling is a data-driven, predictive modeling
paradigm that uses mathematical equations to capture
the causal relationship between structural differences
in chemical compounds and their biological activity.
These models are calibrated using experimental data
and molecular descriptors that provide detailed infor-
mation about physicochemical properties [38, 39]. Over
the past two decades, computational nanotoxicology has
gained considerable attention, particularly QSAR models
used to evaluate the biological effects of NPs and AdMa.
Early advances have laid a solid foundation for exploring
the relationships between the structure of nanoparticles
(e.g., metals, metal oxides, and carbon materials) and
their biological activity or properties [40—47]. Among
the pioneering systematic, computational efforts, Puzyn
and co-authors [40] conducted one of the first studies to
predict the cytotoxicity of metal oxide (MeOx) nanopar-
ticles to E. coli bacteria. The authors established a causal
relationship between the enthalpy of metal cation forma-
tion (AH,.,) and the toxicity of MeOx nanoparticles,
providing quantitative insights into how the structural
parameters of NPs influence their toxicity [40]. Concur-
rently, Zhang and co-authors [43] demonstrated that the
toxicity of MeOx nanoparticles can be predicted based
on the overlap of their conduction band energy levels
with the cellular redox potential. The authors established
a robust in vitro and in vivo hazard ranking model that
linked conduction band energy and particle dissolu-
tion to explain redox-related toxicological mechanisms
in the lung, including oxidative stress and pulmonary
inflammation [43]. Another study reported a nano-QSAR
model for predicting the cell viability of superparamag-
netic iron oxide nanoparticles (SPIONs). Using auto-
mated machine learning (Auto-ML) approaches, the
toxicity response induced by SPIONs was modeled as a
function of two key parameters: the magnetic core and
particle size. The authors demonstrated that SPIONs
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with magnetite cores were non-toxic. In contrast, those
with maghemite cores exhibited size-dependent toxic-
ity, i.e., being toxic at smaller sizes and non-toxic when
their size exceeded approximately 15 nm [48]. In another
study, Kotzabasaki and colleagues [49] investigated the
potentially causal relationship between the physico-
chemical properties of multi-walled carbon nanotubes
(MWCNTs) and their genotoxic effects. Their high-
performance classification models identified three key
physicochemical factors: length, zeta average, and purity,
which were strongly associated with MWCNT-induced
genotoxicity. Recently, Merugu and colleagues [50] inves-
tigated how the structural properties of MWCNTs influ-
ence lung inflammation at the tissue level. To identify the
structural properties of carbon nanotubes that perturb
the acute phase response signaling pathway in the lungs
of mice exposed to MWCNTs, the authors developed a
QSAR model anchored in an AOP framework (AOP-
anchored QSAR). The results indicated that carbon
nanotubes with smaller aspect ratios and higher spe-
cific surface areas were less toxic, as evidenced by their
reduced effects on the acute phase signaling pathway
[50]. The majority of QSAR models developed in recent
years are static, meaning they are tailored to specific test
conditions of the endpoint, such as exposure duration,
administered dose, and other factors. However, given the
ongoing need to advance and refine in silico techniques
for risk assessment, it is essential to account for the
dynamic changes that chemicals and materials undergo
over time. Prolonged exposure to AdMa may trigger
molecular mechanisms that differ from those observed
in short-term exposures, posing a challenge to the devel-
opment of models that predict long-term effects due
to the paucity of available data. Moreover, the develop-
ment of separate models for specific time points and/or
doses fails to capture the full temporal dynamics of these
changes. To address this gap, the present study aims to
demonstrate the effectiveness of machine learning (ML)
in developing dynamic QSAR models that accurately
reflect the evolving behavior of a diverse range of AdMa
over time and across varying dose levels. By incorporat-
ing exposure time and administered doses as indepen-
dent variables, we seek to comprehensively capture the
temporal intricacies of AdMa toxicity, thereby enhancing
our understanding of the origins, dynamics, and mecha-
nisms driving AdMa-induced toxicity.

Materials and methods

Materials and toxicity data

Information about the nanomaterials and animal stud-
ies were previously published: nanoclays [51], cobalt
ferrite NPs [52], DQI12 and titanium dioxide [53-55],
carbon blacks [56, 57], zinc oxide [58], carbon nano-
tubes [8], halloysite nanotubes [59], iron oxides [60], and
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graphene-based materials [52]. However, for reactive
oxygen species (ROS), new harmonized data were gener-
ated using the acellular version of the 2,7 dichloro-dihy-
drofluorescein diacetate (DCFH2-DA) assay following
3 h of incubation [61]. The ROS formation efficiency per
mass unit and per specific surface area (SSA) were nor-
malized to carbon black (Printex 90), which was included
as benchmark material in each run. For dissolution and
solubility, there was a large data gap, and available data
had been generated using different methods and dis-
solution test media. Therefore, a ranking approach was
developed with the intention to give a similar ranking of
reported dissolution rates and 24-hour solubility of the
core material in phagolysosomal fluids [using unpub-
lished and published data from [62—64]. In addition, we
made a separate scaling considering the release of tran-
sition elements and heavy metals after 24-hours pulmo-
nary dissolution considering observed dissolution and/
or elemental concentrations in the materials. The ranking
approach is given in Table S1. The applied nanomaterial
physicochemical properties are shown in Table 1.

These animal studies were conducted over a period of
approximately 15 years, primarily using the same experi-
mental setup. In brief, eight to ten-week-old female
C57BL/6] BomTac mice from Taconic (Ejby, Denmark)
(N=6-9) were exposed to nanomaterials dispersed in 2%
serum [65] by intratracheal instillation [66] at 2—3 dose
levels and followed for 1, 3, 28, 90, and 180 days post-
exposure. Not all materials were assessed at each time
point, and limited data were available especially for the
180-day post-exposure time point due to variations in
the design of specific studies. Dose selection was based
on either data from the scientific literature or initial pilot
studies designed to identify the highest dose that would
avoid overt toxicity while ensuring compliance with the
highest standards of animal welfare [20]. An overview
of the administered doses and exposure time points for
the animal studies is provided in Table S2 (Supplemen-
tary Materials). In most studies, 2% mouse serum (sibling
serum) was used as a vehicle, but other validated vehicles
were also used [65]. Vehicle-exposed negative controls
and mice exposed to the benchmark particle carbon
black Printex90 [53], were included in parallel. Mice
were exposed via a single intratracheal instillation under
isoflurane sedation, as previously described [66, 67].
Inflammation was assessed by quantifying neutrophil
influx into bronchoalveolar lavage (BAL) fluid, as previ-
ously described [57]. Levels of DNA strand breaks were
assessed in BAL fluid cells, as well as in lung and liver tis-
sue, by measuring tail % DNA using the comet assay, as
previously described [68].

Page 4 of 21

Molecular descriptors

To capture the variations within a diverse set of AdMa,
we used intrinsic and extrinsic properties obtained
from the experimental characterization of materials as
independent variables in QSAR modeling. We also con-
sidered theoretical descriptors derived from different
molecular representations to ensure that no critical fea-
tures potentially influencing AdMa toxicity were over-
looked. Considering the significant structural diversity
of AdMa—including differences in chemical composi-
tion, size, and complexity—we focused on descriptors
that did not require the preoptimization of molecular
geometry and were, therefore, independent of confor-
mational issues. These descriptors, commonly referred
to as 0D-2D descriptors, provided comprehensive con-
stitutional and topological information, including details
about the molecule’s size, shape, symmetry, and branch-
ing. The 0D-2D descriptors were calculated using Dragon
software (version 7.0) [69].

It is crucial to emphasize that the selection of molec-
ular descriptors for machine learning modeling must
be carefully tailored to the specific purpose, ie., the
endpoint(s) for which the models are developed. Con-
sequently, the selected descriptors should be endpoint-
oriented to ensure the relevance and predictive accuracy
of the developed models. In the context of NPs and
AdMa, genotoxicity and inflammatory effects are pri-
marily driven by over production of ROS, which in turn
leads to oxidative stress - a key mechanism of toxicity
[56, 70-78]. In addition, the dissolution and subsequent
release of toxic metals (including transition and heavy
metals) play a critical role, influencing both the biological
response(s) and the recovery process through clearance
mechanisms [16, 79-81]. Beyond ROS generation and
dissolution-related phenomena, genotoxic and inflamma-
tory responses are also strongly influenced by the intrin-
sic physicochemical properties of NPs and AdMa, such
as particle size, aspect ratio, shape, specific surface area
(SSA), and surface-dependent properties [70, 73-78, 82].
Furthermore, as highlighted in the Introduction, the acti-
vation of cellular pathways and the overall likelihood of
toxic effects are strongly influenced by both the adminis-
tered dose and the post-exposure time point. Descriptors
that capture all of these critical features were identified
through a comprehensive review of the literature and
expert knowledge. To further refine the selection of
0D-2D descriptors potentially relevant for modeling
genotoxic and inflammatory effects, the backward elimi-
nation technique was used. This method involves an
iterative process in which the least important features are
progressively removed based on their influence on model
performance metrics-specifically, R> and RMSE-assessed
during model calibration. More specifically, the backward
elimination technique starts with a full set of descriptors
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Table 1 Physicochemical properties of nanoparticles and advanced materials

ID Material name Diam- Length Aspect  BET_SSA ROS/ Nanodimensions Ranked
eter (nm) ratio mass release
(nm) unit

Bentonite Nanoclay 7.8 650.0 83.33 73.59 0.00003 1

Co,04 Prom_Co;0,_MILE19 40.0 40.0 1.00 52.00 046245 3 3
A-9 1%

DQ12 Quartz DQ12 2250 2250 1.00 10.10 000118 3 0

Fe,CoO, 1/1  Prom_Co1.5 Fel.5_MiLE019 C-9 0.75% 40.0 40.0 100 13200 0.00884 3 4

Fe,CoO, 1/3  Prom_C02.25 Fe0.75_MILEO19 F-9 1% 40.0 40.0 1.00 49.00 0.00357 3 3

Fe,CoO,3/1  Prom_C00.75 Fe2.25_MiILEO19 D-9 1% 40.0 40.0 1.00 103.00 007778 3 4

Fe;0, Prom_Fe;O,_MILEOT9 E-9 1.1% 40.0 40.0 1.00 50.00 0.00048 3 2

Flamruss101  Carbon black 95.0 95.0 1.00 23.00 0.10809 3 0

MKN-AO15 TiO,, anatase TiO, small particle 220 220 1.00 84.60 0.00049 3 0

MKN-A100 TiO,, anatase TiO, large particle 310 310 1.00 73.50 0.00065 3 0

Nanofil® 3000 Nanoclay (organically modified) 1.0 300.0 300.00 2.74 0.00593 1 0

SE

Nanofil® 9 Nanoclay (organically modified) 1.0 300.0 300.00 24.07 0.00003 1 0

NM-110 Zn0O 85.0 85.0 1.00 14.00 0.00151 3 5

NM-401 Carbon nanotube, 670 40480 60.42 18.00 0.02944 2 2
MWCNT

NM-403 Carbon nanotube, 12.0 443.0 3692  135.00 1.83469 2 4
MWCNT

NN Halloysite nanotube, Nanoclay, 61.0 250.0 410 25.60 0.00080 2 0
Al,Si,05(OH),,

NN-etched Halloysite nanotube, Nanoclay, SiO, 270 100.0 370 12800 0.00053 2 0

NRCWE-001 TiO,, rutile 10.0 10.0 1.00 99.00 0.00045 3

NRCWE-006  Carbon nanotube, 740  5700.0 77.03 26.00 0.03491 2 3
MWCNT, Mitsui-7

NRCWE-018  Alpha Fe,O5 (Particle) 40.0 40.0 1.00 27.70 0.00017 3 2

NRCWE-019  Alpha Fe,O5 (Rod) 85.0 425.0 5.00 27.40 0.00044 2 2

NRCWE-020  NiZnFe;Oq4 20.0 20.0 1.00 104.00 0.00206 3 4

NRCWE-021  ZnFe,O, 225 225 1.00 87.70 0.00035 3 4

NRCWE-022  NiFe,O, 25.0 25.0 1.00 86.90 0.00564 3 4

NRCWE-025  TiO,, rutile TiO, 38.0 380 1.00 28.20 0.00090 3 0

NRCWE-040  Carbon nanotube, 22.1 5189 2348  150.00 041297 2 3
MWCNT, pristine

NRCWE-041 Carbon nanotube, 269 1005.0 37.36 152.00 1.00057 2 3
MWCNT, -OH

NRCWE-042  Carbon nanotube, 30.2 7232 23.95 141.00 028229 2 3
MWCNT, -COOH

NRCWE-043  Carbon nanotube, 556 7713 13.87 82.00 044217 2 4
MWCNT, pristine

NRCWE-044  Carbon nanotube, 327 13300 40.67 74.00 033430 2 4
MWCNT, -OH

NRCWE-045  Carbon nanotube, 30.2 1553.0 5142 119.00 052362 2 4
MWCNT, -COOH

NRCWE-051  Carbon nanotube, 10 175000 1750000 44260 0.22456 2 4
SWCNT, pristine

NRCWE-054  Carbon nanotube, 1.0 175000 17500.00  370.80 166761 2 4
SWCNT, -COOH

NRCWE-055  Carbon nanotube, 1.0 2000.0 2000.00 453.10 129452 2 4
SWCNT, pristine, short

NRCWE-056  Carbon nanotube, 1.0 2000.0 2000.00 37340 1.14844 2 4
SWCNT, -OH, short

NRCWE-058  Graphene Oxide 1.7 25000 147493  411.00 062487 1 0

NRCWE-059  Reduced Graphene Oxide 1.7 1500.0 884.96 411.00 033750 1 0

Printex90 Carbon black 14.0 14.0 1.00 33800 1.00000 3 0

XE2B Carbon black 30.0 300 1.00 114200 549524 3 0
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and progressively eliminates features until only descrip-
tors with a significant contribution to predictive accu-
racy remain. As previously noted, data across different
post-exposure time points and administered doses were
modeled together to develop dynamic models with broad
applicability domains. This means that, in the calibration
and validation process of each of the four QSAR models,
two constant descriptors were used: post-exposure time
(expressed in days) and doses (expressed in pg/mouse).
List of considered descriptors is provided in Table S3.

Modeling technique

Nowadays, numerous data-driven ML algorithms have
gained considerable acceptance and are now well-
established, including linear regression, logistic regres-
sion, support vector machines, decision trees, random
forests, naive Bayes, k-nearest neighbors, and artificial
neural networks. Accordingly, the selection of the opti-
mal ML-based algorithm should consider factors such
as the data’s size, distribution, complexity, dimensional-
ity, and noise. Given the diverse AdMa set used in this
study, which encompassed organic and inorganic materi-
als, nonparametric similarity-based ML methods (SBMs)
were considered particularly well suited for effectively
mining the intricate relationships between the structure
and properties of materials and their biological effects.
In light of our previously positive experience with the
locally weighted least squares kernel regression (KwLPR)
algorithm [83, 84], we chose this method a priori. Con-
ceptually, the KWLPR operates on the assumption that
any function within a given dataset can be adequately
approximated by a low-degree polynomial, with the
kernel serving as a weighting function. This method
combines the simplicity of linear regression with the flex-
ibility of nonlinear regression, fitting a weighted linear
model locally at each data point and considering only
the nearest observations. The kernel function (K) and
a smoothing parameter (bandwidth, /) determine the
shape and size of the local neighborhood. A weighting
function assigns relative importance to each neighbor-
ing point based on their distance from the query point,
with the closest, most similar points receiving the highest
weight, which diminishes with increasing distance [83,
84]. To provide the KwLPR algorithm with the requisite
flexibility to model complex datasets, we used a variety
of kernel types, including Gaussian, truncated Gauss-
ian, Epanechnikov, and uniform, in conjunction with an
array of parameters to adjust the local neighborhood size
and shape. The primary parameter that influences the
width of the kernel function, referred to as the smoothing
parameter or bandwidth (%), is of paramount importance
in determining the neighborhood size. Although several
methods exist for specifying the 4 parameter, includ-
ing fixed, adaptive nearest-neighbor, and generalized
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nearest-neighbor approaches, a fixed bandwidth that
remains constant across the entire dataset is the most
commonly used. However, a fixed bandwidth may not
effectively capture spatial distribution heterogeneity,
resulting in the formation of empty neighborhoods and
underperformance at boundary points, a phenomenon
known as the boundary effect. To address this issue, the
smoothing parameter can be adjusted dynamically based
on the local density of observations, which are referred
to as adaptive or variable-bandwidth kernel density esti-
mation methods. In the adaptive approach, the band-
width changes as a function of the fitting data points;
in regions of high density, a narrower kernel is used to
reduce bias, while in low-density regions, a broader ker-
nel is used to reduce variance. In this study, both fixed
and adaptive nearest-neighbor bandwidth kernel density
estimation methods were considered. It is also important
to note that the effectiveness of other regression-based
ML techniques, such as the classification and regression
trees (CART), random forest (RF), support vector regres-
sion (SVR), k-nearest neighbors (kNN), and the distance
weighted (weighted-kNN) k-nearest neighbor algorithm,
were evaluated during the optimization of the dynamic
QSAR models.

Statistical analyses were conducted using R software
(version 4.3.2) [85], specifically using the KwLPR.RMD
code [84], along with the ‘np’ and ‘ggplot2’ packages [86—
88]. To ensure that the experimental data and modeling
results are findable, accessible, interoperable, and reus-
able (FAIR), the input files, the R code supporting the
reported results, and the corresponding output files are
provided in the Supplementary Materials.

Model calibration and validation

Four data-driven models were developed to predict in
vivo genotoxicity in BAL fluid cells, lung and liver tis-
sue, and pulmonary inflammation in mice, respectively.
In the first three cases, genotoxicity was quantified as
the percentage of DNA in the tail (TDNA%) in the comet
assay. In the fourth model, inflammation was represented
by the total number of neutrophils in the BAL fluid,
expressed as a decimal logarithm.

All of the data-driven models (derived from a richly
diverse dataset of 39 AdMa) were simultaneously
trained across various dose levels and exposure times.
It is important to highlight that for each data point, raw
toxicological data from animals exposed to vehicle alone
were processed, and endpoint values were calculated as
the average of groups consisting of six to nine animals.
To conduct a comprehensive assessment of the predictive
models’ efficacy, the initial AdMa datasets were divided
into training and validation sets (VS). Specifically, ~80%
of the materials were allocated for model development
(TS), while the remaining ~20% were set aside for model
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evaluation (VS). A sorted, response-based division algo-
rithm was used to ensure a balanced representation in
both sets. Specifically, the VS was constituted by select-
ing every fourth or fifth data point from the endpoint
vector, arranged in ascending order. The remaining data
points formed the TS. The two data sets for each of the
four models are provided in Tables S4-S7.

Validation was conducted in accordance with the stan-
dards set forth by the OECD guidelines [82], thereby
ensuring a comprehensive assessment of the data-driven
model’s goodness-of-fit, robustness, and predictive abili-
ties. The coefficient of determination (R?) was used to
assess the model fit, indicating the proportion of vari-
ability in the dependent variable explained by the inde-
pendent variables in the training set (TS). Furthermore,
the root mean square error of calibration (RMSE_) was
used to quantify deviations between the observed and
predicted values. The model’s flexibility was evaluated
through internal validation, with the results quantified
using the cross-validation coefficient (Q* o) and the
root mean square error of cross-validation (RMSE; o).
The true predictive performance of the model was exam-
ined with unseen data, i.e., data that were not involved
in the model’s calibration. External validation metrics
included the external validation coefficient (Q?,,), the
concordance correlation coefficient (CCC), the root
mean square error of external validation (RMSE,,), and
the mean absolute error (MAE) [89-92].

To ensure that the QSAR models were not the result of
random correlations and to confirm their statistical sig-
nificance, we performed a Y-scrambling test [93—95]. In
this procedure, 500 randomized models were calibrated
using the same descriptor sets as in the original models,
but with the response variable randomly shuffled in each
iteration. In general, QSAR models derived from Y-ran-
domization tests are expected to yield low R* and Q* oo
values. Occasionally, although rarely, higher values of R
and Q* | oo may be obtained due to random correlations
and/or structural redundancy within the training data
set. However, if the Y-randomization test consistently
generates models with relatively high R* and Q* | o val-
ues, this indicates that the chosen modeling approach is
inadequate to generate a reliable QSAR model from the
provided dataset [93-95].

Applicability domain

To define the scope and associated limitations of the
model, its applicability domain was determined using the
leverage approach [89, 96]. This calculates the Mahala-
nobis distance of each compound to the centroid of the
TS within the features space. Thus, the leverage value (/,)
indicates the structural (dis)similarity of each compound
to the center of the TS and assesses the degree of influ-
ence of the training data points on the predictive model.
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A Williams plot offers a visual representation of this rela-
tionship, plotting leverage values against cross-validated
standardized residuals to identify response outliers and/
or structurally distinct chemicals that fall outside the
applicability domain. The critical leverage value (%*), rep-
resenting the cut-off distance from the centroid, is gen-
erally set at #* = 3(M + 1)/N, where M is the number of
descriptors (i.e., independent variables) in the model, and
N is the number of TS compounds [97]. The boundaries
of the applicability domain with respect to the response
space were defined by the limit of + 3 standardized cross-
validated residuals. Predictions were considered reli-
able and trustworthy, providing a high level of assurance
only when the query compound fell within a square area
bounded by + 3 standard deviation units and the leverage
threshold (4% [97]. However, as discussed by Jaworska
and co-authors [97], high leverage values do not neces-
sarily indicate outliers. Rather, they can vary significantly
in their influence on the regression results depending on
how closely they fit the established model. When high-
leverage points fit the regression well, as reflected by
low standardized residuals, they are typically referred
to as “good high-leverage points” or “good influence
points. Such points contribute positively to the model by
increasing its stability, broadening the calibration range,
and improving the accuracy of parameter estimates;
therefore, they should be retained in the model. Con-
versely, high-leverage points associated with large resid-
uals-indicating a poor fit to the regression-are classified
as “bad high-leverage points” or “bad influence points.
These points can adversely affect the model, potentially
reducing predictive accuracy [97].

Results

Key features governing in vivo genotoxicity and
inflammatory response of AdMa

The key descriptors for the BAL-cell genotoxicity model
were the aspect ratio, defined as the ratio between the
nanomaterial’s length and diameter, and the specific sur-
face area, measured using the Brunauer-Emmett-Teller
method (BET_SSA) (Fig. 1).

In the case of the liver genotoxicity model, the most
crucial descriptors were the aspect ratio, the produc-
tion of ROS, and a nano-dimension descriptor that
defined the AdMa shape (i.e., sheet or plate-like struc-
tures [1st nano-dimensional class], elongated or tube-
like shapes [2nd nano-dimensional class], or spherical
materials [3rd nano-dimensional class]). The key descrip-
tors for the lung genotoxicity model were aspect ratio,
BET_SSA, ROS, and ranked release, which defined the
potential release of toxic metals. Among the key fea-
tures associated with a neutrophil influx into BAL fluid,
the aspect ratio and ROS were identified as the primary
toxicity drivers. As previously mentioned, two additional
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Uniform Gaussian
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Fixed bandwidth obtained with least squares
cross-validation method

Adaptive nearest-neighbor bandwidth obtained
with least squares cross-validation method

Bandwidth
Dose 9
Dose 8.861 Dose 1.139 Day 1 Dose 3
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Aspectratio  2x104 Aspect- L3t i 0.028 BET SSA 3 Aspect ratio 6
BET SSA 0970 | Nanodimension 0.137 | pg 13 ROS 4
ROS 4x10 Ranked release 1

Local polynomial's degree

0 (Constant)

Fig. 1 KwLPR-based data-driven models for predicting in vivo genotoxicity for BAL fluid cells, lung and liver tissue, and neutrophil influx into BAL fluid
in mice. BAL, bronchoalveolar lavage; BET_SSA, Brunauer-Emmett-Teller method; KwLPR, least squares kernel regression; ROS, reactive oxygen species;

TDNA%, percentage of DNA strand breaks

descriptors common across all four models were post-
exposure time (in days) and dose levels (in pug/mouse).
We used ROS generation per mass unit in the DCFH,-
DA acellular ROS assay [98] as a measure of ROS activ-
ity. Since activity was measured in relative units, ROS
activity was normalized to carbon black Printex90. As
ROS is a surface-dependent response, its generation per
mass unit will be larger for particles with a large specific
surface area, as seen for the three carbon blacks in the
present study. Therefore, it is possible that the effect of
ROS seen here also reflects an effect of surface area. Sur-
prisingly, when the ROS parameter normalized to mass
(ROS/mass unit) was replaced with a combination of
BET_SSA and ROS normalized to the surface area (ROS/
SSA area), the model’s predictive performance decreased
slightly (by 4%). Moreover, removing BET _SSA entirely
resulted in a significant decrease in the model’s predictive
value (by 12%), highlighting the importance of the spe-
cific surface area as a key predictor of inflammation [17,
53, 99, 100]. More detailed information can be found in
the Supplementary Materials (Table S8).

Time-dose integrated ML-models for in vivo genotoxicity
and inflammation by AdMa

Our comprehensive modeling of the TS data dem-
onstrated that the fixed bandwidth approach yielded
the most optimal fit for predicting in vivo genotoxic-
ity for BAL fluid cells and liver tissue in mice (Fig. 1).
This was indicated by the highest R* (close to one) and
lowest RMSE. (close to zero) values. In the case of the
remaining two models (i.e., for genotoxicity in lung tis-
sue and neutrophil influx into BAL fluid), the adaptive
nearest-neighbor bandwidth was identified as the opti-
mal approach. In the modeling of three out of the four
endpoints, a Gaussian kernel was used, whereas for
the TDNA% BAL model, the neighborhood shape was
defined based on the uniform kernel. This difference in
the selection of the optimal kernel can be attributed to
the considerably broader range of values observed for the
modeled dependent variable for TDNA% BAL in com-
parison to the other endpoints (Figure S1). Furthermore,
as illustrated in Fig. 1, all models were calibrated using
the local constant polynomial, which was optimized dur-
ing the leave-one-out validation process. Subsequently,
the generalization ability of the data-driven models was
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validated using unseen data beyond the TS. Figure 1;
Table 2 provide detailed information on the bandwidth
specifications and the quality metrics for the models. In
addition, the details of the KwLPR-based, data-driven
models developed using other considered hyperparam-
eters, including methods for bandwidth selection, ker-
nel regression estimators, types of kernel functions, and
types of bandwidths, are summarized in Table S9.

The predictive models derived using the KwLPR algo-
rithm exhibited high goodness-of-fit, with R* values
ranging from 0.75 to 0.93 and strong predictive power,
as indicated by Q’,,, values ranging from 0.70 to 0.91
(Table 2). The scatterplots between the model’s predic-
tions and the experimentally measured TDNA% in cells
from BAL fluid, the lungs and liver, and the total number
of neutrophils in BAL fluid, respectively (Fig. 2), indicate
that the majority of AdMa from both the TS and VS were
closely aligned with the best-fit line, thereby confirming
that the random errors associated with the data-driven
models were within acceptable limits.

Furthermore, we verified the assumption of residual
homoscedasticity in each of the four KwLPR-based mod-
els by assessing their adherence to a Gaussian probability
distribution. The residual density plots (Figure S2) dem-
onstrated that the residuals in the TS and VS formed
two normally distributed peaks with averages close to
zero. The internal validation results, which assessed the
stability of the models, revealed some intriguing find-
ings. For three of the four models—specifically, those
predicting in vivo genotoxicity for BAL fluid cells, liver
tissue, and neutrophil influx into BAL fluid in mice—
the cross-validation coefficient exceeded the minimum
threshold (Q% oo >0.60), with statistical metrics rang-
ing from 0.62 to 0.69. However, as illustrated in Table 2,
the model for predicting in vivo genotoxicity in lung cells
did not exhibit sufficient robustness (Q* o =0.47 <0.60).
The relatively low robustness of this model can be attrib-
uted to two factors: the methodological assumptions of
the leave-one-out cross-validation method and the struc-
ture of the data set. The data set was notably diverse and
demonstrated limited representativeness for materials
analyzed at the longest exposure times of 90, 92, and 180
days. However, it is important to note that a high Q% o,

Table 2 Evaluation metrics for KwLPR-based, data-driven models
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value does not unconditionally indicate that the model
has satisfactory predictive ability. Literature reports have
highlighted the necessity of external validation using an
unseen TS to accurately assess a model’s predictive abil-
ity. External validation results are considered the most
critical metrics for evaluating a model’s generalization
performance [91, 92]. However, as previously discussed,
the predictive capabilities of all four KwLPR-based mod-
els were confirmed (Table 2). Additional confirmation
that the developed QSAR models were not the result of
random correlations and exhibited statistical robustness
was provided by the Y-scrambling validation. As shown
in Figure S3, the R* and Q* | values for our original
(i.e., “true”) models were significantly higher than those
obtained from the Y-randomization procedure, indicat-
ing that the predictive performance of the models was
not due to chance.

Applicability domain: assessment of the reliability and
relevance of in silico model predictions
The predictive uncertainty in the KwLPR-based mod-
els was further assessed through applicability domain
evaluations. Using the leverage approach and a Williams
plot (Fig. 3), the majority of the investigated AdMa were
found to be within a squared area, inside +3 standard
deviation units, and below the critical leverage value (/*).
In the case of the KwLPR-based model for predicting in
vivo genotoxicity in BAL fluid cells, a total of six outliers
were identified among the 259 TS data points, and one
outlier was identified among the 50 VS data points. These
response outliers were identified based on their stan-
dardized residuals, which exceeded+3 standard devia-
tions. These outliers were Printex90 (carbon black) at
various dose levels and exposure times from the TS and
NRCWE-043 (carbon nanotube) from the VS (Fig. 3a).
Furthermore, 24 data points from the TS, including
carbon black (XE2B), quartz (DQI12), carbon nano-
tubes (NRCWE-051, NRCWE-054), and anatase tita-
nium dioxide (MKN-A100, MKN-A015), which varied
in doses and exposure times, exhibited leverages greater
than the threshold (4#*=0.058). Notwithstanding their
high leverage values, these points exhibited small residu-
als, suggesting that they are ‘good high leverage points.

R? RMSE,_ Q%00 RMSE, oo Q% RMSE,,, MAE ccc
TDNA% BAL model 0.84 215 0.69 301 091 151 128 095
TDNA% liver model 093 048 062 1.14 082 0.64 030 091
TDNA% lung model 075 118 047 1.71 077 103 0.69 087
Neutrophil influx model 0.88 0.30 0.67 047 0.70 044 0.23 0.82

Evaluation metrics for KwLPR-based, data-driven models for predicting in vivo genotoxicity for BAL fluid cells, lung and liver tissue, and neutrophil influx into BAL

fluid in mice

BAL, bronchoalveolar lavage; CCC, concordance correlation coefficient; KWLPR, least squares kernel regression; MAE, mean absolute error; Q?,,,, external validation
coefficient; Q? o, cross-validation coefficient; R?, regression coefficient; RMSE, root mean square error of calibration; RMSE,,,, root mean square error of external

validation; RMSE, , root mean square error of cross-validation
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Fig. 2 Scatter plot of experimentally determined versus kernel-weighted local polynomial regression (KwLPR) predicted values for the percentage of
DNA strand breaks (TDNA%) in cells from (a) bronchoalveolar lavage (BAL) fluid; (b) the lung; (c) the liver; and (d) the total number of neutrophils in BAL
fluid, expressed as a decimal logarithm. The straight line indicates a perfect match between the experimental and predicted values. Squares represent
predicted values for the training data points (TS), while triangles represent data for the validation data points (VS)

As discussed by Jaworska and colleagues [97], these
compounds act as ‘influence points’ that stabilize and
enhance a model’s precision. However, two data points
from the VS—carbon nanotube (NRCWE-055) and
graphene oxide (NRCWE-058)—slightly exceeded the
leverage threshold /* Therefore, it is recommended that
predictions for these materials be treated with caution,
as they may be less reliable. These materials potentially
fall outside the applicability domain due to exhibiting
extreme descriptor values. For example, NRCWE-051
and NRCWE-054 had the highest aspect ratio values
among the materials under investigation. These were sin-
gle-walled carbon nanotubes, where we were unable to

measure the length and, therefore, used the mean length
from the supplier [8]. XE2B exhibited the highest BET_
SSA variable value among the materials under investiga-
tion, while MKN-A100 and MKN-AO015 were assessed at
the highest dose level (162 pg/mouse) and at the longest
post-exposure time point (180 days).

We observed similar results across the other mod-
els. In the case of the KwLPR-based model predicting
TDNA% in lung cells, four response outliers were iden-
tified from a TS of 243 data points, and one outlier was
identified from a VS of 47 data points (Fig. 3b). These
outliers in the Y-space were NRCWE-019 (Alpha Fe,O4
(rod)), NRCWE-022 (NiFe,O,), and NRCWE-025 (TiO,
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Fig. 3 Applicability domain of the kernel-weighted local polynomial regression (KwLPR) model estimated using the leverage approach for the percent-
age of DNA strand breaks (TDNA%) in cells from (a) bronchoalveolar lavage (BAL) fluid; (b) the lung; (c) the liver; and (d) the total number of neutrophils in
BAL fluid, expressed as a decimal logarithm. Squares represent predicted values for the training data points (TS), triangles represent data for the validation
data points (VS), while dashed lines represent + 3 standard deviation units and the critical leverage value (h*)

at two different dose levels) from the TS, and NRCWE-
018 (Alpha Fe,O; (particle)) from the VS. Furthermore,
14 TS nanomaterials, including XE2B (carbon black,
quartz), NRCWE-051 and NRCWE-054 (carbon nano-
tubes), and MKN-A100 (TiO,) at various dose levels and
exposure times, were identified as influence points with
h>h*=0.086, yet with standardized residual values within
the acceptable range of +3 standard deviations. One
structural outlier, specifically NM-403 (a carbon nano-
tube), was identified among the AdMa in the VS. Further
analysis of the molecular descriptor values used in the
modeling process revealed that materials situated out-
side the boundaries of the applicability domain exhibited

either the highest values (e.g., BET_SSA for XE2B; aspect
ratio for NRCWE-054 and NRCWE-051; ROS for XE2B;
dose level and longest exposure time for MKN-A100) or
the lowest values (e.g., ROS for NRCWE-018) among all
of the materials investigated.

For the KwLPR-based model predicting the TDNA% in
liver cells, the leverage approach and the Williams plot
(Fig. 3c) identified four response outliers from the TS of
244 data points and one outlier from the VS of 59 data
points. The TS outliers included NRCWE-001 (TiO,),
NRCWE-006 (a carbon nanotube), and Nanofil°SE 3000
(a nanoclay at two different exposure days), while the VS
outlier was Printex90 (carbon black). Furthermore, 19
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data points in the TS had leverages greater than /*=0.074
but exhibited small residuals. These included NRCWE-
051 and NRCWE-054 (single-walled carbon nanotubes),
DQ12 (quartz), XE2B (carbon black), and MKN-A100
(TiO,) across various dose levels and exposure times. As
previously stated, these high-leverage points significantly
influenced the model’s fitting performance. Moreover,
five VS data points—NRCWE-051 and NRCWE-054
(carbon nanotubes), XE2B (carbon black), and MKN-
A015 (TiO,)—were identified as structural outliers,
indicating that their predictions should be treated with
caution. Similar to findings from two previously dis-
cussed models, the positioning of these materials outside
the model’s domain can be attributed to extreme descrip-
tor values used in the modeling. To illustrate, NRCWE-
051 and NRCWE-054 were associated with the highest
aspect ratio values, XE2B was associated with the high-
est ROS value, while MKN-A015, MKN-A100, and DQ12
had the longest post-exposure time points.

For the KwLPR-based model predicting neutrophil
influx into BAL fluid, only the predictions for NRCWE-
001 and NRCWE-025 (TiO,) were slightly beyond the
upper control limit of + 3 standard deviation units, mark-
ing them as response outliers. Figure 3d indicates that
there were no Y-space outliers within the VS materi-
als. Additionally, 19 data points in the TS had leverages
greater than /*=0.057, yet their standardized residual
values stayed within the acceptable range of + 3 standard
deviations. These data points included NRCWE-051 and
NRCWE-054 (SWCNT), DQ12 (quartz), XE2B (carbon
black), and MKN-A015 (TiO,) across various doses and
exposure durations. The Williams plot also indicated
five structural outliers in the VS, namely NRCWE-051
and NRCWE-054 (SWCNT), MKN-A100 (TiO,), and
XE2B (carbon black). As with other models, the extreme
descriptor values used in the modeling were the main
reason for these materials falling outside the model
domain, thereby reducing the reliability of the predic-
tions. For comprehensive details on the KwLPR-based
modeling results and the applicability domain evaluation
of all four models, please see Tables S4-S7.

Exploration of ML methods for the re-optimization of in
silico models for in vivo genotoxicity and inflammation by
AdMa

As outlined in the Methods section, alternative modeling
techniques were also explored during optimization of the
predictive models. A comparative analysis of the evalu-
ation metrics for data-driven models developed using
CART, RF, kNN, distance-weighted kNN, and SVR with
various kernel functions is presented in Table S10. All
models were calibrated and externally validated using the
same training/test sets and descriptor sets that were used
to develop the KWwLPR models. As indicated in Table S10,
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SVR with a spline kernel and distance-weighted kNN
consistently showed the weakest performance among the
evaluated techniques, regardless of the model response.
QSAR models based on these techniques demonstrated
the poorest goodness-of-fit and predictive capabilities,
as evidenced by the lowest R? and Q? values, respectively.
Conversely, models developed using the RF algorithm
typically achieved the best overall performance, often
comparable to that of the KwLPR models. The RF algo-
rithm constructs a user-defined number of decision trees
(500 in this case) by generating multiple bootstrapped
subsets of the training data and averaging their predic-
tions to estimate the dependent variable. Nevertheless,
considering the known limitations of RF models - specifi-
cally, their tendency to overfit and the challenges associ-
ated with interpreting their results - and the fact that they
did not surpass the performance of the KwLPR models,
it was concluded that KwLPR remains the most optimal
modeling approach for the analyzed datasets.

Discussion

A mechanistic interpretation of the models

As the KwLPR model does not provide traditional regres-
sion coefficients to quantify the contributions of each
explanatory variable in estimating the model’s response
(here, in vivo genotoxicity and inflammation by AdMa),
we conducted a feature importance analysis to address
this limitation. This method assigns an importance score
to input features based on their utility in predicting the
target variable. Specifically, it involves randomly permut-
ing the values of a given feature and then comparing the
model’s performance before and after this permutation.
The feature importance score is calculated as the ratio of
these two performance metrics. A higher score indicates
greater importance, as the alteration of the feature’s val-
ues has a significant effect on the model’s performance.
One efficient and practical method for visualizing feature
importance is through the use of variable importance
plots (VIPs). The analysis of VIPs (Figure S4) highlights
the pivotal role of the aspect ratio in AdMa-induced
toxicity. In three of the four models, specifically those
assessing in vivo genotoxicity in BAL fluid cells and liver
and lung tissue, the aspect ratio emerged as the most or
second most significant factor driving AdMa genotoxic-
ity. As for asbestos, the aspect ratio has been linked to a
range of toxic effects, predominantly through inhalation
exposure [101]. A wealth of studies has reported that
high aspect ratio materials display heightened toxicity
and a heightened potential to disrupt cellular signaling
processes compared to low aspect ratio materials. This
observation also holds for carbon nanotubes, nanoclays,
halloysite nanotubes, and graphene-based materials,
which were the focus of our study [53, 102, 103]. Fibers,
especially those with diameters in the nano-range, can
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readily penetrate cellular structures through inhalation,
irrespective of their chemical composition. Furthermore,
their clearance from the body is impeded, which may
result in accumulation [103, 104]. Consequently, inhala-
tion exposure to these materials is associated with the
influx of neutrophils into BAL fluid, the induction of oxi-
dative stress, and, ultimately, DNA damage in BAL fluid
and lung cells, as observed in our study. DNA damage in
liver cells is likely caused by the translocation of nanoma-
terials from the lung to the liver via systemic circulation
[105]. In summary, this work and previous studies on car-
bon nanomaterials indicate that the aspect ratio of AdMa
is a significant, if not the primary, factor contributing to
their pulmonary pathogenicity.

Aside from aspect ratio, the shape of particles—
referred to here as a nanodimension descriptor—plays a
pivotal role in determining liver genotoxicity (Figure S4).
This phenomenon is attributed to the shape-dependent
ability of AdMa to penetrate and interact with cellular
structures [106]. In particular, needle-like fibers such
as thick and rigid carbon nanotubes were shown to dis-
perse and exist as single fibers in lung tissue one year
post-exposure, whereas carbon NPs and thin, entangled
carbon nanotubes accumulated in granulomas [107].
Needle-like GaP nanowires have also been detected in
lung tissue as single fibers [108]. The needle-like struc-
ture may be of less importance than the fiber shape in
relation to carcinogenicity since both thin, entangled
carbon nanotubes and thick, rigid, straight carbon nano-
tubes cause lung adenoma following pulmonary deposi-
tion in rats [109-111]. Notably, particle shape influences
nanomaterial cellular uptake efficiency, with needle-/
fiber-like or platelet-/sheet-like particles demonstrating
greater penetration than sphere-like particles. This is due
to their enhanced endocytic mechanisms, higher inter-
nalization rates, and more effective adhesion to target
cell surfaces. For instance, Huang and colleagues’ [112]
research revealed that rod-shaped mesoporous silica NPs
with a length of 450 nm were more effectively internal-
ized by A375 human melanoma cells than 100 nm spheri-
cal particles. Similarly, Lee et al's [113] study on the
effect of different shapes of iron oxide NPs on toxicity to
murine macrophage cells found that rod-shaped Fe,O,
NPs induced more cell death than spherically shaped
ones. This shape-dependent cellular uptake and resultant
toxicity have also been experimentally demonstrated for
numerous materials, including TiO,, ZnO, carbon black,
and carbon nanotubes [51, 53, 106, 114, 115]. In addition,
nanomaterial shape may be a predictor for translocation
from lung to liver and hence, genotoxicity in liver.

It is well-known that the toxicity of nanomaterials
arises from interactions between their surface and cel-
lular components [116]. Therefore, in addition to aspect
ratio and shape, the specific surface area has been
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acknowledged as a pivotal factor affecting the toxicity
of NPs. According to Schmid and Stoeger [99], surface
area is responsible for approximately 80% of the observed
variability in acute pulmonary toxicity tests with spheri-
cal NPs with low solubility. This can be attributed to the
fact that poorly soluble materials with a high surface area
generate higher levels of ROS, which can lead to cyto-
toxicity and genotoxicity. As illustrated in Figure S4, the
specific surface area determined by the BET method
emerged as the most significant factor driving AdMa in
vivo genotoxicity in lung tissue and the second most sig-
nificant factor in BAL fluid cells. This finding aligns with
previous in vitro and in vivo studies indicating a corre-
lation between BET_SSA values and pulmonary toxic
responses to AdMa with low solubility, including TiO,,
halloysite nanotubes, nanoclays, and quartz [51, 53, 59].
For example, Ianni and colleagues demonstrated that
reducing the surface area of bentonite through surface
modifications resulted in diminished toxicological effects
in mouse lungs [51]. Carbon-based nanomaterials are
potent generators of ROS [14], and the surface genera-
tion of ROS has been proposed as a mechanism-of-action
for carbon-induced genotoxicity [14, 56, 57, 103].

As shown in Figure S4, genotoxicity in lung tissue was
also linked to the release of intracellular metal ions. An
increasing body of research has demonstrated that metal-
lic AdMa tend to release metal ions at various pH levels
within cell organelles and subcellular structures, resulting
in their accumulation in critical organs such as the liver,
lungs, and kidneys. This accumulation may subsequently
induce genotoxic and cytotoxic effects [117]. Initially
regarded as passive, NPs such as ZnO, titanium dioxide,
and aluminum oxide have garnered attention for their
potential role in promoting oxidative damage and inflam-
mation [118]. Among these, only TiO, is observed to be
very poorly soluble with slow dissolution rates in pha-
golysosomal fluids [62, 63]. Jacobsen et al. [20] demon-
strated that ZnO NPs internalized through the endocytic
pathway have a greater capacity to release ions intracel-
lularly, leading to enhanced toxicity compared to larger
ZnO particles. Similarly, Mahto et al. [119] reported that
quantum dot core/shell (CdSe/ZnSe) dispersed in aque-
ous media release cadmium ions that disrupt cellular
homeostasis and lead to toxicity.

Further evaluation of the relative importance of the
variables in the predictive models has revealed that ROS
generation, either directly or indirectly, played a crucial
role in the genotoxicity associated with metallic AdMa-
induced toxicity. The excessive production of ROS can
result in oxidative stress, which disrupts normal redox-
regulated physiological functions. This, in turn, leads to
DNA damage and the unregulated modulation of cellular
signaling pathways involved in cell death, proliferation,
and/or differentiation [5, 13]. As previously discussed
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Fig. 4 Summary of key features governing the genotoxicity and inflammation of advanced materials in the present study

by Nel and colleagues [120], the generation of ROS and
oxidative stress represent a well-established paradigm
for explaining the toxic effects of inhaled NPs. Figure S4
illustrates that particle-dependent ROS generation was
the most significant factor contributing to liver geno-
toxicity. Furthermore, ROS generation emerged as the
second and fourth most significant factor contributing
to neutrophil influx into BAL fluid and TDNA% in lung
cells, respectively. These findings are consistent with
those of previous research on graphene materials, carbon
nanotubes, titanium dioxide, quartz, and carbon black,
which demonstrated that increased ROS generation upon
exposure to AdMa resulted in ROS-mediated toxicity
[53, 105, 121, 122]. It is also important to acknowledge
that nonmetallic particles have the potential to trigger
oxidative stress. For instance, Shvedova et al. [123] dem-
onstrated that, in addition to generating free radicals, the
cellular uptake of carbon nanotubes resulted in the oxi-
dation of polyunsaturated fatty acids, ultimately leading
to cellular apoptosis. Guo et al. [124] reported that silica
NPs can induce oxidative stress, disrupting the balance
of nitric oxide/nitric oxide synthase, leading to inflam-
mation and endothelial dysfunction. A summary of key
factors influencing genotoxicity and inflammation associ-
ated with AdMa is shown in Fig. 4.

To achieve the primary objectives of the present
study—overcoming the limitations of static QSAR mod-
els confined to single doses and post-exposure time

points and deepening our understanding of dose-time-
property/response dynamics in AdMa-induced toxicity—
all KwLPR-based models were designed to incorporate
varying doses and post-exposure time points from exper-
imental testing as additional independent variables. Gen-
erally, an increase in dosage corresponds to an increase
in the measured response. In addition, while the inher-
ent toxicity of a particle remains unchanged over time,
prolonged exposure can prolong the toxic effect on the
organism, causing hazardous outcomes even at lower
concentrations, as predicted by Harber’s rule that the
total dose is the product of concentration and exposure
time. This was recently shown to be the case for the
pulmonary retention of inhaled nanomaterials [104].
Chronic diseases such as cancer, cardiovascular disease,
and chronic obstructive pulmonary disease take years
to develop. Adverse outcome pathways delineate the
causal relationships between key events leading to dis-
ease and may be used to identify early key events (such
as inflammation) that are causally related to the adverse
outcomes. Inflammation is an early key event causally
related to cardiovascular disease, fibrosis, and cancer
[22, 26]. Our findings indicate that, in addition to particle
characteristics, both particle concentration and post-
exposure duration are crucial in determining potential
toxic effects. However, it is important to emphasize that
the post-exposure duration in this study refers to a single
exposure event during which particles were introduced
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into the lungs of mice and then observed over several
post-exposure time points. At any given time, the par-
ticles may still have been present, cleared, or undergone
dissolution; however, they may still play a critical role
in shaping potential toxic effects. The analysis of VIPs
(Figure S4) demonstrated the substantial influence of
post-exposure duration on AdMa-induced toxicity. In
the model predicting neutrophil influx into BAL fluid,
post-exposure time was identified as the most critical
factor influencing AdMa-induced inflammation. For the
TDNA% BAL and TDNA% lung models, post-exposure
time was identified as the third most significant factor
influencing AdMa genotoxicity, while for the TDNA%
liver model, post-exposure duration was determined to
be the fourth most significant factor. These results align
with recent findings [59, 102, 125-127] such as those by
Di Ianni et al. [51], who reported a time-dependent influx
of neutrophils into BAL fluid in response to nanoclay
materials. Figure S4 further confirms that AdMa-induced
genotoxicity and inflammation were significantly influ-
enced by the administered dose. In the neutrophil influx
into the BAL fluid model, the feature importance of dose
and ROS generation was approximately equal, ranking
higher than the aspect ratio. Similarly, in the TDNA%
liver model, three variables—nanodimension, exposure
time, and dose—exhibited nearly identical feature impor-
tance scores, indicating a comparable effect on the mod-
el’s response. These findings align with animal studies
that have reported a dose-dependent effect in lung and
liver tissues for graphene materials, zinc oxide, and car-
bon nanotubes [15, 101, 127]. A dose-dependent influx of
neutrophils into BAL fluid was also observed for titanium
dioxide and nanoclays [51, 53, 128].

Despite our efforts to incorporate theoretical descrip-
tors encoding information on symmetry, topology, and
molecular properties, none of the 0D-2D descriptors
ultimately proved essential for calibrating the predic-
tive models under discussion. There are several possible
explanations for these results. First, dose and post-expo-
sure time exert a direct and often dominant influence on
biological responses. The inclusion of these parameters
as independent variables introduces an additional layer of
variability that may overshadow the more subtle effects
related to structural features. As a result, the models may
prioritize dose- and/or exposure-related variability over
intrinsic structure-activity relationships. Second, the lim-
ited relevance of the 0D-2D descriptors in our models
may have arisen from their inability to fully capture the
complexity of the studied particles, thus failing to provide
comprehensive insights into the molecular-level effects
crucial for AdMa-induced genotoxicity and inflamma-
tion. Another potential explanation lies in the significant
structural diversity and/or inhomogeneity of the analyzed
materials, which encompassed various metal oxides,
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carbon materials, and sheet silicates. In local data-driven
models that are restricted to a specific class of materi-
als (e.g., metal oxides), one or more of these descriptors
may prove to be important and useful. However, a lim-
ited amount of data precludes the feasibility of develop-
ing local models for all material classes. It is important
to note that 3D descriptors, which encode information
about particle reactivity (e.g., energy of the highest occu-
pied molecular orbital, energy of the lowest unoccupied
molecular orbital, ionization potential, electron affin-
ity, energy gap, electronegativity, chemical potential,
etc.), have the potential to provide valuable insights that
lead to a more comprehensive understanding of AdMa-
induced genotoxicity and inflammation. A notable limi-
tation of using 3D descriptors in QSAR modeling is the
necessity for preliminary geometry optimization of the
molecular structure. This process is particularly time-
and resource-intensive, especially for large systems such
as carbon nanotubes. Consequently, 3D descriptors have
predominantly been used in modeling metal-based par-
ticles and materials.

Comparison with existing data-driven predictive models

A direct comparison with previously reported models
is challenging for a number of reasons. First, to the best
of our knowledge, no publicly available models cur-
rently exist for predicting AdMa-induced genotoxicity
and inflammation with such a broad and diverse model
domain. Second, the majority of data-driven models
reported in recent years are static, focusing on a specific
dose and exposure time. Despite the well-established
importance of dose level and exposure duration in tox-
icity studies and risk assessment, these factors are often
overlooked in QSAR modeling. As a result, the dynamic
modeling paradigm, which considers the effects of vary-
ing doses and exposure times, is not widely adopted.
Therefore, to relate our modeling results to existing
knowledge, we conducted a thorough comparative analy-
sis at the mechanistic level, with particular emphasis on
the relevance of the explanatory variables used in model
development.

The descriptors used to derive KwLPR-based models
can be classified into three categories, each correspond-
ing to a specific aspect of the particles: (1) size, shape,
and aspect ratio; (2) surface properties; and (3) reactivity
and transformation referred to as the ease of metal ion
release from particle surfaces (understood as dissolu-
tion). Among these features, the aspect ratio has emerged
as the pivotal factor driving AdMa-induced genotoxicity
and inflammation [129]. It is widely acknowledged that
materials with a high aspect ratio tend to exhibit even
higher toxicity compared to those with a low aspect ratio.
This concept has been extensively validated through
numerous studies, particularly those examining carbon
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nanotubes and asbestos fibers. For example, Jagiello et
al. [130] developed a single-descriptor QSAR model
using a consensus linear regression technique to predict
the biological event initiating the inflammation process
described by the ‘agranulocyte adhesion and diapedesis’
pathway in the lungs of mice exposed to ten MWCNTs.
In this model, the aspect ratio of MWCNTs was used as
the sole independent variable. The authors concluded
that an increase in the aspect ratio correlated with a
decrease in the lower bound of the estimated benchmark
dose for the agranulocyte adhesion and diapedesis path-
way, indicating that this pathway is activated at the lowest
doses of MWCNTs with the highest aspect ratios [130].
Le et al. [131] used quantitative computational models to
investigate the relationships between the structure and
properties of 45 ZnO NPs with diverse physicochemical
modifications—specifically different dosing types and
concentrations and surface coatings—and their biologi-
cal effects on cell viability, membrane integrity, and oxi-
dative stress. They assessed cellular damage or stress as
endpoints by measuring the responses of human umbili-
cal vein endothelial cells and human hepatocellular liver
carcinoma cells (HepG2) to ZnO NPs. Their findings
revealed that, in addition to the surface coating type and
the nature and degree of the dosing, the aspect ratio of
the particles significantly influenced the cell toxicity
induced by ZnO NPs. These results further validate the
hypothesis that high-aspect-ratio particles cause greater
cellular damage than those with a lower aspect ratio
[131]. It is well established that the small size of materials
significantly increases their specific surface area, which
is a crucial predictor of genotoxicity and lung inflamma-
tion. As previously discussed, the pulmonary responses
triggered by inhaled nanosized particles are generally
more severe than those caused by larger particles, pri-
marily due to the higher surface area-to-particle mass
ratio. Gernand and Casman [132] developed a random
forest model and a random-forest-based, dose-response
model to elucidate the relationship between carbon
nanotubes properties and pulmonary toxicity in rodents
exposed to 17 uncoated, nonfunctionalized carbon nano-
tubes. The authors’ QSAR analysis highlighted the pivotal
role of surface area in evaluating the pulmonary toxic-
ity of carbon nanotubes. Other crucial variables identi-
fied by the authors included metallic impurities, carbon
nanotubes length and diameter, and aggregate size [132].
Importantly, in the context of AdMa reactivity, an aug-
mented particle surface area amplified the potential for
ROS generation, exponentially increasing the number of
electroactive sites on the AdMa and rendering them more
susceptible to exposure [133]. Indeed, ROS generation
has been identified as a key mechanism driving the geno-
toxicity of metal oxide NPs. For example, Mesarosova
et al. [134] investigated the role of ROS formation on
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the genotoxic effects observed in A549 human lung
adenocarcinoma epithelial cells and HEL 12469 human
embryonic lung fibroblasts exposed to surface-modified
magnetite NPs. As outlined in their review, ROS-medi-
ated activity may be triggered by either iron ions released
from the particle surface or the particles themselves.
Specifically, iron ions released into the cytosol upon lyso-
somal enzymatic degradation can participate in Fenton
and Fenton-like reactions, thereby mediating the gen-
eration of hydroxyl radicals. Alternatively, ROS can be
generated through electron transfer and catalytic reac-
tions occurring at the NPs’ surface [134]. Furthermore,
a QSAR analysis by Zhang and colleagues [39] aimed
to predict the mixture toxicity of metal oxide NPs and
confirmed that the released metal cations, ROS-induced
oxidative damage, or a combination of both could be
responsible for the observed toxicity. In a separate study,
Haixia and colleagues [135] employed both in vivo and
in silico approaches to assess the potential genotoxicity
of various graphene-based materials, including graphene
quantum dots, as well as their oxidized (graphene oxide)
and unoxidized (pure graphene) forms. Through a func-
tional density theory analysis, the authors demonstrated
that graphene oxide induced ROS-mediated genotoxicity
[135].

Unleashing the potential of dynamic (dose-time-property/
response) models in computational toxicology

The dynamic modeling paradigm is becoming increas-
ingly prominent due to its capacity to harmoniously
integrate data from disparate sources, including the
intrinsic and extrinsic attributes of AdMa, experimen-
tal conditions, exposure duration and dosage, and bio-
logical responses. This approach enables the prospective
examination of multiple hypotheses, a capability that is
increasingly regarded as an asset in scientific research.
The greatest advantage of dynamic models (i.e., dose-
time-property/response models) lies in their ability to
interpolate effects across very short or different doses
and time points [136]. This advantage arises from their
capacity to provide invaluable insights into how material
hazards evolve over time and under varying experimen-
tal conditions. This is particularly relevant in the case
of extremely low doses and excessively long exposures,
where experimental measurements may be difficult or
impractical, often resulting in a lack of toxicological data.
As shown above, the administered dose and in this case,
post-exposure time may serve as key predictors in data-
driven models for assessing AdMa-induced genotoxic-
ity and inflammation. This conclusion is consistent with
the findings of previous studies on dose-response, time-
response, and dose-time-property/response models. For
example, Ha et al. [137] developed a qualitative classi-
fication model using the random forest algorithm that
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combined data from multiple individual studies on the
cellular toxicity of metal oxide NPs. The model, trained
on data from 216 publications, used 14 descriptors
encompassing physicochemical, toxicological, and quan-
tum-mechanical properties. Among the six most influ-
ential attributes of NP-induced cytotoxicity, the authors
identified the administered dose, assay type, exposure
time, and surface area of the NPs as the most significant
factors [137]. In another study, Romeo and colleagues
[138] conducted a meta-analysis using an ML approach
to examine the toxicity of graphene-related materials
(GRMs) on lung cells in vitro. The authors emphasized
the significant influence of both material properties and
experimental conditions on the intensity of the response,
specifically the viability of lung cells exposed to GRMs.
They identified four key features: GRM lateral size, num-
ber of layers, material functionalization, and dose [138].
Similarly, a QSAR analysis by Trinh and colleagues
[139], which aimed to predict the cytotoxicity of 20 dis-
tinct types of MWCNTs on human lung cells, further
confirmed the importance of exposure time and dose as
essential predictive parameters. In that study, the authors
used optimal descriptors, recorded as quasi-SMILES,
to capture the physicochemical properties and experi-
mental conditions of the MWCNTs based on 276 data
records from previously published studies. The quasi-
SMILES-based optimal descriptors included diameter,
length, surface area, the in vitro toxicity assay, cell line,
exposure time, and dose [139]. Furxhi and Murphy [140]
developed a random forest model to predict the cellular
viability induced by NPs, with a particular focus on brain
tissue. To achieve this, they considered a number of fac-
tors, including the characteristics of the NPs, the experi-
mental exposure conditions, and the in vitro parameters.
Their research focused on the curation and analysis of
data from experimental literature related to brain tis-
sue toxicity to enhance the prediction of in vitro neuro-
toxicity. Through information gain analysis, the authors
identified exposure dose, exposure duration, toxicologi-
cal assay, cell type, and zeta potential as the five most sig-
nificant factors for predicting neurotoxicity in vitro. They
also emphasized that by incorporating in vitro experi-
mental conditions—such as exposure dose, duration, and
toxicological assay—as input parameters, the resulting
model could be effectively applied to a wide range of in
vitro brain tissue exposure scenarios [140]. The results of
these studies have consistently identified exposure dose
and/or time as relevant descriptor(s), thereby supporting
our hypothesis regarding the significance of these fea-
tures in AdMa-induced genotoxicity and inflammation.
By simultaneously modeling concentration and exposure
time, the KwLPR-based models presented here estimated
response as a function of material properties, exposure
dose, and time rather than fitting separate models for
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each concentration and time point. These findings fur-
ther underscore the necessity for the comprehensive
characterization and documentation of both materials
and experimental conditions.

Conclusions

We successfully developed data-driven dynamic models
capable of predicting in vivo genotoxicity and inflam-
mation across various exposure doses, time points, and
broad applicability domains. The resulting KwLPR-based
models demonstrated strong predictive performance
and fully complied with all OECD principles for QSAR
model acceptance, as confirmed by rigorous internal
cross-validation and external validation. The analysis of
dose-time-property/response models, which also incor-
porated material characteristics, revealed the mecha-
nisms of AdMa-induced in vivo genotoxicity in BAL fluid
cells, lung and liver tissue, and neutrophil influx in mice
that align with the current state of the art. In addition to
experimental conditions such as exposure dose and dura-
tion, other factors, including aspect ratio, shape, surface
area, ROS generation, and the propensity for metal ion
release from particle surfaces, were identified as critical
determinants of AdMa-induced genotoxicity and inflam-
mation. The dose-time-property/response modeling
paradigm was found to be an effective approach for pre-
dicting in vivo genotoxicity and inflammation, offering
a robust tool for the risk assessment of morphologically
diverse AdMa. With this research, we hope to take a step
toward unleashing the potential of experimental condi-
tions, such as exposure dose, duration, and/or others, as
key predictive input parameters. We view this method-
ology as a promising tool for the hazard assessment of
AdMa.
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