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Multimodal feature fusion machine learning
for predicting chronic injury induced by
engineered nanomaterials

Yang Huang 1,2,7, Jiayu Cao3,7, Xuehua Li 1 , Qing Yang3, Qianqian Xie4,
Xi Liu4, XiaomingCai 3 , JingwenChen 1, HuixiaoHong 5&Ruibin Li 4,6

Concerns regarding chronic injuries (e.g., fibrosis and carcinogenesis) induced
by nanoparticles raised public health concerns and need to be rapidly assessed
in hazard identification. Although in silico analysis is commonly used for risk
assessment of chemicals, predicting chronic in vivo nanotoxicity remains
challenging due to the intricate interactions at multiple interfaces like nano-
biofluids and nano-subcellular organelles. Herein, we develop a multimodal
feature fusion analysis framework to predict the fibrogenic potential of metal
oxide nanoparticles (MeONPs) in female mice. Treating each nano-bio inter-
face as an independent entity, eighty-seven features derived fromMeONP-lung
interactions are used to develop a machine learning-based predictive frame-
work for lung fibrosis.We identify cell damage and cytokine (IL-1β and TGF-β1)
production in macrophages and epithelial cells as key events closely asso-
ciated with particle size, surface charge, and lysosome interactions. Experi-
mental validations show that the developed in silico model has 85% accuracy.
Our findings demonstrate the potential usefulness of this predictivemodel for
risk assessment of nanomaterials and in assisting regulatory decision-making.
While the model is developed based on 52 MeONPs, further validation using a
larger nanoparticle library is necessary to confirm its broader applicability.

More than 10,000 nanoproducts have been produced and used in
various industries worldwide1. During the lifecycle of some nanopro-
ducts, nanoparticlesmay be released to formaerosols and travel in the
air2. Inhalation is the major exposure route for airborne nanoparticles
and can cause respiratory injury in mammals3,4. While certain engi-
neered nanomaterials (ENMs) such as ZnO, CuO, Au, and Ag may
produce acute lung inflammation via reactive oxygen species (ROS)
generation5,6, inflammasome activation7–9, or pro-inflammatory cyto-
kine release5,7,8,10, other ENMs such as carbon nanotubes and metal
oxidesmay induce chronic respiratory toxicity such as lung fibrosis11–15

and carcinogenesis16–18, which are permanent and irreversible lung
injuries. The chronic adverse outcomes of ENMs have raised sub-
stantial product safety concerns and led to strict regulatory require-
ments for utilizing nanotechnology. For instance, carbon nanotubes
have been added to the Substitute It Now (SIN) list due to their car-
cinogenic potential19.While it is important to note that the SIN list itself
lacks regulatory status, chemicals listed therein are frequently identi-
fied by the European Chemicals Agency for potential use restrictions.
Given the rapid growth in the number of ENMs and their potential to
form diverse nanoforms with variations in size, shape, surface
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chemistry, crystallinity, andother attributes, a large number of animals
would need to be sacrificed to adequately assess the risk of these
nanoforms. It was estimated that the in vivo toxicity assessment of the
first generation of ENMs in commercial use may take up to 50 years
and cost billions of dollars20. To address this challenge, in silico pre-
dictive models have been developed to reduce experimental costs.

In recent years, there have been several attempts to predict the
in vitro toxicity of nanoparticles10,21–29. ENM-induced cytotoxicity,
including cell death and inflammatory effects, is often caused by a
molecular initiating event (MIE) that is highly dependent on the phy-
sicochemical properties of ENMs10,24,25,27. To establish in silico models,
physicochemical properties have been extensively exploited to iden-
tify predictive features. For instance, Labouta et al. found that the
cytotoxicity of ENMs could be primarily predicted based on their
material chemistry, followed by nanoparticle size and concentration,
cell type, and cytotoxicity biomerkers24. The surface chemistry, lipo-
philicity, zeta potential, shape, and size of ENMs also impact their
uptake and toxicology behaviors30,31. In addition, in silico analysis has
been widely used to explore the quantitative structure-activity rela-
tionships (QSAR) of ENMs in various cell types, such as human lung
cells26,32, RAW 264.7 cells23,33, human keratinous cells (HaCaT)34, THP-1
cells10, HepRG cells35,36, and Escherichia coli37,38 for hazard ranking.
However, there is no reliable model to predict the chronic respiratory
toxicity of ENMs in vivo, such as lung fibrosis. The adverse outcome
pathway (AOP) leading to lung fibrosis is characterized by complex
interactions among toxicants, immune cells, epithelial cells, and
fibroblasts39,40. These intricate interactions initiate a cascade of key
events that play a pivotal role in the development of lung fibrosis.
These events include alterations in lung components, heightened
secretion of pro-inflammatory mediators, the influx of inflammatory
cells, compromised integrity of the alveolar-capillary membrane,
activation of Th2 cells, intensified fibroblast proliferation, and
increased collagen deposition. The prediction of chronic toxicity is a
major challenge in nanotoxicity studies, as it involves multiple
sequential nano-bio interactions that cannot be entirely mirrored at
one specific nano-bio interface. Taking lung fibrosis as an example, its
pathogenic progress involves the interactions of nanoparticles with
lung lining fluids (LLF), macrophage, and epithelial cells, as well as
subcellular organelles such as the plasma membrane, lysosome,
mitochondria, and cytoplasmic components.

Herein, we aimed to establish a predictive framework for pul-
monary fibrosis induced by metal oxide nanoparticles (MeONPs).
Based on the biological fate of MeONPs in the lungs, we prepared a
library of 52MeONPs and collected the potential predictive features at
multiple interfaces between MeONPs and biological contexts such as
membranes, lysosomes, mitochondria, and other cytoplasmic com-
ponents (Fig. 1A). We acquired a total of 87 multimodal features and
two fibrogenic indexes, which were then subjected to machine learn-
ingmodeling. To construct predictive frameworks, we employed eight
distinct machine learning algorithms: random forest, locally weighted
learning, C4.5 decision tree, k-nearest neighbor, support vector
machine, Bayesnet, decision table, and logistic regression. We thor-
oughly evaluated performance of the developed predictive models
using overall predictive accuracy (ACC), Matthews correlation coeffi-
cient (MCC), sensitivity (SE), specificity (SP), area under the receiver
operating characteristic curve (AUC), and F1 score. The random forest
(RF) model performed the best and was further experimentally vali-
dated by five MeONPs. Our study presents the in silico framework for
decoding the in chemico and in vitro to in vivo extrapolation of ENM-
induced lung fibrosis.

Results
Construction of a multimodal database
A high-quality database is essential for building reliable predictive
models and identifying key events involved in the pathogenic process

of lung fibrosis41. However, there is a lack of such a database to define
the behaviors of MeONPs and their biological effects at multiple nano-
bio interfaces. Therefore, we constructed a reliable database of 52
MeONPs by characterizing their physicochemical properties, examin-
ing their interactions with biological fluids and subcellular organelles,
and assessing their fibrogenic effects in mouse lungs by detecting
collagen deposition in lung tissues and TGF-β1 release in bronch-
oalveolar lavage fluid (BALF).

The selection of these 52MeONPs was driven by the aim to create
a dataset that is both diverse and relevant, thereby contributing
meaningfully to the development of a predictive framework for
MeONP-induced pulmonary fibrosis. Firstly, we endeavored to estab-
lish a diverse MeONP library, encompassing various chemical com-
positions, sizes, surface charges, and shapes. This diversity is pivotal
for acquiring a satisfactory dataset size, allowing the construction of a
predictive model applicable to a broad spectrum of MeONPs. Sec-
ondly, guided by insights from literature reports, we intentionally
included some MeONPs with known fibrogenic (such as TiO2

42, NiO43,
and CuO44) and non-fibrogenic (such as CeO2

45 and Fe2O3
46) char-

acteristics. This deliberate selection ensures that our dataset not only
captures diversity but also aligns with the current understanding of
nanotoxicity in the field. Lastly, we carefully considered the feasibility
of obtaining the desired MeONPs, weighing options such as commer-
cial sources, in-house synthesis, or donations. For detailed information
on the sources and characterization data of the 52 MeONPs, please
refer to Supplementary Data 1.

Nano-bio interactions occur mainly in the pulmonary alveoli,
which consist of LLF, macrophages, and epithelial cells. Initially,
inhaled MeONPs may interact with the LLF, altering their surface
chemistry and dispersion states and dissolving to release metal ions.
We therefore examined the behavior of MeONPs in simulated lung
fluid (SLF) (Supplementary Data 1). Then, the MeONPs may interact
with lung cells. We specifically chose macrophages (THP-1) and bron-
chial epithelial cells (BEAS-2B) for incubation with MeONPs. This
selection is rooted in the pivotal roles these cells play in the initiation
and progression of lung fibrosis47, where they release signal molecules
that foster inflammation and fibroblast proliferation.

To visualize the intracellular path of MeONPs, we randomly selec-
ted ten MeONPs, including α-Al2O3, TiO2-1, La2O3, MnO2-1, Co3O4-3,
InO2-1, CeO2-2, and Nd2O3, Bi2O3, and Fe2O3, which were conjugated
with fluorescein isothiocyanate (FITC) for fluorescence microscopy
imaging. As shown in Fig. 1B and Fig. S1, the labeled MeONPs showed a
time-dependent cascaded distribution pattern from the extracellular
matrix into the membrane, lysosome, and cytoplasm. At 8–16 h, the
MeONPs overlapped nicely with lysosomes (Fig. 1C). Although the cel-
lular imaging results were not directly incorporated into the construc-
tion of any predictivemodels, these outcomes provided crucial insights
for defining key nano-bio interfaces, enhancing our understanding of
MeONP interactions within cellular environments.

Considering the acidic and enzymatic traits of lysosomes, we also
examined the dissolution of MeONPs in phagolysosomal simulated
fluid (PSF) (Supplementary Data 1). Based on the distribution features
of MeONPs, we examined the impacts of MeONPs on the cell mem-
brane, lysosome,mitochondria activity, energyproduction, and redox-
homeostasis by detecting lactate dehydrogenase (LDH) leakage, lyso-
somal pH change, nicotinamide adenine dinucleotide hydride (NADH)
content, adenosine triphosphate (ATP) level, and ROS generation,
respectively.

These interactions of MeONPs with cells may lead to cytokine
release and affect cell‒cell communications such as the recruitment of
immune cells and proliferation of profibrogenic cells. We measured
the release of pro-inflammatory cytokines (TNF-α, IL-1β, IL-2, IL-6, and
MCP-1) by THP-1 cells and growth factor (TGF-β1) by BEAS-2B cells. For
a snapshot view of the results, the measured levels of descriptors in
cells incubated with 0–200μg/mL MeONPs were ranked into three
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levels, leading to a visual display where high, moderate, and negligible
effects are represented by red, yellow and blue colors, respectively.
Figure 2A and Fig. S2 show the effects of ten representativeMeONPs in
THP-1 and BEAS-2B cells, respectively, while the others are listed in
Supplementary Data 3. Fifteen branch events were quantitatively
measured for the 52MeONPs at five different exposure concentrations
(12.5, 25, 50, 100, 200μg/mL), resulting in 75 input parameters (Sup-
plementary Data 3). Additionally, four descriptors were collected from
the interactions between MeONPs and two biological media (SLF and
PSF), and eight descriptors were acquired from the periodic table
(Supplementary Data 1). These data allowed us to establish a multi-
modal database consisting of 87 input parameters in total (Table 1). As
MeONPs were dispersed in cell culture media, protein coronas could
potentially form on their surface. This phenomenon resulted in mini-
mal interference fromMeONPs themselves on thebioanalytical results,
with relative errors consistently below 5% (Supplementary Data 2),
suggesting high accuracy of the detected in vitro parameters.

Mice were exposed to the 52 MeONPs via oropharyngeal aspira-
tion to collect toxicological endpoints in vivo to assess their fibrogenic
effects. Figure 2B illustrates the workflow of the animal experiments.
The animals were subjected to three exposures toMeONP suspensions
during the first 3 weeks and were sacrificed on day 90 to collect BALF
and lung tissues for further examination, adhering to the subchronic
inhalation toxicity study guideline recommended by the Organization
for Economic Co-operation and Development (OECD)48.

In the pathogenic process of lung fibrosis, active TGF-β1 plays a
critical role in promoting fibroblast proliferation to secrete collagens.
We, therefore, quantified the release of active TGF-β1 in BALF by ELISA
and visualized collagen deposition by Masson’s trichrome staining of
lung sections. Collagen staining images acquired from 203 whole slide
images of lung sections were assessed by the Ashcroft score, a widely
used index to rank pulmonary fibrosis (Fig. 2C). Figure 2D shows the
expression levels of TGF-β1 in BALF and the Ashcroft score of mouse
lungs exposed to ten representative MeONPs. The fold change of TGF-
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Fig. 1 | Interfaces of nano-bio interactions in the lungs. A Schematic workflow of
multimodal feature fusion (MFF) modeling. The figure depicts the travel path of
nanoparticles in lungs where inhaled nanoparticles may deposit in alveoli and
interact withmacrophages and epithelial cells, leading to injury of various cellular
components such as cell membranes, lysosomes, mitochondria, and other cel-
lular components. Descriptive features at these nano-bio interfaces and fibro-
genic indexes in vivo were collected to develop predictive models using machine
learningmethods. The established in silico model was further validated by animal

tests. The cell and tissue elements were adapted and modified from figures
provided by Servier Medical Art, licensed under a Creative Commons Attribution
4.0 Unported License (https://creativecommons.org/licenses/by/4.0/).
BConfocal andC TEM imaging ofMeONPs in cells. THP-1 cells exposed to 12.5 μg/
mL FITC-labeled or pristine MeONPs were collected. The fixed cells were stained
with DAPI (blue) and Alexa Fluor™ 594 conjugated withWGA/anti-LAMP1 (red) for
confocal imaging. Scale bar = 15 µm. Arrow and L indicate the MeONP and lyso-
some, respectively.
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β1 (FCTGF-β1) and collagen staining images of the 52MeONPs are shown
in Supplementary Data 4 and Fig. S3, respectively.

Among the 52 tested MeONPs, 23 (Fe2O3-4, TiO2-r-1, TiO2-r-2,
TiO2-a-1, TiO2-a-2, TiO2-a-3, α-Al2O3, γ-Al2O3-1, γ-Al2O3-2, Dy2O3, NiO-1,
In2O3-1, In2O3-2, Tm2O3, Tb2O3, Bi2O3, Sm2O3, Y2O3, Yb2O3, Sb2O3,
SnO2, CuO-3 and ZnO-1) consistently induced high levels of TGF-β1

with FCTGF-β1 ≥2 and significant collagen deposition, 11 (CeO2-2, α-
MnO2-1, CuO-2, CuO-4, NiO-2, MgO,MoO3, ZnO-2, ZnO-3, Fe2O3-2 and
Fe2O3-3) had a moderate effect, and 18 (CeO2-1, CeO2-3, Co3O4-1,
Co3O4-2, Co3O4-3, Co3O4-4, Co3O4-5, α-MnO2-2, α-MnO2-3, Eu2O3-1,
Eu2O3-2, Cr2O3, Gd2O3, Nd2O3, Er2O3, La2O3, CuO-1, and Fe2O3-1)
showed similar levels of cytokine release and collagens to the vehicle
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Fig. 2 | Effects of representative MeONPs in cells and mouse lungs. A Heatmap
displaying the impacts of 10 representativeMeONPs on THP-1 and BEAS-2B cells by
detecting LDH leakage, ROS generation, NADH content, lysosomal pH change, ATP
production, and cytokine release. THP-1 cells were exposed to 0, 12.5, 25, 50, 100,
and 200μg/mL MeONPs for 24h, followed by LDH and cytokine measurement in
supernatants and ROS, NADH, ATP, and lysosomal pH detection in cells. BEAS-2B
cellswereexposed to0, 12.5, 25, 50, 100, and200μg/mLMeONPs for 24 h, followed
by TGF-β1 detection in cells. The values of these descriptors in MeONP treatments
were compared with control cells. The resulting ratios were expressed as fold

changes (FCs) in the heatmap. B Schematic illustration of MeONP instillation in
mice. Mice were oropharyngeally administered with 50 µL PBS (vehicle control),
2mg/kg MeONPs, and quarts (positive control) three times a week. The animals
were sacrificedonday 90 to collect BALF and lung tissues for further examinations.
C Masson’s trichrome staining of lung tissues exposed to representative MeONPs.
Scale bar = 50 µm. D TGF-β1 release in BALFs and Ashcroft score of stained lung
sections. Data were presented as means ± SD. BALFs were collected to measure
TGF-β1 by ELISA (n = 4). *p <0.05, **p <0.01, and ***p <0.001 compared to the
vehicle control by one-way ANOVA. Source data are provided as a Source Data file.
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control. Notably, four MeONPs had differing effects on TGF-β1 and
collagen deposition: MgO, MoO3, ZnO-2, and ZnO-3 induced high
TGF-β1 release, but had little effect on collagen deposition with an
Ashcroft score <2.

Among all tested MeONPs, we identified six sets of similar nano-
forms, consisting of threefibrogenic groups (Al2O3, In2O3, and TiO2) and
three non-fibrogenic groups (CeO2, Eu2O3, and Co3O4). The parameter
boundaries defining these nanoforms are presented in Supplementary
Data 6. The recognition of these similar nanoforms could significantly
simplify thefibrogenic risk assessmentofotherAl2O3, In2O3, TiO2, Eu2O3,
CeO2, and Co3O4-based nanoforms falling within these parameter
boundaries, potentially eliminating the need for additional biological
assessments for fibrogenic potentials by read-across strategies49.

A correlation analysis with 12 conventional in chemico descriptors
(in Table 1) did not reveal straightforward relationships between
observed fibrogenic effects and these traditional descriptors. This
outcome emphasizes the intricate nature of nano-bio interactions,
suggesting that the variations in MeONP-induced pulmonary fibrosis
cannot be solely attributed to commonly considered physicochemical
properties. In light of this complexity, it is imperative to explore
additional, perhaps more nuanced, physicochemical properties of
MeONPs that might play a crucial role in influencing their biological
effects. This perspective underscores the need for a comprehensive
understanding of the multifaceted factors contributing to MeONP-
induced pulmonary fibrosis.

A fibrogenic tag was assigned to an animal when FCTGF-β1 ≥2 or
Ashcroft score ≥2, while a non-fibrogenic tag was assigned otherwise
(Fig. S4). This labeling system resulted in an assemblyof fibrogenic and
non-fibrogenic tags, collectively termed in vivo datapoints. A data-
point is consistently represented as each individualmouse. In contrast,
input parameters/descriptors are comprised of specific values
obtained from either the periodic table or bioanalytic assays. Given
that each MeONP was tested in four mice, theoretically, 208 mice
across 52 MeONP treatments should yield 208 in vivo datapoints.
However, five animals in the Co3O4-1 (training set), Co3O4-2 (training
set), Eu2O3-2 (training set), Gd2O3 (training set), and Co3O4-3 (test set)
treatments were excluded due to antibiotic administration to treat
wounds resulting from conflicts with other mice. Consequently,
among the 203 remaining in vivo datapoints, 126 were identified as
fibrogenic and 77 were non-fibrogenic (Supplementary Data 5). The
ratio of fibrogenic to non-fibrogenicMeONP was 1.6:1. For each in vivo
datapoint, there were 87 associated input parameters for multimodal
feature fusion (MFF) analysis.

Machine learning modeling in the MFF predictive framework
Given the complexity of the 15 branched events involved in the inter-
actions of MeONPs with membrane, lysosome, mitochondria, redox-
homeostasis, and cell-cell communication signals (Table 1), machine
learningmethods were selected to establish the predictive framework.
An MFF predictive framework driven by machine learning was pro-
posed to identify meaningful patterns between heterogeneous multi-
dimensional events and lung fibrosis in animals. To identify a suitable
machine learning algorithm for the database, models were developed
and evaluated using eight algorithms, including random forest (RF),
locally weighted learning (LWL), C4.5 decision tree (DTr), k-nearest
neighbor (k-NN), support vector machine (SVM), Bayesnet, decision
table (DTa), and logistic regression (LGR). The dataset was randomly
split into a training set containing 156 data points of 40MeONPs and a
test set consisting of 47 data points generated from 12 MeONPs. The
training setwas further randomly split ten times to acquire the average
performance, known as tenfold cross-validation. The six performance
metrics values of the eight machine learning algorithms in the tenfold
cross-validationon the training set and in the external validationon the
test set are plotted in Fig. 3. Their detailed performances (ACC, MCC,
SE, SP, AUC, and F1 values) of the eight algorithms are provided in
Supplementary Data 7. The formulaeof the indexes (ACC,MCC, SE, SP,
AUC, and F1 values) are listed in the supporting information. Among all
models, the RF model had the best performance, with a strong
robustness (ACC= 89% and AUC=94% in the tenfold cross-validation)
and a high predictive accuracy (ACC = 84% and AUC= 85% in the
external validation). The models developed with DTr, SVM, and
Bayesnet also exhibited a satisfactory performance, with ACC values of
85–90% in the tenfold cross-validations and 74–76% in the external
validations. Their AUC values ranged from 84 to 90% in the cross-
validations and 61 to 79% in the external validations. However, the
remaining four classifiers showed poor performance in the external
validations. The ACC values were below 70% for k-NN, DT, and LGR
models, and the AUC for the LWL model was less than 40%. Based on
these results, RF was selected as the optimal algorithm for the MFF
predictive framework. Thus, the RF model was further validated by
animal tests.

The number of data points used for training and testing the pre-
dictive models is relatively small compared to some modeling studies
on chemicals. However, there is not much room for expanding the
number of MeONPs used in modeling because of the restrictions on
MeONP sources. Compared to the reported modeling studies with
17–30 nanoparticles10,37,38, the dataset built here is the largest to our
best knowledge. We believe that with the increase in the synthesis of
newMeONPs and the amount of toxicity data, the performance of the
model will be further improved in the future.

Table 1 | Multimodality input parameters

Type Descriptors Number

Periodic parameters Molecular weight 1

Electronegativity of
metal atom

1

Metal atom number 1

Oxygen atom number 1

Cation charge 1

Periodic number of
metal atom

1

Group number ofmetal atom 1

Atomic ratio of metal and
oxygen

1

Physicochemical properties in
biological fluids

Hydrodynamic size 1

Zeta potential 1

Dissolution in PSF 1

Dissolution in SLF 1

MeONP-membrane interaction LDH release in THP-1 cells 5

LDH release in BEAS-2B cells 5

MeONP-lysosome interaction pH changes in lysosomes 5

Impact on mitochondria activity NADH level in THP-1 cells 5

NADH level in BEAS-2B cells 5

ATP level in THP-1 cells 5

ATP level in BEAS-2B cells 5

Impact on redox-homeostasis ROSgeneration in THP-1 cells 5

ROS generation in BEAS-
2B cells

5

Impact on cell‒cell
communications

TNF-α release in THP-1 cells 5

IL-1β release in THP-1 cells 5

IL-2 release in THP-1 cells 5

IL-6 release in THP-1 cells 5

MCP-1 release in THP-1 cells 5

TGF-β1 release in BEAS-
2B cells

5

Total descriptors 87

Article https://doi.org/10.1038/s41467-025-58016-w

Nature Communications |         (2025) 16:2765 5

www.nature.com/naturecommunications


Experimental validation of the MFF predictive model
Five newMeONPs (Ho2O3, Pr6O11, Co3O4, ZrO2, and CuO) not included
in the training or test sets were selected for validation (n = 4 for each
MeONP). These selectedMeONPswere administered to 20mice for 90
days, and the extent offibrosiswasdeterminedbymeasuringTGF-β1 in
BALF (Fig. S5A) and collagen deposition in lung tissues (Fig. S5B). The
resulting 20 datapoints (positive/negative ratio = 1:1.86) from the ani-
mal testswere then compared to the predictions generatedby theMFF
models (Supplementary Data 8). A datapoint consistently represents a
fibrogenic ranking tag from each individual mouse. The models
exhibitedhighpredictive accuracy for this independentdataset of lung
fibrosis, achieving an ACC of 85% and AUC of 98%. As shown in Fig. 4A,
17 out of the 20 datapoints were accurately predicted, primarily for
Ho2O3, Pr6O11, Co3O4, and ZrO2. The remaining three datapoints gen-
erated fromCuOwere correctlypredicted in termsof collagen staining
but not TGF-β1 levels.

We further assessed the applicability domain and diversity of the
validated MEF model. These two characteristics are crucial for ensur-
ing the inclusion of representative data and defining the range within
which the proposed framework can be reliably applied for new
MeONPs. To characterize the applicability domain, we employed a
descriptor standardization approach, which encompassed all 223
datapoints from the training set (156), test set (47), and experimental
validation set (20) (Supplementary Data 9). The descriptors were
normalized according to a reported descriptor standardization
approach50. Taking IL-1β as an example, the normalization process

involves two steps. First, the average (Avr) and standarddeviation (SD)
of IL-1β for all tested MeONPs were calculated. Then, the normalized
value was calculated using the formula:

Normalized IL� 1β =
X� Avr

SD

�
�
�
�

�
�
�
�

ð1Þ

where X is the IL-1β value for a specific MeONP at a certain
concentration. Overall, seven descriptors, including IL-1β, NADH in
macrophages, TGF-β1, dissolution in PSF, zeta potential, hydrody-
namic size, and NADH in epithelial cells, were normalized.

We generated a similarity network of the 223 datapoints and their
seven descriptors using Gephi software (V 0.9). The data were pre-
sented as nodes and colored according to the chemical composition of
MeONPs. We used the size of the circle to represent the fibrosis level
(release of TGF-β1) in the lung. The thickness of the lines reflected the
strength of the correlations between nodes calculated based on their
seven descriptors. Frequent and sparse connections indicated high
and low homogeneity of the data in descriptor space consists of in
vitro and in chemico parameters, respectively. Notably, the descriptor
space of MeONPs exhibited significant heterogeneity, with datapoints
scattered widely.

Mechanism interpretation
We attempted to interpret the mechanism by analyzing the key bio-
logical events associated withMeONP-induced lung fibrosis. A Shapley
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Additive Explanation plot (SHAP) plot was used to identify the features
that exert significant influence. Figure 5A illustrates the SHAP summary
plot, where each dot represents individual data in the dataset. The
horizontal position of the dots on the x-axis indicates the impact of the
corresponding feature values on the model’s predictions. The top
seven features that exert the greatest influence on the model’s pre-
dictions are IL-1β, NADH in macrophages, TGF-β1, dissolution in PSF,
zeta potential, hydrodynamic size, and NADH in epithelial cells.
Notably, IL-1β emerges as the most critical descriptor, contributing
27.8% to the overall feature importance, followed by NADH in THP-1 at
17.6%. The remaining five descriptors accounted for 54.5% of the fea-
ture importance (Fig. 5B).

Based on the results of the SHAP analysis, we sought to elucidate
the mechanisms underlying MeONP-induced lung fibrosis. As illu-
strated in Fig. 5C, the mucociliary escalator efficiently clears large
MeONP agglomerates from the airways. However, smaller particles,
particularly cationic ones, can penetrate the LLF, interacting with

macrophages or epithelial cells and subsequently entering lysosomes
for decomposition. Subsequently, the released metal ions or escaped
MeONPs can interact with mitochondria, disrupting cellular metabo-
lism and eliciting ROS, leading to the activation of IL-1β and TGF-β1.
These cytokines, in turn, promote the recruitment of immune cells,
proliferation of fibroblasts, and deposition of collagen, culminating in
the development of pulmonaryfibrogenesis. Notably, these key events
have been well documented in the literature regarding fibrosis
pathology and the pulmonary behavior of nanoparticles25,51.

We conducted additional experiments to validate the interpreted
mechanisms, focusing particularly on the top two contributing factors
identified by SHAP values: IL-1β and TGF-β1.To elucidate the impact of
these factors, we implemented a coculture system involving THP-1,
BEAS-2B, and Wi-38/VA-13 cells, representing essential cellular com-
ponents in the progression of lung fibrosis (Fig. 6A).α-Al2O3, identified
as significant inducers of lung fibrosis in animalmodels, was incubated
in this system. As a point of comparison, a non-fibrogenic MeONP
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(Fe2O3-1) and a conventional fibrogenic material (Quartz) were inclu-
ded. Within this coculture system, we measured fibroblast prolifera-
tion. Figure 6B demonstrates that α-Al2O3 induced substantial
increases in the metabolic viability of fibroblasts, similar to the effect
of Quartz, while Fe2O3-1 had a minimal effect. Newborn cell staining
images indicate that the α-Al2O3-induced fibroblast viability increase
couldbe attributed to the rise in the number of newborn cells (Fig. 6C).

To further validate the roles of IL-1β and TGF-β1 in the fibrosis
progression, we employed siRNA against IL-1β (siIL-1β) and TGF-β1
(siTGF-β1) to establish THP-1KD and BEAS-2BKD cells, respectively.
Remarkably, the introduction of THP-1KD or BEAS-2BKD cells sig-
nificantly attenuated α-Al2O3 induced fibroblast proliferation. These
experimental results provide concrete evidence supporting our initial
findings regarding the crucial roles of IL-1β and TGF-β1 in MeONP-
induced lung fibrosis. These results enhance the robustness and
validity of our mechanistic interpretations.

While we used TGF-β1 in BALF and Ashcroft scores of histology
images in this study due to the limited availability of reliable non-
animal classifiers for lung fibrosis, we acknowledge the importance of
exploring non-animal alternatives for classification, aligning with the
principles of the 3Rs (Replacement, Reduction, Refinement) in animal
testing. In our research, the in silico model was constructed using a
combination of in chemico and in vitro data, showcasing a step toward
non-animal methods for predictive modeling. As the number of ENMs
continues to expand, it is crucial to evaluate their potential profibro-
genic risks before exposure to the environment. MFF has demon-
strated high predictive accuracy in assessing the fibrogenic risk of
MeONPs. To improve the practicality of the MFF model, it was trans-
formed into a software named “Nano-induced lung fibrosis prediction”
(NILFP v 1.0.0) with a simplified user interface. It is available for non-
commercial use at GitHub (https://github.com/huangyang2023/
NILFPv1.0.0). NILFP can be used for fibrogenic risk assessment of
untested MeONPs, MeONP-based nanoproducts, and beyond by using
three in chemico descriptors (hydrodynamic size, zeta potential, and
dissolution degree in PSF) and four in vitro descriptors, including IL-1β
in supernatants of THP-1 cells exposed to 12.5 μg/mLMeONPs, viability
of THP-1 cells exposed to 200 μg/mL MeONPs, and viability and
secreted TGF-β1 in BEAS-2B cells exposed to 25μg/mL MeONPs
(Fig. S6). The robust predictive capability of our in silico model can be
attributed to: (i) the careful selection of critical nano-bio interactions
based on the biological fate of MeONPs in the lungs; (ii) the use of
relevant cell models tailored to study lung fibrosis; (iii) the integration
of in chemico and in vitro data, providing a comprehensive repre-
sentation of the dynamics underlying lung fibrosis.

Within the complex milieu of LLF, composed of various lung
surfactants and proteins, a surface corona may form on the particle
surface, influencing their biological fate upon MeONP penetration
through the LLF52,53. While pre-coating nanoparticles with LLF could
better align with the travel path of MeONPs, the practical imple-
mentation of this is challenging. This challenge arises from the lack of
convincing techniques for collecting natural LLF in vivo or creating
artificial fluids that faithfully replicate the composition of natural LLF.
In our study, MeONPs were dispersed in cell culture media to form a
protein corona. However, upon entry into cell lysosomes, the acidic
and enzymatic environment of lysosomal fluids may accelerate the
degradation of surface corona and the dissolution of MeONPs.

Given thewidespreaduseofMeONPs for various applications such
as coloring, bacterial killing, and coating in industries and daily life, the
potential inhalation exposure to fine particulates ofmetal oxides poses
significant risks. Airborne concentrations of MeONPs have been
reported to reach notable levels in the workroom and ambient air. For
example, airborne TiO2, Fe2O3, and Al2O3 have been measured at 7.654,
1.955, and 1.4mg/m3 56, respectively. Employing a calculation approach
recommended by NIOSH51,57, it is estimated that continuous exposure
of workers to 7.6mg/m3 MeONPs for 8 h a day over 10 months and 5

years could result in a lung burden high up to 1.9mg/m2. NIOSH cal-
culation indicates that a bolus exposure of 1mg/kg in a mouse is
equivalent to 0.5mg/m2 of nanoparticle exposure in mouse lungs.
Oropharyngeal aspiration of 2mg/kg MeONPs in mice, as employed in
our in vivo experiments, is therefore comparable to potential occu-
pational exposure scenarios. Moreover, we attempted to mirror these
conditions in our in vitro assays. Assuming a homogeneous distribu-
tion ofMeONPs in a tissue culture dish and a 10-μmthickness of the cell
layer, the corresponding in vitro doses used in this study should be less
than 200μg/mL. We deliberately selected a wide in vitro dose range
from 12.5 to 200μg/mL because this range allows us to acquire more
input descriptors, facilitating the identification of predictive indexes at
specific MeONP doses.
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Bigdata analysis prefers a large set of data points. This contributes
to the increased model robustness, improved generalization to new
data, and an enhanced ability to capture complex patterns and inter-
actions within the data. Larger datasets can also reduce the risk of
overfitting, leading to more accurate and reliable predictions. We
acknowledge that the number of data points (203) for 52 MeONPs is
relatively small compared to somemachine learningmodels applied to
conventional chemical molecules58–60. However, there is limited room
for expanding the animal datapoint number under current research
conditions due to the absence of reliable sources to collect more
MeONPs and the ethical restrictions for the overuse of animals in each
treatment. Despite these limitations, our predictive model demon-
strates good robustness and reliability because of the use of high-
quality data acquired from strictly controlled experiments with con-
sistent experimental protocols. In addition, we employed tenfold
cross-validations and external validation in data analysis to ensure the
robustness and predictive accuracy of our model.

Our study presents a reliable in silico model for predicting the
fibrogenic potential of ENMs through the construction of an MFF
predictive framework. The MEF model achieved high accuracy (>85%)
in predicting MeONP-induced lung fibrosis, making it a valuable tool
for risk assessment. The developed model was applicable to different
MeONPs. Our machine learning analysis revealed seven key descrip-
tors, comprising three in chemico descriptors (dissolution in PSF, zeta
potential, and hydrodynamic size) and four in vitro descriptors (IL-1β,
NADH in macrophages, TGF-β1, and NADH in epithelial cells). These
descriptors enabled the prediction of ENM-induced lung fibrosis by
combining abiotic characterization and in vitro assays, thereby

obviating the need for animal experiments. The established predictive
framework may serve as an initial paradigm for the identification of
fibrogenic nanomaterials, facilitating their further grouping through
read-across strategies. Overall, our research provides a cost-effective,
time-efficient, and mechanism-driven alternative to the current prac-
tice of chronic nanotoxicity assessment in animals.

Methods
Ethics
All animal experiments were approved by the Ethics Committee of
Soochow University (Approval NO. 202108A0167). Animals were
housed in groups of four under standard laboratory conditions (25 °C;
60% relative humidity; 12 h light, 12 h dark cycle) and hygiene status
(autoclaved food and acidified water) according to Soochow Uni-
versity guidelines for the care and treatment of laboratory animals.

Materials
MTS and ATP assay kits were obtained from Promega (Madison, WI,
USA). H2DCF-DA, Fetal bovine serum (FBS), penicillin, and strepto-
mycin were obtained from Thermo Fisher Scientific (Grand Island, NY,
USA). RPMI 1640 medium was purchased from Corning (Steuben, NY,
USA). Bronchial epithelial cell medium was purchased from ScienCell
(San Diego, CA, USA). ELISA kits for detection of IL-1β, IL-2, IL-6, IL-12,
and TNF-αwere fromBDbiosciences (San Jose, CA, USA). ELISA kits for
the detection of TGF-β1 came from RD biotechne (MN, USA). LDH
assay kits were obtained from Leagene (Beijing, China). LysoSensor™
Yellow/Blue DND-160 was purchased from Yeasen Ltd. (Shanghai,
China). 4% paraformaldehyde was obtained from Biosharp (Anhui,
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outer area of the Oxford ring in the lower chamber at 3 × 104 cells/well. Wi-38/VA-13
cells were seeded in the upper chamber of transwell plates at 2 × 103 cells/well. The
cells were exposed to 50μg/mL MeONPs or 12.5μg/mL quartz for 24 h. Subse-
quently, the proliferation of Wi-38/VA-13 cells was examined using the MTS assay
andnewborncell imaging. Scale bar = 200 µm.The cell viability results are shown as
means ± SD. *p <0.05 compared to Ctrl, #p <0.05, ##p <0.01 compared to Wild-
type cells by two-tailed Student t-test. Source data are provided as a Source
Data file.
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China). Al2O3, TiO2, ZnO, NiO, In2O3, Bi2O3, ZrO2, MoO3, SnO2, MgO,
Sb2O3, CeO2-1, CeO2-2, Y2O3, Dy2O3, and Yb2O3 were obtained from
Aladin (Shanghai, China). The rest of the materials were made in the
laboratory. Comprehensive details regarding the sources and original
synthesis of the MeONPs can be referenced in Supplementary Data 1.

Material characterization
Morphologies and primary sizes of MeONPs were examined by trans-
mission electron microscopy (TEM) using a Tecnai G2 spirit BioTwin
microscope (FEI, Oregon, USA) operated at 120 kV. MeONP suspensions
(50μg/mL in deionized water) were placed on 200-mesh copper grids
coated with carbon-coated formvar support film (Ted Pella, Inc., Red-
ding, CA, USA) and air-dried at room temperature. The hydrodynamic
diameters and surface charges of MeONP dispersions in water were
determined by dynamic light scattering and zeta potential analysis using
a Zetasizer Nano ZS90 instrument (Malvern Instruments Corp., UK), as
previously described10. A Limulus Amebocyte Lysate assay was con-
ductedon theseMeONPs to assess endotoxin contaminations according
to the manufacturer’s protocol. All MeONPs showed negative results in
the endotoxin test (Supplementary Data 10).

Preparation of MeONP suspension
The MeONP suspensions were acquired by sonication7,61. In detail, the
stock solution (5mg/mL) of MeONPs in DI H2O were dispersed by a
water-bath sonication for 15min. Then, the stock solutions were diluted
to the desired concentrations in 5mL Eppendorf tubes containing
complete cell culture media, PBS, PSF, or SLF. The diluted MeONP
solutionswere furtherdispersedbyprobe sonicationat 32Wfor 10 s.The
MeONP suspensions were then immediately subjected to physicochem-
ical property characterizations, cell incubations, or animal exposure.

Examination of metal dissolution in simulated biological fluids
To investigate the dissolution behavior of MeONPs in PSF and SLF,
MeONP stock solution (5mg/mL) was dissolved in 10mL of PSF buffer
(142mg/L Na2HPO4, 6.65 g/L NaCl, 62mg/L Na2SO4, 29mg/L
CaCl2·H2O, 250mg/L glycine, 8.09 g/L potassium phthalate, pH 4.5) or
SLF buffer (95mg/L MgCl2, 6.019 g/L NaCl, 298mg/L KCl, 126mg/L
Na2HPO4, 63mg/L Na2SO4, 368mg/L CaCl2·2H2O, 574mg/L
CH3COONa, 2.604 g/L NaHCO3, 97mg/L sodium citrate dihydrate, pH
7.4) at a concentration of 50μg/mL with probe sonication at 32W for
10 s. The resulting MeONP suspensions were incubated for 24 h at
room temperature. After that, the MeONP suspensions underwent
centrifugation at 15,000 rpm for 10min, and 5mL of supernatants
were collected. To assess the dissolution percentage, the supernatants
were subjected to digestion using an acid mixture, following a pre-
viously reported method62. The resulting digestion solution was sub-
jected to metal ion detection by inductively coupled plasma-atomic
emission spectrometry (ICP-OES DUO 6500, Thermo Scientific, Mas-
sachusetts, USA). ThepercentageofMeONPdissolutionwas calculated
using the following equation:

Dissolution%=
Ct ×Vt

C0 ×V0 ×R
× 100% ð2Þ

where C0 is set at 50μg/mL, representing the mass concentration of
MeONPs in nanoparticle suspensions; Ct represents the mass con-
centration of metal ions in the digestion solution of supernatants
separated from MeONP suspensions. V0 is the volume of MeONP
suspensions, equal to the volume (5mL) of supernatant. Vt is the
volumeof the digestion solution for ICP-OES analysis; R represents the
mass ratio of metal elements in each specific MeONP.

Assessment of in vitro toxicity
THP-1 (catalog number: TIB-202) and BEAS-2B (catalog number: CRL-
3588) cells obtained from ATCC were cultured in RPMI 1640 medium

supplemented with 10% fetal bovine serum (Gemini) and BEpicM
(Sciencell), respectively. Authentication of THP-1 cells involved
immunostaining for Complement (C3)/Fc, while BEAS-2B cells were
authenticated through immunostaining for keratins. Additionally,
prior to experimental use, we ensured the validation of cell morphol-
ogies in accordance with the guidelines provided by ICLAC. To assess
the effects of MeONPs, THP-1 cells were primed with 1μg/mL PMA and
seeded in 96-well plates at a density of 3 × 104 cells/well. BEAS-2B cells
were seeded in plates at a density of 8 × 103 cells/well. After overnight
culture, the cell media were removed and replaced with 100μL ali-
quots of fresh medium containing MeONPs at concentrations of 0,
12.5, 25, 50, 100, and 200μg/mL. The cells were incubated for 24 h at
37 °C. The supernatants were then collected for detection of LDH
release and cytokine production, including TGF-β1, TNF-α, IL-1β, IL-2,
IL-6, andMCP-1. TheMeONPs treated cells were incubated with 120μL
of MTSworking solution (5mg/mL) in phenol red-freemedia for 2 h at
37 °C to examine mitochondria activity, lysed in 100μL working
solution in ATP assay kit to assess energy metabolism by lumines-
cence, or 15μg/mL H2DCF-DA in the dark for 30min at 37 °C to detect
ROS generation using a microplate reader at an excitation wavelength
of 488 nm and an emission wavelength of 525 nm. After incubation
with colorimetric substrates in LDH, MTS, and ATP assays, the 96-well
plates underwent centrifugation at 3000 rpm. Subsequently, the
supernatants were transferred to new 96-well plates for detection
using a microplate reader. Meanwhile, lysosomal pH was determined
using the Lysosensor Yellow/Blue DND-160 assay kit (40768ES50,
Yishang) according to the manufacturer’s instructions. Briefly, the
culture media in MeONP-treated cells was replaced with 100μL PBS
containing 1μM DND-160 probes. After incubating at 37 °C for 3min,
the cells were washed twice with PBS and detected using a microplate
reader at 384 nm excitation and 540nm emission. The relative fold
changes of indexes were calculated by the following equation:

FC=
INP � IBL
ICtrl � IBL

ð3Þ

where INP, Ictrl, and IBL represent the measured intensity of indexes in
MeONP-treated cells, vehicle solution-treated cells, and blanks,
respectively.

Assessment of lung fibrosis in mice
All animal experiments were approved by the Ethics Committee of
Soochow University (Approval NO. 202108A0167). A total of 208 ani-
mals were used to determine chronic lung fibrosis induced by 52 dif-
ferent MeONPs, with four animals in each group (n = 4). Female C57Bl/
6 mice (8 weeks old) were purchased from Nanjing Peng Sheng Bio-
logical Technology (Nanjing, China). We deliberately selected female
mice for lung fibrosis tests as they are reported to be more sensitive
than male ones in pulmonary nanotoxicity studies63,64. Animals were
housed in groups of four under standard laboratory conditions (25 °C;
60% relative humidity; 12 h light, 12 h dark cycle) and hygiene status
(autoclaved food and acidified water) according to Soochow Uni-
versity guidelines for the care and treatment of laboratory animals.
Feedstuff were purchased from Shuangshi Experimental Animal Feed
Corporation (Suzhou, China) (catalog number: SSFZP01-002). Animals
were exposed to MeONPs by an oropharyngeal instillation method.
Briefly, MeONPs were suspended in PBS at 1mg/mL by a probe soni-
cation (32W) for 10 s. The animals were anesthetized by intraper-
itoneal injection of sodium pentobarbital (200mg/kg) in a total
volume of 100uL. The anesthetized animals were held in a vertical
position for the pulmonary aspiration of MeONP suspension (with a
dose of 2mg/kg) at the back of the tongue. Animals included in the
vehicle and positive controls received 50uL of PBS and 2mg/kg
quartz, respectively. The mice were exposed once a week for 3 weeks
and sacrificed on day 90 by overdose of sodium pentobarbital
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(400mg/kg). Bronchoalveolar lavage fluids (BALFs) and lung tissues
were collected according to previous studies10. Briefly, the trachea was
cannulated, and then the lungs were gently lavaged three times with
1mL of sterile PBS to obtain BALF. Aliquots of 50 uL BALFwere used to
measure TGF-β1 levels by the ELISA kits (BDLISA, China). Lung tissues
were collected and stainedMasson’s Trichrome staining according to a
standard protocol65. The collagen deposition levels of the 203 mice
were estimated according to the method reported by ref. 66.

Construction of the MFF models
We developed classification models for lung fibrosis using eight dif-
ferent machine learning algorithms, namely C4.5 decision tree (DTr),
random forest (RF), logistic regression (LGR), k-nearest neighbor (k-
NN), locally weighted learning (LWL), support vector machine (SVM),
Bayesnet, and decision table (DTa). These classifiers represented var-
ious categories of supervised classifiers such as trees, Bayes, and rules.
All 52MeONPs were randomly divided into a training set (40MeONPs)
and a test set (12 MeONPs) prior to conducting any characterization
and testing. The training set produced 156 in vivo datapoints, while the
test set generated 47 datapoints. To avoid information leaking, we
included all four datapoints of the same MeONP in either the training
or test set. The criteria for classifying datapoints of MeONPs as fibro-
genic potential were FCTGF-β1 ≥2 or Ashcroft score ≥2.

To optimize the model’s performance, we exploited a tenfold
cross-validation (multiple random state) procedure based on a grid
search to determine the best parameters in the machine learning
methods. We performed all procedures using Weka software (Ver
3.8.5). We applied tenfold cross-validation on the training set to assess
the prediction accuracy of the models. External validation was per-
formed on the test set. The performances of models were evaluated
based on true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN). Model performance was evaluated using five
metrics: sensitivity (SE) = TP/(TP + FN), specificity (SP) = TN/(TN+ FP),
overall predictive accuracy (ACC) = (TP + TN)/(TP + FP + TN+ FN),
F1 score = 2 × SE × SP/(SE + SP), and Matthews’ correlation coefficient
(MCC) = (TP × TN − FP × FN)/√(TP + FP)(TP + FN)(TN + FP)(TN + FN).
MCC ranges from −1 to +1, with extreme values of −1 and +1 in the case
of perfect misclassification and perfect classification, respectively. We
also calculatedAUCbyplotting theTP rate versus the FP rate at various
threshold settings. We considered the performance of a model
“excellent” if AUC ≥0.9, “very poor” if AUC <0.6, “poor” if 0.7 > AUC
≥0.6, “fair” if 0.8 > AUC ≥0.7, and “good” if 0.9 > AUC ≥0.8.

We characterized the applicability domain of the prediction
model using a descriptor standardization approach50. Seven descrip-
tors are combined to characterize the applicability domain of the
prediction model, including IL-1β, NADH in macrophages, TGF-β1,
dissolution in PSF, zeta potential, hydrodynamic size, and NADH in
epithelial cells. Briefly, a datapoint was considered an outlier if all
normalized descriptors for the datapoint were greater than 3; other-
wise, it was a non-outlier. SHAP analysis was performed using
Python (V 3.9).

Coculture of THP-1, BEAS-2B, and Wi-38/VA-13 cells
WI-38/VA-13 (catalog number: CCL-75.1) cells were obtained from
ATCC. Cellular coculture was performed using the Corning Transwell-
24 system with 0.4-μm pore size (Corning, NY, USA). An Oxford ring
was used to divide the lower chamber into inner and outer areas.
Aliquots (200μL) of THP-1/THP-1KD cell suspension (5 × 104/mL) in
BEGM were seeded into the lower inner chamber inside the Oxford
ring. BEAS-2B/BEAS-2BKD cell suspensions (5 × 104/mL, 600μL) were
seeded into the lower outer chamber.Aliquots (200μL)ofWi-38/VA-13
cell suspensions (1 × 104/mL) were seeded into the upper chamber.
After overnight incubation, the cell culture media were replaced with
1000μL nanoparticle suspensions for further incubation. After 24 h,
the cell viability in the upper chamber was assessed using the MTS

assay. The newbornWi-38/VA-13 cells were labeled with Click-iT™ EdU
kit (Thermo Fisher, USA) for confocal imaging.

Statistics and reproducibility
Unless otherwise noted, at least three independent experiments were
performed for abiotic and in vitro tests. Statistical significance was
evaluated using a two-tailed Student’s T-test.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data that support the findings of this study are available from the
figshare (https://doi.org/10.6084/m9.figshare.24354916). Source data
are provided with this paper.

Code availability
The codes and software are available for noncommercial use at GitHub
(https://github.com/huangyang2023/NILFPv1.0.0). https://doi.org/10.
5281/zenodo.1404398867.
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