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ARTICLE INFO ABSTRACT

Handling Editor: Marti Nadal Diesel particulate matter (DPM), a major subset of urban fine particulate matter (PM2.5), raises huge concerns
for human health and has therefore been classified as a group 1 carcinogen by the International Agency for
Research on Cancer (IARC). However, as DPM is a complex mixture of various chemicals, understanding of
DPM’s toxicity mechanism remains limited. As the major exposure route of DPM is through inhalation, we herein
investigated its toxicity mechanism based on the Adverse Outcome Pathway (AOP) of pulmonary fibrosis, which
we previously submitted to AOPWiki as AOP ID 206 (AOP206). We first screened whether individual chemicals
in DPM have the potential to exert their toxicity through AOP206 by using the ToxCast database and deep
learning models approach, then confirmed this by examining whether DPM as a mixture alters the expression of
the molecular initiating event (MIE) and key events (KEs) of AOP206. For identifying the activeness of the
component chemicals of DPM, we used 24 ToxCast assays potentially related to AOP206 and deep learning
models based on these assays, which were identified and developed in our previous study. Of the 100 individual
chemicals in DPM, 34 were active in PPARy (MIE)-related assay, of which 17 were active in one or more KEs. To
further identify whether individual chemicals in DPM are related to the MIE of AOP206, we performed molecular
docking simulation on PPARy for the chemicals showing activeness. Benzo[e]pyrene, benzo[a]pyrene and other
related chemicals were the most likely to bind to PPARYy. In in vitro experiments, PPARy activity increased with
exposure of the DPM mixture, and the protein expression of PPARy (MIE), and fibronectin (AO) also tended to be
increased. Overall, we have demonstrated that AOP206 can be applied to identify the toxicity pathway of DPM.
Further, we suggest that applying the AOP approach using ToxCast and deep learning models is useful for
identifying potential toxicity pathways of chemical mixtures, such as DPM, by determining the activity of in-
dividual chemicals.
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1. Introduction

Fine particulate matter (PM2.5) is defined as “fine” sized particulate
matter with an aerodynamic diameter of less than 2.5 pm, and its small
size causes a number of adverse effects on human health, which is of
increasing interest in recent years (Achilleos et al., 2017; Schlesinger,
2007). Various epidemiology and toxicology studies have been con-
ducted using PM2.5 sampled in the real world as well as using standard
materials (Park et al., 2018; Piao et al., 2018; Wang et al., 2019). Those
studies suggested PM2.5 could be related to development of various
diseases, such as cardiovascular and respiratory diseases (Song et al.,
2019; Wang et al., 2019). Oxidative stress and inflammation were most
frequently reported as underlying mechanism of toxicity of PM2.5 (He
etal., 2017). Most PM2.5 derives from combustion, such as gasoline and
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diesel fuels by motor vehicles, burning of natural gas to generate elec-
tricity, and wood burning (Robinson et al., 2010). Diesel engines emit a
complex mixture of air pollutants, including both gaseous and solid
materials. The solid material in diesel exhaust is known as diesel par-
ticulate matter (DPM). More than 90% of DPM is less than 1 pm in
diameter (Zheng et al., 2017). The International Agency for Research on
Cancer (IARC) classified diesel engine exhaust as Group 1 (carcinogenic
to humans), based on sufficient evidence of carcinogenicity (IARC,
2014). In addition, DPM is known to cause lung diseases such as pul-
monary fibrosis, asthma and chronic obstructive pulmonary disease
through an inflammatory response (Reynolds et al., 2011; Ristovski
et al., 2012).

However, understanding of DPM’s toxicity mechanism remains
limited due to complex nature of DPM as a mixture of various chemicals.
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DPM is a mixture of hundreds of chemicals including various metals and
organic compounds such as polycyclic aromatic hydrocarbon (PAH),
sulfur, nitrogen, etc. due to its very small size, large surface area and
hence easy absorption of chemicals. The chemical composition of DPM is
very variable depending on the combustion time and location, and is
also influenced by various factors such as the operating condition of the
engine and the type of fuel (Ristovski et al., 2012). Since the toxic effects
and pathways of DPM can vary depending on the composition of the
chemicals, studying the toxicity of DPM itself has been limited in iden-
tifying the mechanism of toxicity.

Adverse Outcome Pathway (AOP) is a framework for capturing
existing knowledge and can be applied to chemical toxicity screening
(Groh et al., 2015). AOP is a toxicological construct that connects
mechanistic information to apical endpoints in a formalized way for
regulatory purposes (Wittwehr et al., 2017). AOP has several potential
applications in hazard identification and risk assessment of chemicals.
Among them, prioritization of chemicals for full toxicity testing and
screening level hazard identification is currently the most popular
application (LaLone et al., 2017). Due to various technical difficulties
and excessive time consumption for testing inhalation toxicity testing,
AOPs can support a more efficient approach to screening level evalua-
tions of inhaled toxicants, such as DPM.

Pulmonary fibrosis is one of the major health outcomes of inhalation
exposure of hazardous substances. In our previous study, we developed
AOP on PPARy inactivation leading to lung fibrosis for inhalation
toxicity screening (Jeong et al., 2019). Based on a literature search and
compilation of relevant information, PPARy inactivation was proposed
as a molecular initiating event (MIE); activation of TGF-f, inflammation,
epithelial mesenchymal transition (EMT), and collagen deposition were
proposed as key events (KEs); and pulmonary fibrosis is the adverse
outcome (AO). We have submitted this AOP to AOPWiki
(https://aopwiki.org/aops/206), which is included in Organization for
Economic Cooperation and Development (OECD) program.

In the same study, to validate the AOP, we have identified ToxCast
assays relevant to this AOP, and deep learning classification models
were subsequently developed that can classify chemical activity based
on ToxCast database. Once trained to recognize chemical structures
associated with active hit calls in selected ToxCast assays, the models
can be used to predict what other structures could be expected to be
active. Consequently, the models can help select novel chemicals that
may be useful for the experimental validation of AOP206 (Jeong et al.,
2019).

As the major exposure route of DPM is through inhalation, in this
study, we investigated DPM’s toxicity mechanism using the AOP of
pulmonary fibrosis, which we previously developed. We therefore con-
ducted a tiered approach to address whether DPM exerts toxicity
through the AOP206, first by using the ToxCast database and deep
learning models approach for screening the activity of individual
chemical components of DPM, followed by experiments on the MIE and
KEs of AOP using DPM as a mixture. For identifying the activeness of the
component chemicals of DPM, we used 24 ToxCast assays potentially
related to the AOP206 and deep learning models based on these assays,
which were identified and developed in our previous study (Jeong et al.,
2019). To further identify whether individual chemicals in DPM are
related to the MIE of the AOP206, we performed molecular docking
simulation on PPARy using the chemicals that showed activeness from
ToxCast assay and deep learning model. We then conducted in vitro
experiments on the MIE and KEs of the AOP206 using a DPM mixture by
examining the binding activity of PPARy and expression of KE proteins.

2. Materials and methods
2.1. Preparation of PM2.5

DPM is chemical mixture of more than 100 PAHs. The experiments
were conducted using DPM NIST 1650b, purchased from Sigma-Aldrich,
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Inc. (St. Louis, MO, USA). Based on information from the National
Institute of Standards & Technology (NIST), individual chemicals in
DPM are listed in Table S1.

DPM stock solution (10 mg/mL) was prepared in dimethyl sulfoxide
(DMSO) and sonicated for 60 min to avoid agglomeration of the sus-
pended DPM particles. Experiments were performed within 1 h of stock
preparation to avoid variability in DPM composition in solution.

2.2. ToxCast assays relevant to the AOP of pulmonary fibrosis

As described previously (Jeong et al., 2019), ToxCast assays relevant
to the AOP of pulmonary fibrosis were identified. In total, 24 assays were
selected: 4 of PPARY-, 4 of TGF-f-, 3 of NF-kB-, 10 of Inflammation- and
3 of EMT-related targets (Table S2). We used ToxCast & Tox21 INVI-
TRODB_V2 summary files (https://www.epa.gov/chemical-research
/exploring-toxcast-data-downloadable-data) to select relevant assays.

2.3. Deep learning models

2.3.1. Data preparation

Using the ToxCast in vitro assays data, we built 24 artificial neural
network models as described previously (Jeong et al., 2019). The ca-
nonical simplified molecular-input line-entry system (SMILES) strings
describing the structure of the chemicals were collected from the Pub-
Chem database (https://pubchem.ncbi.nlm.nih.gov/). The SMILES
strings and ToxCast hit call data were then prepared as text files. Because
each assay had a different number of experimental data, the number of
input data to build the model varied.

2.3.2. Data imbalance

The ToxCast hit call dataset is highly imbalanced, so that in many
assays the ratio of inactive data far exceeds that of active data. A bias
present between the classes can hinder the performance of the deep
learning classification model (Wang et al., 2019), which classifies active
and inactive chemicals based on chemical structure information.
Therefore, we used the Synthetic Minority Oversampling Technique
(SMOTE) to generate synthetic minority data by interpolating between
existing minority data and their nearest neighbors to oversample the
minor class (Kass and Raftery, 1995).

2.3.3. Multilayer perceptron modeling

For each ToxCast assay, we built 24 multi-layer perceptron (MLP)
models. The MLP, a deep neural network, is a widely used deep learning
algorithm due to its simplicity (Hamadache et al., 2017). The structure
of MLP consists of an input layer, a dense layer with a RELU activator,
and a dense single neuron layer as the output with a sigmoidal activator.
MLP was implemented by using Python 3.6, with Keras, the Python open
source neural network library, running on top of TensorFlow library.
The SMILES code was transformed into Morgan Fingerprints with a
radius of two bonds using an RDKit (http://www.rdkit.org). Sci-kit
Learn toolkit was used to perform the stratified 5-fold cross-validation.
In 5-fold cross-validation, the dataset is randomly partitioned into 5
blocks of equal size, and the learning algorithm runs 5 times with each of
the blocks being used as the test set. The average of the 5 results gives
the test accuracy of the models (Diamantidis et al., 2000).

2.4. Docking simulations

2.4.1. Preparation of ligands

The 3D structures of all ligands were collected in .mol2 format from
the ZINC database (Irwin et al., 2012). These files could not be directly
used for docking simulation; thus they were converted into .pdbqt
format using AutoDockTools v1.5.6 (Morris et al., 2009; Sanner, 1999).

2.4.2. Preparation of PPARy
The coordinates of the X-ray crystal structures of LBDs of the
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receptors (PDB ID: 6C5T) were retrieved from the Protein Data Bank
(PDB) (Berman et al., 2002). The structures were edited to remove li-
gands and heteroatoms (HETATM) using Discovery Studio Visualizer
v4.5.

2.4.3. Docking simulations

We used AutoDock Vina v1.1 (Trott and Olson, 2010) programs to
investigate the binding of ligands to receptors. Required input files for
AutoDock Vina were prepared using AutoDockTools v1.5.6 (The Scripps
Research Institute, La Jolla, CA, USA). Preparation of files involved
changing atom type, removing water molecules, and adding polar
hydrogen atoms and Gasteiger charges. The grid box size was kept as 62,
52, and 58 for X, Y, and Z, respectively, and the grid points spacing was
1 A. The structure files were saved in PDBQT format. Molecular docking
analysis was performed using AutoDock Vina v1.1 (The Scripps
Research Institute). The exhaustiveness was set to 128 and the
maximum number of simultaneous threads was set to 2. The results with
best conformation and energetic were selected for analysis. Discovery
Studio Visualizer v4.5 (BIOVIA, San Diego, CA, USA) was used for
visualization and analysis of the protein-ligand complexes.

2.5. PPARYy binding assay

To identify the binding activity of DPM to the PPARy receptor, Trans-
FACTORIAL assay (Romanov et al., 2008) was performed by Attagene
(Morrisville, NC, USA) for assessing the agonist/antagonist properties of
the compounds. The assay uses HepG2 cells (human liver carcinoma
cells) to assess the transfected nuclear receptor activity. The assay was
conducted in triplicate at two concentrations (50 ppm and 100 ppm) of
DPM after 24 h exposure. The detailed methods are provided in the
Supplementary materials.

2.6. Cell culture and treatment

BEAS-2B cells (human bronchial epithelial cells) were purchased
from the American Type Culture Collection (ATCC; Manassas, USA),
cultured in DMEM/F12 (GIBCO, Invitrogen, USA) and supplemented
with 10% (v/v) fetal bovine serum and 1% (v/v) antibiotics at 37 °C a
5% CO, atmosphere. BEAS-2B cells were exposed to 0, 0.1, 1 and 10 ppm
of DPM for 24 h. From the stock solutions, experimental concentrations
of DPM were obtained by dilution in the cell culture medium.

2.7. Western blot

After harvesting, the cell extract was prepared in protein extraction
buffer and the protein concentration was measured by Bradford method.
Equal amounts (20 mg) of proteins were separated on 12% Mini-
PROTEAN@ TGX Gels, Stain-Free Gels (Bio-Rad Laboratories, Inc., CA,
USA) and transferred with Trans-Blot Turbo Transfer Pack (Bio-Rad
Laboratories, Inc.). The membranes were blocked with 3% bovine serum
albumin (BSA) in Tween-20 tris-buffered saline (TTBS) at room tem-
perature. The primary antibody was used at 1:1000 dilutions and the
secondary antibody was used at 1:10000 dilutions. Clarity Max Western
ECL Substrate (Bio-Rad Laboratories, Inc.) and ChemiDoc XRS™ (Bio-
Rad Laboratories, Inc.) were used to detect bands. Blots were developed
using an enhanced chemiluminescence western blotting detection kit
(Amersham, Little Chalfont, England). The tested proteins were PPARy
(catalog: ab59256, 57 kDa), TGF-p (catalog: ab179695, 44 kDa), TNF-a
(catalog: ab9635, 26 kDa), fibronectin (catalog: ab32419, 263 kDa), and
B-actin (catalog: sc-47778, 43 kDa). The B-actin antibody was purchased
from Santa Cruz Biotechnology, Inc. (CA, USA), and other antibodies
were purchased from abcam (England). Three biological replicates were
used for each analysis.
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2.8. Statistics

The statistical significance of differences among treatment groups
was determined using the one-way ANOVA test and followed by a post-
hoc test (Tukey, p < 0.05). All statistical analyses were carried out using
SPSS 13.0 (SPSS Inc., Chicago, 11, USA) and graphs were plotted using
SigmaPlot 12.0 (Systat Software, Inc., San Jose, CA, USA).

3. Results and discussion

Previously, we developed an AOP where antagonism of PPARy leads
to pulmonary fibrosis (Jeong et al., 2019). The MIE is an antagonism of
PPARy, which increases the profibrotic effect of TGF-p/Smad3 signaling
(KE1). Then, the TGF-p signaling pathway and oxidative stress pathway
lead to increased inflammatory cytokine production (KE2), which in
turn drives EMT (KE3) to result in deposition of an interwoven network
of collagens (KE4). Increasing amounts of collagen lead to increased
tissue stiffness and to tissue damage and scarring or fibrosis, the AO
(Fig. S1).

As the major exposure route of DPM is through inhalation, we
investigated the general mechanism of toxicity related to the hazardous
potential of DPM using AOP206 by examining the activity of individual
chemicals in DPM to the MIE and KEs of AOP206 using an in silico-in vitro
tiered approach. We first conducted in silico screening of individual
chemical components of DPM using the ToxCast database-deep learning
approach and molecular docking, followed by in vitro experiments on the
MIE and KEs of AOP using DPM as a mixture. The workflow of this study
is presented in Fig. 1.

3.1. Preparation of ToxCast assays and deep learning models relevant to
AOP206

First, we used 24 previously identified assays related to AOP206
from the ToxCast database: 4 PPARy, 4 TGF-f, 3 NF-kB, 10 Inflammation
and 3 EMT (Jeong et al., 2019). The target family of inflammation is
cytokines, including IL1a, IL6, and TNF-a. The target family of EMT is
protease, including MMP2 and MMP9. A detailed description of each
assay is summarized in Table S2.

Next, we used 24 MLP models, also developed in our previous study
(Jeong et al., 2019), to classify the activities of each assay related to
AOP206. As described previously, the model accuracy obtained using
stratified 5-fold cross-validation ranged from 87.16 to 99.76 and the
average accuracy was 95.73 (Table S3). In addition to the model accu-
racy, other metrics that determine whether the model is well developed
include the true positive rate (sensitivity), which ranged from 0.91 to
1.00, and the average true negative rate (specificity), which ranged from
0.83 to 1.00.

3.2. Identification of individual chemicals of DPM interfering with the
AORP related assays

We identified whether individual chemicals in DPM were tested on
selected ToxCast assays. For the tested chemicals, active chemicals were
identified for each assay, whereas for chemicals not tested, their activity
was predicted using the MLP deep learning models. Taking into account
the experimental results from the ToxCast database or the predicted
results from the deep learning models, the number of active chemicals
on the 24 relevant assays was identified (Table 1). In assays related to
PPARy activity, a MIE, a total of 34 chemicals out of 100 were active.
This fairly high ratio suggests that the DPM mixture is also likely to be
active against PPARy. Since the proportion of active chemicals was
higher in the ToxCast experimental data than in the deep learning pre-
dictions, the potential of PPARy activity was more reliable than the as-
says showed higher in deep learning prediction than in assay itself (i.e.
TGF-f and inflammation). In the case of TGF-p, KE1, 17 chemicals were
shown to be active, equivalent to a ratio of one sixth, which is considered
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Fig. 1. Schematic overview of the workflow of this study.
Table 1
Identification of individual chemicals interfering with the AOP of pulmonary fibrosis (AOP206)-related assays.

AOP206 Assay ToxCast Deep learning Total
Number of Number of Active Number of Number of Active Number of Active
chemicals chemicals (%) chemicals chemicals (%) chemicals (%)

MIE  PPARy ATG_PPARg_TRANS_up 19 5 (26) 81 13 (16) 34 (34)

TOX21_PPARg BLA _Agonist_ratio 28 5(18) 72 14 (19)
TOX21_PPARg BLA antagonist ratio 28 14) 72 5(7)
NVS_NR_hPPARg 3 0 (0) 97 3(3)
KE1 TGF-p ATG_TGFb_CIS_dn 19 1(5) 81 0(0) 17 (17)
ATG_TGFb_CIS_up 19 1(5) 81 1)
BSK_BE3C_TGFb1l_down 18 0(0) 82 11
BSK_KF3CT_TGFb1_down 18 1(6) 82 12 (15)
KE2  NF-xB ATG_NF_kB_CIS_dn 19 0(0) 81 0(0) 10 (10)
ATG_NF _kB_CIS_up 19 0(0) 81 11
TOX21_NFkB_BLA agonist_ratio 28 3(11) 72 6 (8)
Inflammation BSK_BE3C_IL1a_down 18 0 (0) 82 11 (13) 26 (26)
BSK_BE3C_ILla_up 17 0(0) 83 0(0)
BSK KF3CT_ILl1a_down 18 21D 82 16 (20)
BSK_KF3CT_IL1a_up 17 0(0) 83 0(0)
BSK_LPS_IL1a_down 18 0(0) 82 0(0)
BSK_LPS_IL1a_up 18 0(0) 82 0 (0)
BSK_CASM3C_IL6_down 18 1(6) 82 1(1)
BSK_CASM3C_IL6_up 18 0(0) 82 0(0)
BSK_LPS_TNFa_down 18 0(0) 82 0(0)
BSK_LPS_TNFa_up 18 1(6) 82 34)
KE3 EMT NVS_ENZ_hMMP2 0 0(0) 100 0(0) 18 (18)
NVS_ENZ_hMMP9 1 0(0) 99 44)
BSK_KF3CT_MMP9_down 18 3@17) 82 11 (13)

to be a ratio that can sufficiently affect the toxicity of the mixture. Most
chemicals were predicted to be active chemicals through deep learning
models. In the case of NF-kB, corresponding to KE2, 10 chemicals were
analyzed to be active. Compared with ToxCast, the deep learning models
identified more active chemicals. In inflammation, KE2, 26 chemicals
were active. Similarly, significant numbers of chemical were predicted
to be active in the deep learning models. The number of active chemicals
per inflammatory marker was 20 for IL1a, 2 for IL6, and 4 for TNF-a. In
EMT, KE3, 18 chemicals were analyzed as active. Due to the lack of
ToxCast experimental data, most were predicted to be active chemicals
through deep learning models.

3.3. Confirmation of the MIE and KEs activity

3.3.1. Validation of the MIE of individual chemicals in DPM using in silico
molecular docking

To validate whether DPM could affect the activity of PPARy, we
performed molecular docking simulation on PPARy. Molecular docking
simulation was carried out with the 34 ligands that were active in at
least one assay of PPARy, including ToxCast data and deep learning
prediction. For each ligand, among many docking positions, only those
with the highest docking score were chosen. Since the affinity data
represent the free energy of the coupling in the AutoDock Vina v1.1
docking software, a large absolute value of affinity energy means that
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the response of the corresponding ligand receptor has a great affinity.

Of the 34 individual chemicals in DPM activated on PPARy, 17 were
active in one or more KEs, nine were tested in ToxCast, and the
remaining eight were predicted using the deep learning models (Table 2;
the full list is in Table S4). Molecular docking of ToxCast active chem-
icals revealed that benzo[e]pyrene and benzo[a]pyrene were most likely
to bind to PPARy, with binding affinities of —10.5 and —10.4 kcal/mol,
respectively. For active chemicals derived from deep learning models,
dibenzo[a,e]pyrene was most likely to bind to PPARy with a binding
affinity of —12.4 kcal/mol, followed by naphtho[2,3-e]pyrene with
binding affinities of —12.0 kcal/mol. 1-Nitronaphthalene from ToxCast
had the lowest binding affinity of —7.2 kcal/mol. In general, a binding
affinity of lower than —6.0 kcal/mol (Shityakov and Forster, 2014) in-
dicates a capacity to bind to the receptor, so individual chemicals in
DPM are more likely to bind to PPARy.

In the AOP concept, MIE is the only chemical-related event among
the components of AOP, as long as the MIE is derived, so it can be
connected to the AO along the subsequent KEs (Allen et al., 2016; Vil-
leneuve et al., 2014). It is therefore the most important event to identify
which individual chemicals contribute significantly to the toxicity of the
mixture. The binding energy calculated by molecular docking can not
only confirm the binding to PPARy, but also the ranking of the binding
and toxicity potential of individual chemicals. In addition, ToxCast and
deep learning models can be used to provide further evidence of the
potential for these individual chemicals to follow the AOP206 pathway
through information on the activity of subsequent KEs.

3.3.2. Experiments on the MIE and KEs of DPM mixture using in vitro
assays

Next, in vitro experiments were performed using the DPM mixture
(Fig. 2). The PPARy (MIE) protein expression following DPM exposure
tended to increase with increasing concentration. In addition, the
expression levels of fibronectin, a fibrosis marker (AO), also increased
with DPM exposure. However, the expression levels of TGF-p (KE1) and
the inflammation marker TNF-a (KE2) showing no statistically signifi-
cant difference with DPM exposure (Fig. 2A). For further experiments on
the activity of the MIE, we evaluated the PPARy activity of DPM at two
concentrations and at 24 h using the trans-FACTORIAL assay. As shown
in Fig. 2B, DPM stimulated PPARy in a concentration-dependent
manner.

In total, we analyzed the activity of individual chemicals included in
DPM on AOP-related assays and identified the potential mechanism of

Table 2
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toxicity of DPM through the AOP206. Our study suggests the AOP-based
approach seems to be useful for expanding prior knowledge of the po-
tential toxicity pathways of the mixture by identifying the activity of
individual chemicals along AOP. In particular, by identifying potential
chemicals relevant to the specific AOP, candidate chemicals that
contribute primarily to the toxic effects of the mixture can be identified.

However, there are several limitations of this approach. First limi-
tation lies on inconclusive result on MIE. Functional inactivation of
PPARy, an MIE of AOP206, is an event in which an external chemical
binds to PPARy and acts as an antagonist, thereby deactivating the
function of PPARy. In addition to the agonistic and antagonistic effects,
the effect of chemicals on PPARy can also affect the level of PPARy
protein through the upstream effect, and can also exert agonistic and
antagonistic effects through physical interaction by binding to PPARy. It
is not easy to distinguish these various interactions or effects using one
assay, and therefore, in this study, all ToxCast assays targeting PPARy
were used regardless of agonist or antagonist for screening potential
chemicals affecting PPARy. In the results of in vitro experiments, DPM
increased the activity and expression of PPARy. Even if the function of
the receptor is inhibited by the antagonist, the expression of the receptor
itself may increase. Also, it can be assumed that the role of the antag-
onist is also partially functional in view of the increased activity of the
subsequent KEs. Therefore, further experiments need to be conducted to
identify whether the increased expression and activity of PPARy by DPM
mixture that were observed in this study are related to the functional
inactivation of the PPARy receptor.

Another limitation of this study is lack of quantitative aspect of DPM
chemicals. This approach is based on the ratio of active chemicals, and
therefore could not address quantitative information on the concentra-
tions or mass fraction in DPM. There are 32 of 100 chemicals were tested
in 4 PPARy assays, and only 9 of them showed activity with concen-
tration at 50% of maximum activity or the AC50. Unfortunately, the
number of AC50 data is insufficient, making it difficult to create deep
learning models that guarantee high accuracy to predict quantitative
values. Still, the AC50 of nine chemicals from ToxCast can be compared
with the effective concentration from in vitro experiments with DPM.
The mass fraction of nine chemicals active in the PPARy assays ranged
from 0.0368 to 18.4 mg/kg (Table S1). Using this, the concentration of
the chemicals contained in the DPM of 10 ppm, the exposure concen-
tration of this study, is estimated from 0.0018 nM to 0.00074 uM, and
this range is much lower compared to the AC50 of the ToxCast assays
ranged from 1.06 to 78.72 uM (Table S5). However, since the in vitro

Calculated binding affinity on PPARy and activity on PPARy and key events of the AOP206 of individual chemicals in DPM.

CAS No. Chemical name PPARy binding affinity (kcal/mol) Number of active assays

PPARy TGF-p NF-xB Inflammation EMT
ToxCast
192-97-2 Benzo[e]pyrene -10.5 1 (TOX21_Ago) 0 1 6 0
50-32-8 Benzo[a]pyrene -10.4 1 (TOX21_Ago) 0 0 2 0
5522-43-0 1-Nitropyrene -9.9 1 (TOX21_antago) 0 0 2 0
207-08-9 Benzo[k]fluoranthene -9.8 1 (TOX21_Ago) 0 0 4 0
205-99-2 Benzo[b]fluoranthene -9.6 2 (ATG, TOX21_Ago) 0 0 4 0
56-55-3 Benz[a]anthracene -9.6 1 (ATG) 0 0 2 0
602-60-8 9-Nitroanthracene -8.3 2 (ATG, TOX21_Ago) 0 0 2 0
602-87-9 5-Nitroacenaphthene -8.2 1 (ATG) 0 1 7 0
86-57-7 1-Nitronaphthalene -7.2 1 (ATG) 1 1 4 0
Deep learning
192-65-4 Dibenzo[a,e]pyrene —-12.4 1 (TOX21_Ago) 0 1 0 0
193-09-9 Naphtho[2,3-e]pyrene -12.0 1 (TOX21_Ago) 0 1 0 0
63041-90-7 6-Nitrobenzo[a]pyrene -10.7 1 (TOX21_antago) 0 1 0 0
84030-79-5 Dibenzo[a,k]fluoranthene -10.4 1 (TOX21_Ago) 0 1 0 0
57835-92-4 4-Nitropyrene -9.9 1 (TOX21_Ago) 0 1 0 0
75321-20-9 1,3-Dinitropyrene -9.8 2 (ATG, TOX21_antago) 0 1 0 0
82064-15-1 4-Nitrophenanthrene -8.7 1 (TOX21_antago) 0 1 0 0
892-21-7 3-Nitrofluoranthene —8.5 2 (ATG, TOX21_antago) 0 2 0 0

ATG, ATG_PPARg_TRANS_up; NVS, NVS_NR_hPPARg; TOX21_Ago, TOX21_PPARg BLA_Agonist_ratio; TOX21_antago, TOX21_PPARg BLA antagonist _ratio.
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Fig. 2. Expressions of MIE and KEs proteins (A) and activity of PPARy (B) on DPM exposure. (A) Beas2B cells were exposed to 0, 0.1, 1 and 10 ppm of DPM for 24 h.
(B) HepG2 cells that transiently transfected with the optimized nuclear receptor library treated with DPM for 24 h. The profile of the PPARy activities was determined
as fold of induction values versus vehicle-treated (DMSO) control. Rosiglitazone, a PPARy agonist, was used as a positive control. *p < 0.05; **p < 0.01; ***p < 0.001

in one-way ANOVA test and followed by a post-hoc test (Tukey, p < 0.05).

experimental condition of this study is different from the ToxCast assays,
direct comparison is not desirable. As can be seen from these calcula-
tions, this approach only confirms the activity of individual chemicals
and therefore does not reflect the combined effects that may occur when
chemicals are mixed. In addition, since it does not reflect the toxic effect
of the entire DPM mixture, including the physical effect as particles,
there is a limitation in fully predicting the toxic pathway of DPM
through the activity of individual chemicals. Due to these limitations,
the results from the in vitro experiments showed that TNF-o and TGF-f
expressions did not match the predicted results of individual chemical.
Therefore, identifying the quantitative contribution of each individual
chemical and the potential combined effects will require further
research to develop a model capable of predicting the quantitative ef-
fects for each individual chemical and their mixture.

Nevertheless, our results from in vitro experiments using the DPM
mixture are consistent with analyses of the assay activity of individual
chemicals, suggesting that the proposed approach using the ToxCast
database and deep learning models could potentially identify the
toxicity pathway of the DPM. However, to determine which individual
chemical activity affects the toxicity of the DPM mixture, it is necessary
to conduct in vitro experiments on the individual chemicals prioritized in
ToxCast and deep learning prediction.

4. Conclusion

In this study, we have demonstrated that the AOP of PPARy inacti-
vation leading to pulmonary fibrosis can be applied to identify the
toxicity pathway of DPM. Our proposed approach using ToxCast and
deep learning models may be used to identify potential chemicals from
the mixtures, such as DPM, by determining the activity of individual
chemicals. Our study also suggests that in silico assays combined with in
vitro experiments is a useful and efficient tool for identifying the toxicity
pathway of chemical mixtures.
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