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Trend of In Silico Prediction Research Using Adverse Outcome Pathway

Sujin Lee, Jongseo Park, Sunmi Kim*, and Myungwon Seo*
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ABSTRACT

Background: The increasing need to minimize animal testing has sparked interest in alternative methods
with more humane, cost-effective, and time-saving attributes. In particular, in silico-based computational
toxicology is gaining prominence. Adverse outcome pathway (AOP) is a biological map depicting toxicological
mechanisms, composed of molecular initiating events (MIEs), key events (KEs), and adverse outcomes
(AOs). To understand toxicological mechanisms, predictive models are essential for AOP components in
computational toxicology, including molecular structures.

Objectives: This study reviewed the literature and investigated previous research cases related to AOP and in
silico methodologies. We describe the results obtained from the analysis, including predictive techniques and
approaches that can be used for future in silico-based alternative methods to animal testing using AOP.
Methods: We analyzed in silico methods and databases used in the literature to identify trends in research on
in silico prediction models.

Results: We reviewed 26 studies related to AOP and in silico methodologies. The ToxCast/Tox21 database
was commonly used for toxicity studies, and MIE was the most frequently used predictive factor among the
AOP components. Machine learning was most widely used among prediction techniques, and various in silico
methods, such as deep learning, molecular docking, and molecular dynamics, were also utilized.
Conclusions: We analyzed the current research trends regarding in silico-based alternative methods for
animal testing using AOPs. Developing predictive techniques that reflect toxicological mechanisms will
be essential to replace animal testing with in silico methods. In the future, since the applicability of various
predictive techniques is increasing, it will be necessary to continue monitoring the trend of predictive

techniques and in silico-based approaches.
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Highlights:

- ToxCast/Tox21 DB is widely used in
toxicity research, with MIE often serving
as predictive factors in developing an
AOP-based predictive model.

- Machine learning was the most
utilized relative to deep learning and
molecular simulation techniques.

- Applying AOP components to
develop predictive technologies that
reflect accurate toxicity mechanisms is
necessary.

+ It is necessary to continue monitoring
the trend of in silico predictive research

to replace animal testing.
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Fig. 1. Workflow of literature survey for in silico research trend analysis using AOPs
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Table 1. Summary of in silico research using AOP components
No Research content Data type (database) Algorithm type Endpoint AOP Reference
component no
1 Development of predictive Chemical (PubChem) ML (DT) Skin sensitization KE 9
models utilizing 2D and
3D structures for skin
sensitization analysis
2 Development of MIE Chemical (ChEMBL, DL (DNN) Biological activity, MIE 1)
prediction models for Toxcast/Tox21) structure features
correlation analysis with
activation energy
3 Development of toxicity Chemical ML (XGBoost) Endocrine disruption MIE 2
prediction models based on (Toxcast/Tox21)
MIE
4 Development of toxicity Chemical ML(MLR) Proliferation inhibition MIE =
prediction models based on (Toxcast/Tox21)
MIE
5 Development of KE prediction Chemical (Toxcast/ ML (RF, XGBoost, Human mitochondrial KE 16)
models for AOP related to Tox21, ChEMBL, DL (DNN) respiratory complex I
Parkinson’s disease Inhouse DB) inhibition
6  Development of EDC Chemical DL (CNN) Nuclear receptor activity MIE 2
prediction models using (Toxcast/Tox21)
chemical structure images
7  Development of MIE Chemical (ChEMBL) ML (PLS) Glucocorticoid MIE »
prediction models receptor, HERG,
mu opioid receptor,
ctclooxygenase-2,
dopamine transporter
8  Development of predictive Chemical (Inhouse DB) ML (Kinetic method) Skin sensitization MIE %)
models for skin
hypersensitivity
9  Development of a pipeline for Chemical ML (k-NN) Androgen receptor MIE o
toxicity prediction (Toxcast/Tox21) antagonism
10  Development of MIE Chemical ML (RE, SVM Thyroid hormone MIE )
prediction models related (Toxcast/Tox21) XGBoost, ANN, homeostasis
to thyroid hormone LR)
homeostasis
11 Development of predictive Chemical ML (RE, SVM, BNB, Nuclear estrogen KE »)
models using DNN (Toxcast/Tox21) k-NN), receptor o and
DL (DNN) (ERaand ERB)
binding potentials
12 Development of AOP- Chemical ML (MLR) Lung tissue KE 0
based pulmonary fibrosis (Toxcast/Tox21) inflammation (AOP 173)
prediction models
13 Development of toxicity Chemical (NTP) ML (RF, XGBoost) Mitochondrial toxicity MIE =
prediction models using
the open-source software
framework ‘Flame’
14 Development of skin Chemical (Inhouse DB) DL (GCN) Skin sensitization hazard KE 2

sensitization prediction
models using deep learning

https://doi.org/10.5668/JEHS.2024.50.2.113
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Table 1. Continued

No Research content Data type (database) Algorithm type Endpoint AOP Reference
component no
15 Development of KE-specific ~ Chemical ML (RE, SVM, NB, Human reproductive KE 19
activity prediction models (Toxcast/Tox21) k-NN, DT) toxicity
using QSAR for each KE and
stacked model using naive
Bayes
16  Development of various Chemical (Toxcast/ ML (k-NN, RF, Developmental and MIE 7
toxicity endpoint Tox21, ChEMBL, ANN) neurotoxicity
prediction models related Inhouse DB)
to developmental and
neurotoxicity
17 Prediction of the probability of Chemical (Inhouse DB) ML (Bayesian Developmental and AO »
AO related to developmental hierarchical model)  neurotoxicity
neurotoxicity using a
Bayesian hierarchical model
18  Improvement of AOP Protein (PDB, UniProt) Molecular simulation G protein-coupled MIE .
framework related to (molecular estrogen receptor
estrogen interference dynamics) activation
induced by TTP (Triphenyl
phosphate)
19  Development of EDC Chemical (CTD) ML (GLM) Endocrine disruption MIE )
identification prediction
models using toxicogenomic
data
20  Construction of AOP for lung Chemical (Toxcast/ ML(RE), AHR(aryl hydrogen KE 30
injury induced by AHR Tox21, PubChem DB)  Molecular simulation  receptor) activation to
activation and verification ~ Protein (Alphafold (molecular lung damages
of AOP network using protein structure docking)
prediction models database)
21 Review of case studies on the  Chemical ML(Bayesian Skin sensitization, AOPs S
development of qQAOP using (EFSA DB, OECD networks) neurotoxicity,
predictive technologies eChemPortal, DNT- carcinogenicity
DIVER)
22 Research review on the Chemical ML(ANN), Acute/chronic toxicity MIE ®
development of QSAR- (Toxcast/Tox21) Molecular simulation
based prediction models for  Protein (PDB) (molecular
mixture toxicity docking)
23 Prediction of genetic Gene (AOP-DB, UK DL (GNN) Hepatic steatosis, liver MIE )
regulation patterns of AOP BioBank) cancer
using Al methods
24  Prediction of cellular-level Protein (PRIDE) ML (kNN, RF) Mode of action related to MIE 40
MOoA using protein data toxicity
25  Development of MIE Chemical (AOPwiki, ML (RF) Hepatic steatosis MIE 20
prediction models for AOP Toxcast/Tox21)
related to fatty liver
26  Development of MIE Chemical (ChEMBL, DL (DNN) AChE, ADORA2A, AR, MIE m
prediction models using Toxcast/Tox21) hERG, SERT

DNN

AO: Adverse Outcome, ANN: Artificial Neural Network, BNB: Bernoulli Naive Bayes, CTD: Comparative Toxicogenomics Database, DNN:
Deep Neural Network, DT: Decision Tree, GLM: General Linear Model, GNN: Graph Neural Network, KE: Key Event, k-NN: k-Nearest
Neighbors, LR: Logistic Regression, MIE: Molecular Initiating Event, MLR: Multiple Linear Regression, NB: Naive Bayes, NN: Neural Network,

PLS: Partial Least-Squares, PRIDE: Proteomics Identifications Database, RF: Random Forest, SVM: Support Vector Machines.

https://e-jehs.org

117



118

toxicology 7} Z3tH 3oz 12} BER{3E 23} 2014UHH
20239714 22 1097 AR 35,600749] £lo] AE3]
o 14 B8RS B9 208 29 oo Al 1 4]
(‘AOP’, ‘in silico’, ‘prediction’) S XEglol= IS 712 A
Eet A3} oF 8,500719] =30 EFEU. 274 8,5007H
o] 8 & AOP 4 845 YO R in silico 7|8t A SH
9 E= in silico 915 7]e ® Z2OS E-8ot] 4
ok AFArE O] iRt £ AR A3 201797 E 20239
7] AL % 2689] EHo] F A=Ak Table 1),
AOP 4848 RHsI0] in silico 7|5t £4 JEATE %
Y3t A7]= 20179 o= A7-E AR A 2017
WS 20239704 AAE 219 = Wid 57 FAIE B
o]aL glom 53] 20194 %7 FA7HA] H4ld B He
9& L83 AFARE 201997 H 19 292 24 13(4%)
# F7Fstal lom T 3AzE 1A 13H(54%) 2 &2 A& 0
Z S7Foh= Aotk (Fig. 2A). 2010 AOP7} A2 A|A=]
1! 20164 The Organisation for Economic Co-operation and
Development (OECD)°] 2J5f] AOPE &85t 54 o= A9
Y a/go] AAE o] % wfzjcte] Wste] wet AoPE T84T
54 o E5d Aol Higt o] S71%E A2 = Helth AOP
T84aE dS5she A7l 201795H A7 264
B FEolU 54 A& B E<9] sekad B4
= S0 EAEH B4, AR ) H Addel
E|E 2859 computational toxicology 7|8 =/ d|&2d
M AFAREE 2017E58 @A7HA] °F 17,0004 22 B>
A7 AT 54718 HED 4 U= AOP P84
£ 13t A& AFA = AA| computational toxicology 7]
uh AFAN F ok 0.15% FEE AEo R ufe- u| gt 4
Foltt. stk SA4ol tis) 423 dSA+E 351 A
SAE ASEE AT A 7S sk A2 - 8
3t 8 40|B 2 AOP YHE B3 o5 7= AR S
7F=lofof sh 5 Ui AF5FS AHH 2z FAI Wt
£ Zo] Fagh Aot

p

1B

2. GO|F] 7|8t 1SS
In silico 714k =7 SR 7T AHE Bt 2E A%
3 264 5 25H(96%)°] L= d5S TH2 = T
o, ERhEe] FAdSE AFE ST BH2 1HEN)
S SeAE2 o FA44Ee] &9
At S| E 55 Al DL FEIMY =

A& 9, SEE Bk Aol AR 7} Yuol 5

https://doi.org/10.5668/JEHS.2024.50.2.113

78S A ARSI o] bRt EtEe] AR IS
&3 290 whE =4 HokE A=t Bk AL A
|

=
T3 HE,T 20179 AFE yLeeAE 2
Z3e]o] B3t HE ol whet shEAIE] bdEe] AA AxIst
2 93] g5l glow, E3] A S A& W e

ox
i
i
i)
10
[e]

2}
Zr-gof Higt Heta] A7} e BE5P] miizo] o3| o)
A 9 SHAIE 55 Alols BYEE 5 S5tk
EA47 A -84 faldLS nEEk Yok EgEe B4
ABOL A4S 28] Higt HRE BE SFE AHHERE &F
St= 2ol HA ¢7] WiEel, B in silico EH-E Z-83f 7
= AAFsor & g g A4Jo] =t} oyt A7 = in silico 7|
HE AR EQ | Fe pEol B R FF A= avE et
317] 98 EREA olSrdo] o] wex|ofof git
AA £ 5 AOP 1484 F MIEE ASARE A8

(A)

100- —— peep Learning
—— Machine Learning

69%

=]
o

Percentage(%)
[=2]
o

IS
=)

21%

20-
02019 2020 2021 2022 2023
Year
(B)
v
[)]
c
o
< KE, 20%
£
[o]
)
o -AO, 8%
o
<
0 20 40 60 80

Percentage(%)
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Table 2. Summary of database list

No Name Database content Data URL
1 Alphafold Protein A database containing predicted protein « Protein: 1,508,588 https://alphafold.ebi.ac.uk/
Structure structures generated by the AlphaFold
Database algorithm
2 AOP-DB A database storing information on Adverse « Protein: 665,746 https://aopdb.epa.gov/
Outcome Pathways (AOPs), detailing » Disease: 15,093
the sequence of events leading to adverse o Chemical: 164,640

outcomes due to chemical exposure

3 AOP wiki An online resource providing collaborative 465 AOPs https://aopwiki.org/
information and documentation on Adverse
Outcome Pathways (AOPs)

4 ChEMBL A database containing bioactivity data of small ~« Gene: 107 https://www.ebi.ac.uk/chembl/
molecules, including compounds, drugs, and e Protein: 22,751
their targets o Chemical: 1,920,643
5 CTD A database linking chemicals, genes, and « Chemical-gene interactions: https://ctdbase.org/
diseases to elucidate molecular mechanisms 2,804,028
underlying environmental health risks « Gene-disease associations:
32,234,482

« Chemical-disease
associations: 3,381,685

6 DNT-DIVER A database integrating and visualizing data  Chemical: 87 https://doi.org/10.22427/NTP-
related to developmental neurotoxicity DATA-002-00062-0001-0000-1

7 EFSADB A database providing information on food « Food: 2,500 https://www.efsa.europa.eu/en/data-
safety assessments, including risk assessments report/food-consumption-data
and scientific opinions

8 NTP A database containing toxicological data,  Chemical: 1,060 https://ntp.niehs.nih.gov/data
including results from toxicology studies and
chemical testing

9 OECD A portal providing access to information on the « Chemical: 1,312,774 https://www.oecd.org/

eChemPortal properties and effects of chemicals, including chemicalsafety/risk-assessment/ec

toxicity data, collected by the OECD hemportalglobalportaltoinformat

iononchemicalsubstances.htm
10 PDB A database containing experimentally « Protein: 209,611 https://www.rcsb.org/
determined 3D structures of proteins, nucleic
acids, and complex assemblies

11  PRIDE A database for sharing mass spectrometry- « Protein: 26,338 https://www.ebi.ac.uk/pride/
based proteomics data, including protein archive/
identification and quantification

12 PubChem A database providing information on chemical e Protein: 186,035 https://pubchem.ncbi.nlm.nih.
substances, including their structures, o Chemical: 115,728,101 gov/
biological activities, and associated data

13 Toxcast/Tox21 Databases evaluating the potential toxicity of ~ « Chemical: 2,399,743 https://comptox.epa.gov/
chemicals using high-throughput screening dashboard/
assays and computational models

14 UK BioBank A large-scale biomedical database containing  « Health-related outcomes: https://www.ukbiobank.ac.uk/
health and genetic data from half a million 2,650 enable-your-research/
participants in the UK « Biological samples: 993

15  UniProt A comprehensive resource providing « UniProtKB/Swiss-Prot: https://www.uniprot.org/
information on proteins, including their 569,793
sequences, functions, and annotations o UniProtKB/TrEMBL:

48,272,897

CTD: Comparative Toxicogenomics Database, DNT-DIVER: Developmental Neurotoxicity Data Integration and Visualization Enabling
Resource, EFSA-DB: European Food Safety Authority Database, NTP: National Toxicology Program, PDB: Protein Data Bank, PRIDE:
Proteomics Identifications Database.
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