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ABSTRACT

The rapid proliferation of synthetic chemicals has significantly outpaced traditional toxicity charac-
terization, leaving a critical data gap in environmental health risk assessment. While the adverse
outcome pathway (AOP) framework provides a mechanistic scaffold for organizing toxicity knowledge,
it is currently limited by a focus on linear pathways and a bias toward well-studied endpoints.
Conversely, the exposome paradigm captures broad environmental stressors but often lacks the
mechanistic depth required for causal interpretation. A fundamental challenge remains in developing
integrative paradigms that can systematically bridge these multi-scale datasets to decode complex,
chemical-induced diseases. Here we show that AOP-ExpoVis, an integrative computational platform,
synergizes exposome-disease networks with AOP ontologies to prioritize pathogenic mechanisms
through a weighted phenotype-disease scoring algorithm. By integrating chemical, gene, phenotype,
and disease associations, the platform identifies key phenotypes and maps them to curated pathways to
generate testable mechanistic hypotheses. Validation across three distinct case studies involving
2,2'44-tetrabromodiphenyl ether (BDE-47), arsenic, and perfluoroalkyl substances (PFAS) demon-
strated that AOP-ExpoVis accurately identifies both conserved and chemical-specific toxic pathways,
such as aryl hydrocarbon receptor activation and lipid metabolism disruption. AOP-ExpoVis provides an
open-source tool for rapid mechanistic inference that overcomes the limitations of traditional, single-
pathway frameworks. This work advances predictive toxicology by enabling the systematic prioritiza-
tion of chemical hazards and the refinement of regulatory risk assessment in a data-rich environment.
© 2026 The Authors. Published by Elsevier B.V. on behalf of Chinese Society for Environmental Sciences,
Harbin Institute of Technology, Chinese Research Academy of Environmental Sciences. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Modern environmental toxicology faces a data crisis. Tens of
thousands of synthetic chemicals are used despite minimal char-
acterization of their toxicity. Over 350,000 chemicals are on the
market globally, and traditional one-at-a-time testing cannot
feasibly keep pace [1]. Most of these substances remain “data-
poor,” with clear information on their mechanisms of action or
health effects notably lacking [2]. This gap undermines risk
assessment and public health, especially when real-world expo-
sures involve dynamic mixtures interacting with biological net-
works in non-additive ways [3]. New frameworks capable of
rapidly elucidating toxicological mechanisms across multiple
stressors are urgently needed. Therefore, to address this data crisis,
the key lies in developing a new paradigm that can both efficiently
integrate existing data and systematically characterize toxicolog-
ical mechanisms. This is precisely the problem that the adverse
outcome pathway (AOP) framework seeks to solve.

AOP provides a mechanistic scaffold for organizing knowledge
of toxicity. An AOP is a formalized sequence of key biological
events that links a molecular initiating event to an adverse
outcome at the organism level [4,5]. By delineating these cause-
and-effect chains, AOPs impart mechanistic specificity to in vitro
and in vivo findings and aid extrapolation across biological levels
and species. However, the current catalog of AOPs is limited and
biased toward well-studied endpoints. Only a few hundred AOPs
have been established (with many still under development) [6],
leaving most toxic effects without defined pathways. This
incomplete coverage reflects a knowledge bias: Toxicology efforts
gravitate toward known mechanisms and may overlook novel or
complex pathways [7]. Furthermore, individual AOPs are typically
linear and single-outcome, whereas real-world toxicants often
trigger multiple interlinked pathways in parallel [8].

A complement to the depth of AOPs is the exposome paradigm,
which broadens the scope of toxicology to consider the exposo-
me—the totality of environmental exposures an organism en-
counters over its life course [9]. Exposomics employs high-
throughput, untargeted analyses to profile many chemicals and
stressors in parallel, thereby inherently accounting for mixtures
and co-exposures [10]. This broad view is invaluable for discov-
ering exposure-disease associations at a systems level. However,
exposomic studies often yield correlations without offering clear
mechanistic interpretations. Mechanistic toxicology frameworks,
such as AOP, are needed to translate exposomic signals into causal
explanations [11]. In other words, exposomics can reveal which
exposures correlate with adverse outcomes, while an AOP lens
explains how those exposures lead to harm. This complementarity
calls for an integrated computational approach that combines
exposome-wide data with pathway-level insight.

In this study, we propose a novel systems-based framework
inspired by network theory and weighted gene co-expression
network analysis (WGCNA) [12]. This framework facilitates the
identification of pivotal phenotypes linking chemical exposures to
adverse outcomes. Key to this approach is the concept of centrality,
a network metric that quantifies the importance of phenotypes
within a dynamic exposure-disease network. In this framework,
central phenotypes act as key hubs that link environmental factors
to adverse health effects. Comprehensive toxicological databases,
such as the Comparative Toxicogenomics Database (CTD) [13],
along with recent advances in multi-omics technologies, have
created unprecedented opportunities to integrate vast amounts of
heterogeneous data.

However, traditional frameworks often fail to account for the
context-dependent nature of toxicity. The same chemical exposure
may perturb multiple biological pathways, with effects that
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diverge or converge, depending on the biological system in ques-
tion. To overcome this limitation, we introduce AOP-ExpoVis, a
computational platform that redefines toxicity pathway discovery
by integrating exposome-disease networks with AOP ontologies.
The platform's core algorithm employs a weighted
phenotype-disease (WPD) scoring system to quantitatively prior-
itize phenotypes based on their topological centrality within the
exposure—disease network and their semantic alignment with
established AOP key events (KEs). Through iterative phenotype
weighting informed by WPD scores and semi-supervised learning,
AOP-ExpoVis enables the dynamic identification of KEs and their
interdependencies, thus offering a more accurate and contextually
relevant understanding of chemical toxicity. This approach en-
hances the predictive power of existing toxicological models and
provides a novel framework for mapping the intricate, multidi-
mensional interactions between health outcomes and environ-
mental pollutants.

To demonstrate the versatility and experimental robustness of
this approach, we apply AOP-ExpoVis to three well-characterized
environmental contaminants with established toxicological asso-
ciations but incompletely understood mechanisms:

. 2,2',4,4'-tetrabromodiphenyl ether (BDE-47) [14], recognized
for its neurotoxicity;

ii. Arsenic, a Class I human carcinogen linked to increased breast

cancer risk [15]; and

j=H

iii. Perfluorooctanoic acid (PFOA) and perfluorooctane sulfonic
acid (PFOS) [16], which have been associated with liver

dysfunction and fatty liver disease.

For each of these chemicals, we systematically construct
toxicity pathway maps as follows:

1. For BDE-47, we combine AOP-ExpoVis-based predictions with
in vitro transcriptomic validation to identify KEs leading to
neurocognitive deficits;

2. For arsenic, we employ phenotypic intersection analysis and
AOP enrichment screening to uncover potential toxic pathways
linking exposure to breast cancer; and

3. For PFOA and PFOS, we use transcriptomic data from treated
human hepatocellular carcinoma cells (HepG2) in the Gene
Expression Omnibus (GEO) database to compare shared and
chemical-specific mechanisms of liver injury.

Through these investigations, we aim to establish a compre-
hensive mechanistic framework that links chemical exposures to
adverse health risks, providing a powerful tool to advance envi-
ronmental health science and improve regulatory decision-
making.

2. Materials and methods
2.1. Development of the AOP-ExpoVis platform

The AOP-ExpoVis platform was engineered as a comprehensive,
web-based analytical environment using R v3.6.1 and the Shiny
framework. This platform integrates chemical-phenotype-disease
associations with AOPs to facilitate the exploration of toxicological
mechanisms. Central to this integration is the WPD scoring system,
which quantifies the strength of associations between chemicals
and disease endpoints by integrating multi-source evidence. This
score allows for the ranking and prioritization of potential toxi-
cological links. For the comprehensive algorithms, detailed pro-
cesses, and specific parameter settings used in the development
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and implementation of the AOP-ExpoVis platform, please refer to
Supplementary Method.

2.1.1. Data acquisition and preparation

Datasets encompassing chemical-phenotype-disease associa-
tions were sourced from the CTD (http://ctdbase.org/), ensuring
extensive coverage of relevant associations [13]. Phenotypes were
systematically mapped to their corresponding Gene Ontology (GO)
terms, while diseases were categorized based on the Medical
Subject Headings (MeSH) hierarchy. Data harmonization was
conducted to standardize chemical names by consolidating mul-
tiple aliases and identifiers into a consistent nomenclature.
Filtering procedures were applied to exclude records with non-
specific phenotypes or incomplete mappings, thereby enhancing
the quality and reliability of the data. Subsequently, datasets were
merged by using common identifiers, such as gene symbols,
chemical names, and disease IDs, to construct a unified network
encompassing genes, chemicals, phenotypes, and diseases. AOP
data and KE information were obtained from the AOP-Wiki data-
base (https://aopwiki.org/) as structured datasets containing KE
definitions, relationships, and biological components. Detailed
information is provided (Supplementary Method Sections 1.1 and
1.2).

2.1.2. Network architecture and the WPD scoring algorithm

The curated associations were formalized as a heterogeneous,
undirected graph I = (V, E, w). The vertex set V comprises
chemicals (C), genes (G), phenotypes (PH), and diseases (D), and
the edge set E represents binary associations between these en-
tities (e.g., C-G, G-PH). We defined an evidence-weighted adja-
cency matrix A, with edge weights (wj;) calculated using equation

(1):
7’1' (1)

where Nj is the number of peer-reviewed articles in CTD sup-
porting the specific association between entities i and j, and >, Ny,
represents the total number of studies supporting all associations
involving entity i. This normalization mitigates bias from highly
studied entities. Nodes represent entities, while edges encode
weighted interactions. Degree centrality for genes and chemicals is
computed by summing weighted connections to phenotypes and
diseases and then quantifying node importance based on
connectivity.

The statistical significance of overlaps between distinct entity
sets (e.g., phenotypes associated with specific chemicals and dis-
eases) was evaluated using a hypergeometric test. We computed
the probability of observing (equation (2)) at least m shared en-
tities under random sampling without replacement:

P(X>m) = minffm (g) (g"__i) (I:y__n’?) (2)

s GG

where (g) denotes the binomial coefficient, which represents

the number of ways that B elements can be chosen from a set of A
elements, N represents the total number of entities (genes or
chemicals), m is the number of overlapping entities observed, and
ny and ny are the sizes of the two individual sets being compared.
This calculation helps determine whether the observed overlap
exceeds what would be expected by chance.

The WPD score is a composite metric designed to quantify the
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relevance of KEs within the integrated exposome-AOP network by
synergistically combining two computational approaches: hyper-
geometric scoring and degree centrality. For each KE, the WPD;
score is defined as:

WPD; = — {Wgene X (IOglopgene + loglopgene,comb) 3)

+ Wchemical X (lOglopchemical + 10g10pchemical,c0mb)}

where pgene and pcpemical FePresent hypergeometric probabilities
indicating the significance of gene and chemical associations,
respectively; Wgene and W pemicas denote weight factors derived
from degree centrality, reflecting the topological importance of
genes and chemicals within the network; and pgepe comp and
Pchemical.comb correspond to combined hypergeometric probabili-
ties that account for multi-entity associations. The detailed
methodologies underlying the network construction process and
WPD calculations are provided in Supplementary Method Sections
1.3 and 1.4.

2.1.3. Integration with adverse outcome pathways

To bridge computationally derived phenotype associations
with established toxicological mechanisms, we systematically
mapped all identified phenotypes to KEs within AOPs sourced
from the AOP-Wiki database. This curated repository provides
standardized descriptions and hierarchical relationships among
molecular initiating events (MIEs), KEs, and adverse outcomes
(AOs) (https://aopwiki.org/). For each phenotype, we matched its
GO terms to the GO annotations associated with candidate KEs,

and quantified the phenotype-KE association strength
(Sphenotype—KE) as
Sphenotype—l(E = Z Wgene(ci) + ZWChemical(Ci) (4)

GieG GeC

where G and C denote the sets of genes and chemicals associated
with the phenotype, and Weene(G;) and Wepemical (Ci) are the cor-
responding entity weights. The detailed methodology is described
in Supplementary Method Section 1.4.

2.14. Core algorithms

We assessed whether the phenotype data exhibited intrinsic
clustering structure using the Hopkins statistic (H), computed with
the factoextra R package, before performing cluster analysis. The
statistic was defined as

>l
He— £wi=17i (5)
YU+ Y w;

where u; denotes the distance from a uniformly distributed
random point to its nearest neighbor in the actual data, and w;
represents the distance from an actual data point to its nearest
neighbor within the same dataset. A Hopkins statistic value close
to 1, well above the 0.5 benchmark for randomness, indicates a
strong clustering tendency, supporting the use of subsequent
cluster-based analyses.

To evaluate the functional coherence of clustered phenotypes,
the semantic similarity between GO terms was quantified using
the R packages GOSemSim and GOSim with the Wang method
[17-19]. This method measures the functional similarity between
two GO terms by considering their locations in the GO graph
structure as well as the semantic contributions of their ancestor
terms. The resulting similarity score ranges from 0 to 1, reflecting
the degree of functional relatedness between the terms based on
the ontology's structure. High semantic similarity scores
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(approaching 1) indicate that phenotypes within a cluster partic-
ipate in overlapping biological processes, molecular functions, or
cellular components, thereby validating the biological relevance
and non-random nature of the identified clusters.

To enable consistent comparison of association strengths
across phenotypes and chemicals, we converted phenotype-
specific association strengths to rank percentiles. For each chem-
ical, phenotypes were ranked by association strength, and the rank
percentile for phenotype i was computed as its rank divided by the
total number of phenotypes. Full algorithmic details, including
formulas and implementation, are provided in Supplementary
Method Section 1.5.

2.1.5. Implementation and visualization

The AOP-ExpoVis platform is a freely accessible, open-source
tool with an intuitive user interface that enables seamless inter-
action and robust data exploration. It allows users to select
chemicals and disease classifications, visualize complex chem-
ical-phenotype-disease associations, perform detailed phenotype
analyses, and interact with dynamic heatmaps that illustrate
phenotype clustering across diverse disease endpoints. Imple-
mentation specifics and advanced visualization techniques are
detailed in Supplementary Method Section 1.6, while Supple-
mentary Method Section 1.7 provides comprehensive benchmarks
of computational performance, highlighting the platform's scal-
ability, runtime efficiency, and memory usage across datasets of
varying sizes. For complete usage guidelines, including step-by-
step instructions and examples, please refer to the user manual
(Supplementary Text). The platform is accessible directly in a web
browser, without additional software installation, at http://47.92.
117.247:3838/A0OP-ExpoVis. The source code is hosted on GitHub
at https://github.com/HealthEWS/AOP-ExpoVis.

2.2. Case studies

To validate the practical utility of the AOP-ExpoVis framework,
case studies were performed on three representative environ-
mental contaminants with different health implications: BDE-47
(neurotoxicity), arsenic (breast cancer), and the perfluoroalkyl
substances PFOA and PFOS (liver injury).

2.2.1. Data acquisition and phenotype association analysis

For the three target chemicals or chemical groups—BDE-47
(MeSH: C108444), arsenic (MeSH: D001151), and perfluoroalkyl
substances (PFOA [MeSH: (€023036] and PFOS [MeSH:
C072883])—phenotypes demonstrating significant associations
were retrieved from the CTD using their respective MeSH identi-
fiers. Disease-related phenotypes were similarly obtained for each
health outcome: cognitive dysfunction (including Alzheimer's
disease [MeSH: D000544], Parkinson's disease [D010300], mem-
ory disorders [D008569], learning disabilities [D007859], and in-
tellectual disability [D008607]), breast cancer (including breast
neoplasms [D001943], inflammatory breast neoplasms [D058922],
triple-negative breast neoplasms [D064726], and carcinoma,
ductal, breast [D018270]), and liver diseases (including liver dis-
eases [D008107], liver cirrhosis [D008103], hepatitis [DO06505],
fatty liver [D005234], and non-alcoholic fatty liver disease
[D065626]). To systematically retrieve relevant KEs for each
chemical, an AOP knowledge base-driven strategy was employed.

2.2.2. Identification and prioritization of shared phenotypes; AOP
matching

To pinpoint core phenotypes implicated in chemical-disease
associations, phenotypes shared by each chemical and their cor-
responding disease outcomes were first identified and considered
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as candidate KEs. A network topology-based algorithm was sub-
sequently applied to compute the WPD score for each shared
phenotype. The phenotypes were ranked by WPD scores, and high-
ranking candidates were selected for cluster analysis to prelimi-
narily elucidate potential mechanisms underlying contaminant-
induced phenotypes. The optimal subset of phenotypes was
determined using the Hopkins statistic, with a threshold of 0.5 or
higher indicating a valid clustering structure. These phenotypes
were then mapped to known KEs within the AOP-Wiki database to
facilitate functional annotation and AOP inference. Final AOP
screening was conducted based on enrichment ratios and quan-
titative scores. To enhance the biological relevance and accuracy of
this screening, a functional-relevance filtering module embedded
in the AOP-ExpoVis platform was employed. This module lever-
aged disease-specific keywords to refine the AOP selection: for
BDE-47, terms such as “neuro” and “memory” were used; for
arsenic, “cancer,” “breast,” and “fatty” were applied; and for the
PFAS compounds, “liver” served as the primary filter.

2.2.3. In vitro validation of BDE-47-induced HT22 cell dysfunction

Cell culture and treatment. We cultured HT22 mouse hippo-
campal neuronal cells (purchased from Wuhan Pnosi Biological
Technology Co., Ltd., Wuhan, China) in Dulbecco's Modified Eagle's
Medium (DMEM, Gibco, New York, USA) supplemented with 10%
fetal bovine serum (FBS, Biological Industries, Kibbutz Beit-
Haemek, Israel), 100 U mL~! penicillin, and 100 pg mL~! strepto-
mycin (Biological Industries, Kibbutz Beit-Haemek, Israel) under
standard conditions (37 °C, 5% CO,). The medium was refreshed
every 48 h, and cells were subcultured at 80-90% confluence using
0.25% trypsin (Gibco, New York, USA). The cells were passaged at a
1:4 ratio and maintained at an appropriate density for subsequent
experiments. To assess the toxicity of BDE-47 (CAS 5436-43-1,
Beijing Huawei Ruike Chemical Co., Ltd., Beijing, China), cells were
exposed to 2.5, 5, and 10 pM, representing low, medium, and high
exposure levels, respectively. To evaluate aryl hydrocarbon re-
ceptor (AhR) involvement, the specific AhR antagonist CH-223191
(Cat. #C8124, CAS 301326-22-7, Sigma-Aldrich, St. Louis, MO, USA)
was co-administered with BDE-47. Dimethyl sulfoxide (DMSO;
final concentration 0.1%) served as the vehicle control. The
experimental design comprised two parts: (1) dose-dependent
cytotoxicity assessment of BDE-47 and (2) evaluation of AhR
pathway involvement in BDE-47-induced responses.

Cell viability and morphological analysis. Cell viability was
quantified using a Cell Counting Kit-8 (CCK-8; Cat. #C0038,
Biyuntian Biotech, Shanghai, China), a colorimetric assay that
measures WST-8 reduction to formazan by cellular de-
hydrogenases, following the manufacturer's instructions and
established methodology [20]. Briefly, HT22 cells were seeded in
96-well plates (5000 cells well™!), allowed to adhere overnight,
and treated with BDE-47 for 24 h. Subsequently, 10 pL of CCK-8
solution was added per well, followed by incubation for 1 h at
37 °C in the dark. Absorbance was measured at 450 nm using a
microplate reader (Model 1680, Bio-Rad Laboratories, California,
USA), and viability was normalized to the control group.
Morphological changes were observed under an inverted micro-
scope (Olympus AX71 + 12FL/PH), and alterations in cell shape,
adhesion, and density were evaluated. Images were captured from
three independent wells per group, with at least three random
fields per well.

Transcriptomic analysis and RT-qPCR validation. We extrac-
ted total RNA from HT22 cells exposed to 0, 2.5, 5, or 10 uM BDE-47
for 24 h using RNAiso Plus (Takara Biomedical Technology, Beijing,
China). The quality of the RNA was assessed (NanoDrop for purity;
Agilent 2100 Bioanalyzer for integrity; RNA integrity number
[RIN] > 7). Ribosomal RNA was depleted, and strand-specific
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complementary DNA (cDNA) libraries were prepared using the
TruSeq Stranded mRNA Library Prep Kit (Illumina, USA). Paired-
end sequencing (2 x 150 bp) was performed on an Illumina
Novaseq 4000 platform (Suzhou GENEWIZ, Jiangsu, China). Raw
reads were processed with fastp for quality control, and differen-
tial expression analysis was conducted using DESeq2. Functional
enrichment of differentially expressed genes (DEGs) was analyzed
via GO term enrichment (GOSeq package; P < 0.05) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway analysis.
Based on transcriptomic results, we selected two xenobiotic
metabolism-related genes (Gstp2 and Ugt2b34) for reverse tran-
scription quantitative polymerase chain reaction (RT-qPCR) vali-
dation. cDNA was synthesized using the PrimeScript™ RT Reagent
Kit (Takara Biomedical Technology, Beijing, China), and amplifi-
cation was performed on a 7500 RTqPCR system (Applied Bio-
systems, Massachusetts, USA) using SYBR® Premix Ex Taq™
(Takara Biomedical Technology, Beijing, China). The primer se-
quences are listed (Supplementary Table S1). Relative expression
was calculated using the 24T method, with p-actin as the
endogenous control.

Statistical analysis. Data are presented in the form of
mean =+ standard deviation (SD). We compared groups using one-
way analysis of variance (ANOVA) with least significant difference
(LSD) post hoc tests using SPSS 26.0 (IBM Corp, USA) and GraphPad
Prism 8.0 (GraphPad Software, USA). Statistical significance was
defined as P < 0.05.

2.24. Transcriptomic data analysis of PFOA and PFOS in HepG2
cells

Transcriptomic data for PFOA and PFOS were retrieved from the
GEO database (accession: GSE266866), which profiles whole-
genome expression in HepG2 following 24-h exposure to 35 uM
of each compound. Raw expression matrices and the corre-
sponding metadata were downloaded using the R package GEO-
query. Data preprocessing, normalization, and differential
expression analysis were performed using the limma package.
DEGs were identified with a significance threshold of P < 0.05 and
an absolute log, fold change exceeding the mean + 2 SD of the
global expression variation. This approach—which is analogous to
selecting outliers beyond the 95% confidence interval under a
normal distribution—ensures that only the most robust and bio-
logically relevant changes are considered. The DEGs were func-
tionally annotated via GO and KEGG pathway enrichment analyses
using the clusterProfiler package. Semantic similarity between GO
terms was computed using the Wang method [21], which accounts
for the topological structure of the GO directed acyclic graph.
Hypergeometric testing with Benjamini-Hochberg correction for
multiple comparisons was applied in both the GO and KEGG an-
alyses to identify significantly altered biological processes and
pathways.

2.2.5. Integration of computationally predicted phenotypes with
transcriptomic enrichment profiles

To assess the concordance between computationally inferred
KEs and empirical transcriptomic responses, we performed a
systematic alignment based on the semantic similarity between
GO terms. Phenotypes identified as potential KEs for chemical-
induced diseases constituted the prediction set, while signifi-
cantly enriched GO terms derived from RNA-seq data formed the
experimental set. Pairwise semantic similarities between terms in
both sets were calculated using the GOSemSim package with the
Wang method. A predicted phenotype was considered validated if
it exhibited high functional similarity (i.e., a semantic similarity
score >0.7) with any term within the experimental enrichment set,
indicating pathway-level consistency between the in silico
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3. Results and discussion
3.1. System overview and comparative advantage

We encoded disease-gene, chemical-disease, disease—
phenotype, and chemical-phenotype associations in an adja-
cency matrix (Fig. 1a). Adopting the methodology established by
King et al., we derived edge weights from manually curated evi-
dence within the CTD [22]. To evaluate the statistical significance
of shared phenotypes across chemicals and diseases, we used a
hypergeometric test [23]. The model incorporated direct connec-
tivity probabilities (pgene, Pchemical) @1d combination probabilities
(pgene.combv pchemical.comb) to minimize bias from high-degree
nodes (extensively studied chemicals or diseases), consistent
with network-based ranking studies [24-26].

The WPD score (Fig. 1b) integrates gene- and chemical-derived
hypergeometric probabilities into a unified metric, demonstrating
conceptual alignment with the Sxya/Wxys framework [22]. This
score prioritizes phenotypes associated with specific, low-
connectivity genes or chemicals rather than hub-connected en-
tities. We then clustered phenotypes based on the semantic sim-
ilarity of their GO terms (Fig. 1c¢), forming toxicity modules
supported by high Hopkins statistics (non-random clustering) and
GOSemSim validation (biological coherence) [27]. These modules
were mapped to known KEs in AOP-Wiki (Fig. 1d), thereby
bridging predictions with established toxicity pathways.

AOP-ExpoVis  diverges fundamentally from WGCNA
(Supplementary Table S2)—which identifies co-expression mod-
ules based on transcriptomic data [12,28]—by integrating multi-
scale evidence (chemicals, genes, phenotypes, and diseases) into
a unified network using combinatorial mathematics and adjacency
matrix operations. Whereas WGCNA outputs gene modules, AOP-
ExpoVis generates WPD scores and phenotype clusters directly
mappable to AOP KEs. This approach aligns with evidence that
local network topology scoring outperforms correlation-based
methods in ranking chemical-disease relationships [29]. Criti-
cally, AOP-ExpoVis prioritizes phenotypes mechanistically linked
to chemical-disease pairs via low-degree associations, reducing
obscuration by hub entities prevalent in large-scale databases. This
established network analytical framework was subsequently
applied to the three case studies to address their distinct mecha-
nistic gaps: predicting neurotoxic pathways for BDE-47, uncover-
ing breast cancer links for arsenic, and delineating shared vs.
specific hepatotoxic mechanisms for PFOA and PFOS.

3.2. Platform implementation and workflow

AOP-ExpoVis was used to synthesize ten CTD-derived tables
(including phenotype, chemical-disease, gene-phenotype, and
hsGO) into a cohesive network. The phenotype table (>367,000
entries) linked chemicals to biological processes, while bp_phe-
notype_disease (>2.5 million records) connected GO terms to
diseases. Chemical-disease associations (>8.6 million entries) in-
tegrated both curated and inferred evidence, with chem-
ical_disease_curated (>100,000 records) providing high-
confidence anchors. Disease hierarchies and gene-phenotype as-
sociations added ontological depth and mechanistic validation.

The platform employed local topology-aware scoring to miti-
gate hub bias. Macro-level visualizations highlighted high-
frequency relationships (Fig. 2a—e), while users could inspect in-
dividual chemicals or diseases to access finer-grained information
about related genes, phenotypes, and supporting evidence (Fig. 2f
and Supplementary Text).
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Fig. 1. Overall framework and workflow of the AOP-ExpoVis platform. a, Construction of a heterogeneous network from the Comparative Toxicogenomics Database, integrating
chemicals, genes, phenotypes, and diseases, and the curated associations among them. b, Application of the weighted phenotype-disease (WPD) scoring algorithm that combines
hypergeometric testing and network topology to calculate phenotypic significance scores, identifying key phenotypes associated with specific chemical-disease pairs while
avoiding hub node bias. ¢, Identification of phenotype modules by clustering prioritized phenotypes based on Gene Ontology (GO) term semantic similarity, with cluster tendency
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dictions with established toxicity pathways to generate testable mechanistic hypotheses.

3.3. Case study 1: phenotypic inference of BDE-47-induced
neurodegenerative disorders

3.3.1. Phenotype-disease mapping and KE identification via AOP-
ExpoVis

BDE-47 exposure was associated with 115 phenotypes in
normal (non-tumor) tissues or cells, encompassing five neurode-
generative diseases. These conditions overlapped with 111 phe-
notypes, which were identified as potential KEs for BDE-47-
induced pathogenesis. To refine these associations, phenotypes
were prioritized based on significance via the inference network
topology.

The WPD scores of the 111 overlapping phenotypes were
calculated (Supplementary Table S3), followed by hierarchical
clustering and heatmap visualization (Fig. 3a). Distinct shared
phenotypic profiles were observed across diseases, indicating
similar molecular associations with BDE-47. To characterize the
KEs of BDE-47-induced neurodegeneration, the top 40% of phe-
notypes per disease (by WPD score) were selected (Supplementary
Table S4). Cluster analysis of these high-priority phenotypes
(Fig. 3b) revealed significant non-random aggregation (H = 0.676),
and functional similarity analysis of this cluster demonstrated
significant biological coherence. This supports the finding that
BDE-47 may act through common neurobiological mechanisms,
potentially perturbing lipid biosynthesis and glucose homeo-
stasis—two processes critical to neurodegeneration [30-32].

Based on the phenotypes inferred for BDE-47-induced

neurodegenerative disorders, AOP-ExpoVis mapped these to a
total of 204 AOPs. Following functional relevance filtering, 32 AOPs
were retained for further evaluation (Supplementary Table S5).
Among these, four AOPs (Aop:152 (https://aopwiki.org/aops/152),
Aop:500 (https://aopwiki.org/aops/500), Aop:458 ([https://
aopwiki.org/aops/458], and Aop:13 [https://aopwiki.org/aops/
13]) exhibited significant total scores and enrichment ratios
(>0.3). Therefore, they represent core pathways of BDE-47-
induced neurotoxicity.

3.3.2. In vitro validation results of BDE-47-induced neurotoxicity

To elucidate the mechanisms underlying this toxicity, we
focused on the MIE of AOP:458. This represents AhR activation in
the liver, which drives adverse neurodevelopmental outcomes.
AhR is a cytosolic protein that translocates to the nucleus upon
ligand binding, heterodimerizes with AhR nuclear translocator,
and binds dioxin/xenobiotic response elements [33]. As a lipo-
philic ligand, BDE-47 can cross the blood-brain barrier to affect
brain physiology [34]. Prior studies have linked AhR activation to
disrupted neuronal migration [35], impaired hippocampal differ-
entiation and memory [36], dysregulated astrocyte and microglial
function [37,38], and PBDE-induced neurodevelopmental damage
[39-41], supporting the hypothesis that BDE-47 induces cognitive
dysfunction via AhR activation. A mouse hippocampal neuronal
HT22 cell model was established.

BDE-47 reduced HT22 cell viability in a dose-dependent
manner (Supplementary Fig. Sla). Compared to controls,
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Fig. 2. Visualization of chemical-phenotype-disease associations and AOP-ExpoVis platform outputs. a, Distribution of chemical-phenotype associations versus phenotype
counts, annotated with the top 10 chemicals exhibiting the highest phenotype diversity. b, Top 50 diseases ranked by number of associated Gene Ontology (GO) terms, reflecting
functional diversity. ¢, Scatter plot of chemical-disease associations colored by interaction density, highlighting the top 10 chemicals with the highest disease counts. d, Scatter
plot of curated high-confidence chemical-disease associations. e, Disease-gene association network highlighting the top 10 diseases with the most significant connections. f,
Example AOP-ExpoVis query output displaying mapped phenotypes, diseases, and exposure-outcome relationships for specific chemicals.

viability decreased by 11.91-57.98% (all P < 0.01) at 2.5-160 pM. We
therefore selected 2.5 pM (low), 5 pM (medium), and 10 pM (high)
for subsequent experiments. CH-223191 (AhR inhibitor) had no

significant effect on viability at 3-12 uM (Supplementary Fig. S1b),
so 10 uM BDE-47 and 12 uM CH-223191 was used for cotreatment.
Morphologically, 2.5 uM BDE-47 caused no obvious changes; 5 pM
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Fig. 3. Phenotypic inference by AOP-ExpoVis and in vitro validation of BDE-47-induced neurotoxicity. a, Heatmap with hierarchical clustering of shared phenotypes across
neurodegenerative diseases (intellectual disability, Alzheimer's disease, Parkinson's disease, learning disabilities, memory disorders) associated with BDE-47 exposure. Generated
via AOP-ExpoVis. b, Semantic similarity matrix of Gene Ontology (GO) terms for phenotypes, showing functional coherence of clustered phenotypes. Generated via AOP-ExpoVis.
¢, Morphological changes in HT22 cells under different concentrations of BDE-47 (Control; 2.5 uM BDE-47; 5 uM BDE-47; 10 uM BDE-47; 400 x magnification). d, Comparison of
differentially expressed genes (DEGs) in the low (2.5 pM), medium (5 pM), and high (10 pM) treatment groups relative to the control group, showing the number of upregulated
and downregulated genes. e, Venn diagram of DEGs across BDE-47 dose groups. f, Heatmap of DEGs, with the x-axis representing treatment groups and the y-axis representing
individual genes. The color gradient (blue to red) indicates gene expression levels from low to high. g-i, Bubble plots of Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway enrichment analysis for DEGs in low (g), medium (h), and high (i) dose groups. j, Venn diagram of KEGG pathway enrichment across dose groups, focusing on metabolism
of xenobiotics by cytochrome P450. k-1, Reverse transcription quantitative polymerase chain reaction validation of Gstp2 (k) and Ugt2b34 (1) mRNA expression in HT22 cells (n = 4
per group) treated with 10 pM BDE-47, with or without AhR inhibitor CH-223191. *P < 0.05 vs. control group; ***P < 0.001 vs. control group; #P < 0.05 vs. 10 uM BDE-47 group;
##P < 0.01 vs. 10 uM BDE-47 group. m, Semantic similarity distribution between predicted phenotypes and GO terms from transcriptomic profiles. The histogram (gray) shows the
frequency of semantic similarity values, and the red density curve indicates the distribution trend. The dashed line represents the validation threshold (semantic similarity >0.7).

reduced cell numbers and shortened synapses; and 10 uM induced
marked cell loss, increased intercellular distance, and shrinkage
(Fig. 3¢), confirming dose-dependent cytotoxicity.

Transcriptomic sequencing was performed on HT22 cells
treated with 2.5, 5, and 10 uM BDE-47 for 24 h. The quality of the
RNA satisfied the criteria listed (Supplementary Table S6) (rRNA
A260/280, A260/230 ratios, RIN values). Library integrity and
uniform coverage were confirmed by the analyses presented
(Supplementary Fig. S2). Sequencing results (Supplementary
Table S7) indicated >90% read alignment to the reference
genome and >70% unique mapping, ensuring high depth and

reproducibility. DEG analysis revealed 114 (45 upregulated, 69
downregulated), 113 (36 upregulated, 77 downregulated), and 123
(43 upregulated, 80 downregulated) DEGs in the low-, medium-,
and high-dose groups, respectively (Fig. 3d). A Venn diagram
(Fig. 3e) and a heatmap (Fig. 3f) represented distinct expression
patterns across doses, with more pronounced changes in the high-
dose group. KEGG pathway enrichment analysis (Fig. 3g-i) iden-
tified “metabolism of xenobiotics by cytochrome P450” as signif-
icantly enriched in all dose groups (Fig. 3j). The CYP450 enzyme
family catalyzes oxidative reactions [42], accounting for 70-80% of
xenobiotic-metabolizing enzymes critical to drug
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Fig. 3. (continued).

We validated two key genes (Gstp2 and Ugt2b34) in this
pathway. CH-223191 alone had no effect on their mRNA

biotransformation [43,44], and it is involved in PBDE biotransfor-
mation, where it alters bioactivity and toxicity [45,46].
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expression, but 10 uM BDE-47 significantly upregulated Gstp2 and
downregulated Ugt2b34 (both P < 0.05; Fig. 3k and 1). Cotreatment
with BDE-47 and CH-223191 partially reversed these changes
(P < 0.05), indicating that AhR activation regulates Gstp2/Ugt2b34
expression to affect HT22 cell metabolism. This is consistent with
prior reports that AhR forms stable complexes with exogenous and
endogenous molecules [47-50].

Integrating AOP-inferred phenotypic KEs with GO terms from
the high-dose transcriptomic profile revealed significant concor-
dance: 14 of the 111 predicted phenotypes (encompassing epige-
netic regulation, calcium homeostasis, oxidative stress, and
apoptosis) were recapitulated in exposed cells (semantic similarity
>0.7) (Fig. 3m, Supplementary Table S4). This convergence vali-
dates the computational model and delineates a coherent mech-
anistic network underlying BDE-47-induced neuronal dysfunction.

3.4. Case study 2: phenotypic inference of arsenic-induced breast
carcinogenesis

In this study, we screened 311 phenotypes associated with
arsenic exposure and focused on four breast cancer types: breast
neoplasms (D001943), inflammatory breast neoplasms (D058922),
triple negative breast neoplasms (D064726), and carcinoma,
ductal, breast (D018270). The analysis identified 246 phenotypes
that overlapped between these four breast cancers and arsenic
exposure, suggesting their potential role as KEs in arsenic-induced
pathogenesis. To precisely characterize the phenotype-disease
associations implicated in these mechanisms, we prioritized the
phenotypes based on network topology and performed cluster
analysis and heatmap visualization using the WPD scores of the
overlapping phenotypes (Fig. 4a, Supplementary Table S8). The
results revealed that these breast cancer types share distinct
phenotypic profiles.

In subsequent characterization, we selected the top 20% of
phenotypes with the highest WPD scores for each disease for
further analysis (Fig. 4b, Supplementary Table S9). Cluster analysis
of these high-priority phenotypes demonstrated a significant
tendency toward clustering (H = 0.631), indicating an underlying
common biological function. This observation suggests, at a
mechanistic level, that arsenic-induced breast carcinogenesis may
operate through shared oncogenic pathways, particularly by dis-
rupting DNA damage response and cell cycle control, and by
altering homeostasis of programmed cell death—two critical
processes in tumorigenesis.

The AOP-ExpoVis analysis of arsenic and breast cancer revealed
connections to 180 potential AOPs. After applying functional
relevance filtering, 25 AOPs were selected for detailed analysis.
From these, the five AOPs with the highest enrichment scores
(AOP: 57 [https://aopwiki.org/aops/57], AOP: 60 [https://aopwiki.
org/aops/60], AOP: 505 [https://aopwiki.org/aops/505], AOP: 139
[https://aopwiki.org/aops/139], and AOP: 141 [https://aopwiki.
org/aops/141]) were postulated as core mechanisms of arsenic-
induced breast cancer toxicity (Supplementary Table S10).
Notably, AOP:57—which features activation of the AhR as the
MIE—ranked highest. This corroborates King et al.’s earlier infer-
ence that GO term enrichment of chemical-disease associated
genes implicates AhR in arsenic-related breast carcinogenesis.
However, whereas their approach was confined to the AhR
signaling pathway, the AOP-ExpoVis platform not only confirmed
this pathway as top-ranked but also uncovered a broader array of
candidate pathways, thereby expanding the mechanistic land-
scape of arsenic-induced breast cancer. This multi-pathway
perspective better reflects the established notion that environ-
mental pollutants often act through diverse biological routes to
influence disease outcomes.
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Notably, AOP:60—the second most highly enriched AOP iden-
tified here—implicates the pregnane X receptor (PXR), a nuclear
receptor with recognized roles in cancer [51]. Although arsenic-
induced AhR activation has been documented in carcinogenesis
[52,53], and both PXR and AhR are known as key regulators of
xenobiotic metabolism [54], no direct role for arsenic in PXR-
mediated breast cancer risk has been experimentally established.
Given arsenic's endocrine-disrupting properties, its potential ac-
tivity via PXR activation presents a biologically plausible yet un-
explored mechanism.

3.5. Case study 3: phenotypic inference in PFAS-induced liver
disorders

Our analysis identified 286 and 240 phenotypes demonstrating
significant associations with PFOA and PFOS exposure, respec-
tively. We focused on five major liver disorders: liver diseases
(D008107), liver cirrhosis (D008103), hepatitis (D006505), fatty
liver (D005234), and non-alcoholic fatty liver disease (D065626).
Phenotypic intersection analysis revealed 207 (PFOA) and 213
(PFOS) phenotypes shared with these hepatic conditions, which
are proposed as potential KEs in PFAS-induced liver pathophysi-
ology (Supplementary Tables S11-S12). To clarify
phenotype-disease relationships, a network topology-based pri-
oritization approach was applied. The WPD scores of overlapping
phenotypes were subjected to cluster analysis and heatmap
visualization, demonstrating that these liver disorders exhibit
characteristic phenotypic signatures with substantial commonal-
ities (Fig. 4c and d). Further investigation focused on the top 30%
most significant phenotypes based on WPD scores for each con-
dition. Cluster analysis of these high-priority phenotypes revealed
strong clustering (H = 0.785 for PFOA and 0.753 for PFOS), sup-
porting the existence of convergent biological mechanisms (Fig. 4e
and f, Supplementary Tables S13-S14).

Using the AOP-ExpoVis platform, PFOA and PFOS were linked to
251 and 266 AOPs, respectively, via shared phenotypes, with 57
(PFOA) and 87 (PFOS) AOPs exhibiting significant enrichment. Key
liver injury-related AOPs were identified: Aop:60 (https://aopwiki.
org/aops/60), Aop:377 (https://aopwiki.org/aops/377), Aop:57
(https://aopwiki.org/aops/57), Aop:58 (https://aopwiki.org/aops/
58), and Aop:529 (https://aopwiki.org/aops/529) (PFOA)
(Supplementary Table S15); as well as Aop:57, Aop:58, Aop:60,
Aop:494 (https://aopwiki.org/aops/494), and Aop:123 (https://
aopwiki.org/aops/123) (PFOS) (Supplementary Table S16).

The study indicates that both PFAS compounds can disrupt liver
homeostasis through coordinated pathogenic pathways. Specif-
ically, PFOA primarily induces liver injury via the Aop:60 pathway,
which involves PXR/SXR receptor activation leading to lipid
metabolism disruption, and via the Aop:377 pathway, which me-
diates immune activation and triggers inflammatory responses. In
contrast, PFOS acts mainly through the Aop:57 pathway initiated
by AhR activation, promoting lipid accumulation, and the Aop:58
pathway, which disrupts lipid metabolism balance via multiple
nuclear receptors. Their mechanistic profiles exhibit significant
commonalities, such as shared lipid metabolism disruption path-
ways represented by Aop:57 and Aop:58, as well as chemical-
specific mechanisms, such as the inflammation-related Aop:377
(which is uniquely associated with PFOA), indicating both over-
lapping and distinct pathogenic characteristics.

To experimentally validate the aforementioned phenotypic
network and AOP inferences, we analyzed an independent GEO
transcriptomic dataset. For PFOA, the analysis began with rigorous
quality control. Principal component analysis (PCA) revealed a
clear separation between the exposure and control groups along
PC1, with good intragroup clustering (Supplementary Fig. S3a).
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Fig. 4. Phenotypic inference of arsenic-induced breast carcinogenesis and PFAS-induced liver disorders via AOP-ExpoVis. a, Hierarchical heatmap of weighted phenotype-
disease (WPD)-ranked shared phenotypes between arsenic and breast cancer subtypes (inflammatory, triple negative, ductal, breast neoplasms). b, Gene Ontology (GO) semantic
similarity matrix for arsenic-breast cancer phenotypes, demonstrating functional coherence of clusters. ¢, Hierarchical heatmap of WPD-ranked shared phenotypes between
perfluorooctanoic acid (PFOA) and liver diseases (cirrhosis, hepatitis, fatty liver, non-alcoholic fatty liver disease [NAFLD]). d, Hierarchical heatmap of WPD-ranked shared
phenotypes between PFOS and liver diseases (cirrhosis, hepatitis, fatty liver, NAFLD). e, GO semantic similarity matrix for PFOA-liver disease phenotypes, illustrating functional
convergence. f, GO semantic similarity matrix for PFOS-liver disease phenotypes, demonstrating pathway coherence. g-h, Semantic similarity distribution between predicted
phenotypes and transcriptomic GO terms for PFOA (g) and perfluorooctane sulfonate (PFOS, h), with dashed line indicating validation threshold (>0.7). All heatmaps in this figure

were generated within the AOP-ExpoVis platform.
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Fig. 4. (continued).

Boxplots of gene expression abundance confirmed the reliability of
the data normalization process (Supplementary Fig. S3b), and a
heatmap of the top 50 most significant DEGs further corroborated
the distinct transcriptomic profile (Supplementary Fig. S3c). Dif-
ferential expression analysis revealed that PFOA exposure induced
significant expression changes in 698 genes (370 upregulated, 328
downregulated) (Supplementary Fig. S3d). Functional enrichment
analysis of the upregulated genes revealed its distinct toxic
mechanisms: GO analysis indicated significant enrichment in
biological processes such as synaptic organization, regulation of
cell adhesion, and ERK/NF-xB signaling pathways (Supplementary
Fig. S3e), while KEGG analysis highlighted pathways involved in
cell adhesion and migration, intracellular signal transduction, and
immune-inflammatory responses (Supplementary Fig. S3f).

For PFOS, we applied a parallel analytical workflow. Similarly,
PCA demonstrated clear separation from the control group
(Supplementary Fig. S4a), normalized gene expression abundance
was verified (Supplementary Fig. S4b), and a heatmap of the top 50
DEGs confirmed a distinct transcriptional signature (Supplementary
Fig. S4c). PFOS exposure affected 697 genes (294 upregulated, 403
downregulated) (Supplementary Fig. S4d). Functional enrichment
analysis of the upregulated genes suggested a different pattern: GO
analysis was primarily associated with sterol or cholesterol meta-
bolic processes and phospholipid metabolism (Supplementary
Fig. S4e), while KEGG analysis demonstrated significant enrich-
ment in lipid and fatty acid metabolism, central energy metabolism,
and metabolic-inflammatory interactions (Supplementary Fig. S4f).
These findings collectively indicate that PFOA and PFOS induce toxic
effects through distinct molecular mechanisms. PFOA primarily
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affects cell communication and signal transduction, while PFOS
markedly disrupts hepatic lipid homeostasis and core metabolic
processes.

A cross-validation analysis was performed to align the pheno-
typic KEs inferred using AOP with the transcriptomic GO profiles
from the GEO dataset, demonstrating significant concordance
between the computational predictions and the empirical evi-
dence. Specifically, 22 of the 207 phenotypes for PFOA (Fig. 4g,
Supplementary Table S13) and 64 of the 213 for PFOS (Fig. 4h,
Supplementary Table S14) were recapitulated in the exposed
liver models (semantic similarity >0.7). The validated PFOA phe-
notypes revealed predominant enrichment in inflammatory and
immune responses—including leukocyte migration involved in
inflammatory response and T cell proliferation—along with
fundamental cellular processes, such as cell population prolifera-
tion and apoptosis. In striking contrast, the extensively validated
PFOS network highlighted comprehensive disruption of lipid and
metabolic homeostasis, encompassing fatty acid homeostasis,
cholesterol biosynthesis processes, triglyceride metabolic pro-
cesses, and lipid catabolic processes. This clear mechanistic
divergence—where PFOA primarily drives inflammation and pro-
liferation, while PFOS orchestrates broad rewiring of hepatic
metabolism—provides compelling molecular evidence for their
distinct pathogenic roles in liver injury while robustly validating
the respective AOP networks.

Based on external validation data, PFOA shows phenotypic
characteristics dominated by inflammatory and immune re-
sponses, in stark contrast to the comprehensive lipid metabolic
disruption observed in PFOS. These independent data are highly
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consistent with our predictions from the AOP-ExpoVis platform.
The prominent inflammatory and immune phenotypes of PFOA
directly confirm the critical role of the Aop:377 pathway predicted
by the platform, while the extensive lipid metabolic dysregulation
exhibited by PFOS strongly supports the central importance of the
platform-identified Aop:57 and Aop:58 pathways. This strong
concordance between the external data and the platform's pre-
dictions strikingly confirms the excellent accuracy and robustness
of the AOP-ExpoVis platform in identifying chemical toxicity
mechanisms. A notable observation from the integrated validation
was that PFOS demonstrated a higher phenotype recapitulation
rate than PFOA. We propose that this may occur because PFOS-
induced hepatotoxicity mechanisms are highly concentrated
within the domain of lipid and metabolic homeostasis. This bio-
logical domain benefits from a particularly well-defined and
structurally comprehensive GO namespace [55], which likely fa-
cilitates more robust semantic matching. This observation leads to
a testable hypothesis: the semantic organization and clarity of a
biological domain itself may influence computational recapitula-
tion efficacy, a possibility that merits further study.

3.6. Synthesis of AOP-ExpoVis platform capabilities across all case
studies

AOP-ExpoVis establishes a predictive toxicological framework
through systematic phenotype-disease mapping, network
topology-based prioritization, and AOP association and pathway
enrichment analysis. Its predictive capability was rigorously vali-
dated across three independent case studies, each designed to
minimize bias and ensure objective assessment. In Case 1 (BDE47),
the platform-identified MIE of AOP:458—AhR activation—was
experimentally validated using a self-constructed in vitro neuronal
model. Transcriptomic and functional assays confirmed AhR acti-
vation and elucidated downstream KEs, including the enrichment
of the “metabolism of xenobiotics by cytochrome P450” pathway
and the regulation of Gstp2 and Ugt2b34, thereby closing the
mechanistic loop from prediction to physiological outcome. In
Case 2 (arsenic), AOP-ExpoVis recapitulated previously established
mechanisms—such as AhR activation (AOP:57)—and proposed
novel plausible pathways, including PXR-mediated signaling
(AOP:60), thereby extending the field's current understanding of
arsenic-induced breast carcinogenesis. In Case 3 (PFAS), the plat-
form's predictions demonstrated strong concordance with an in-
dependent public transcriptomic dataset. It successfully
discriminated between PFOA-driven inflammatory and immune
phenotypes (Aop:377) and PFOS-specific disruptions in lipid and
metabolic homeostasis (Aop:57 and Aop:58), highlighting its
ability to capture compound-specific toxicodynamic profiles.
Critically, throughout all cases, computational predictions and
experimental validation were conducted independently and in
parallel. This deliberate separation ensured that the validation
process remained unbiased, thereby robustly affirming the pre-
dictive power and translational relevance of the AOP-ExpoVis
platform in mechanistically informed chemical safety assessment.

3.7. Limitations of the AOP-ExpoVis platform

Although the AOP-ExpoVis platform has demonstrated prom-
ising predictive capabilities across multiple case studies, several
limitations remain and should be addressed in future work. First,
the platform's reliance on existing knowledge bases, such as AOP-
Wiki and CTD, inherently constrains its predictive scope. Although
systematic inferences were established through phenotypic net-
works, the predicted chemical-phenotype—AOP associations should
be regarded as well-founded hypotheses rather than definitive
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conclusions without experimental validation. Second, the
phenotype-KE mapping strategy prioritizes accuracy by including
only KEs with standardized annotations. While this approach en-
sures reproducibility, it may exclude biologically relevant KEs that
have not yet been formally annotated. Future advances in knowl-
edge representation and natural language processing could help
expand coverage while maintaining reliability. Third, the compu-
tational framework's quantitative capabilities and benchmarking
require further development. Current predictions rely primarily on
qualitative or semi-quantitative methods, such as topological
sorting and enrichment analysis. The platform has yet to incorpo-
rate advanced machine learning models or kinetic parameters,
which would enable it to quantitatively estimate pathway activa-
tion strength or the likelihood of adverse outcomes. Moreover,
although multiple case studies support its utility, systematic per-
formance comparisons with existing tools remain limited. Future
efforts should establish standardized benchmark datasets and
adopt quantitative metrics to more objectively demonstrate the
platform's advantages. Finally, the current version focuses mainly
on single-chemical exposures and linear pathways. To address this
limitation, future developments could expand the platform to
accommodate more complex scenarios, including mixture toxicity,
chronic low-dose effects, and host susceptibility factors, thereby
enhancing its relevance to real-world toxicological assessment.

4. Conclusion

This study establishes AOP-ExpoVis as a powerful, integrative
tool for toxicological research that supports data integration, visu-
alization, and analysis (Supplementary Table S17) [13,56,57]. A key
innovation is the WPD scoring system, which reduces hub bias in
large-scale networks and prioritizes phenotypes that are mecha-
nistically relevant to chemical toxicity. By linking gene, chemical,
phenotype, and disease networks, AOP-ExpoVis enables the identi-
fication of KEs and maps these to curated pathways in AOP-Wiki,
providing a systematic framework for mechanistic inference.

Through three independent case studies involving BDE-47,
arsenic, and PFAS, we demonstrate that AOP-ExpoVis consistently
predicts chemical-specific toxicity pathways. For BDE-47, the plat-
form identified AhR activation as a critical MIE, which was experi-
mentally validated in neuronal cells. For arsenic, it recapitulated
known AhR-mediated breast carcinogenicity and uncovered a novel
role for PXR signaling. For PFAS, it discriminated between PFOA-
driven inflammation and PFOS-induced lipid metabolic disrup-
tion, with predictions supported by external transcriptomic data.

Collectively, these findings highlight the platform's ability to
support chemical prioritization and enhance hazard assessment
by providing mechanistically informed insights into chemical
toxicity.
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