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Abstract

Human health is shaped by both genetics and lifetime environmental exposures. The
exposome framework systematically captures such environmental exposures and links
them to health outcomes. The chemical exposome is of special concern, as thousands
of new chemicals are introduced into the global market annually, with many of them
inevitably finding their way into the environment, yet their effects on human health remain
poorly understood. Traditional toxicity testing relied heavily on slow and expensive animal
studies, resulting in only a fraction of these chemicals being evaluated. In recent years,
computational approaches have emerged as vital alternatives. They help organize toxicity
data to prioritize chemicals for testing and provide mechanistic insights into their adverse
effects. Therefore, in this thesis, we aim to link the chemical exposome to human health
by systematically characterizing the chemical exposome and gaining mechanistic insights

into chemical-induced adverse effects through diverse computational approaches.

As the first objective, we focus on characterizing the chemical exposome associated
with specific human health outcomes. We investigate the chemical exposome of vitiligo
by curating a dedicated knowledgebase of its environmental chemical triggers. We next
explore the chemical space to assess regulatory coverage, and utilize skin-specific transcrip-
tomic signatures to gain mechanistic insights into the otherwise less understood etiology
of this disease. Building on this, we extend our focus to endocrine disrupting chemicals
(EDCs), a broader class of environmental chemicals associated with a wide range of
adverse health effects. We update the Database of Endocrine Disrupting Chemicals and
their Toxicity profiles (DEDuCT) by integrating data from diverse toxicological resources,
providing a single window access to all EDC-relevant information. We further map these
chemicals to Adverse Outcome Pathways (AOPs), and organize all compiled data into a
large-scale toxicology knowledge graph, termed DEDuCT-KG, which we utilize to gain

mechanistic insights into EDC-associated obesity and neurodegenerative disorders.

As the second objective, we expand the scope of our computational investigation

vii



beyond human health, employing diverse network toxicology frameworks to assess the
impacts of inorganic arsenic and cadmium on human and ecosystem health from a One
Health perspective. We construct Aggregate Exposure Pathway (AEP) networks for the
first time in the Indian context, and integrate them with stressor-AOP networks to trace
complete source-to-outcome pathways. We compute Species Sensitivity Distributions
(SSDs) from aquatic toxicity data to estimate hazard concentrations, and integrate them into
stressor-species networks to identify particularly vulnerable species and aid in ecological
risk assessment. Finally, we calculate Risk Quotients (RQs) to gauge the ecological risks

associated with arsenic and cadmium in Indian rivers.

Overall, the resources developed and frameworks utilized in this thesis provide results
and insights that are easily accessible to the scientific community, laying the groundwork
for future efforts towards a more complete characterization of the chemical exposome.
The structured network toxicology investigation provides a basis for exploring the links
between environmental chemical stressors and human and ecosystem health from a One

Health perspective.

viii



Chapter 1

Introduction

Genetics loads the gun, but the environment pulls the trigger.

- Judith Stern

1.1 Background and motivation

Human health is a multifactorial state, and its well-being is influenced by more than
just the diseases it faces. The World Health Organization (WHO) has defined human
health as ‘a state of complete physical, mental, and social well-being and not merely
the absence of disease or infirmity’, emphasizing the role of various external factors in
influencing health. Different individuals are exposed to different sets of external factors
with varying quantities and durations of exposure. In this context, exposome was introduced
to enable prioritization and identification of such exposures towards understanding health
[1]. Exposome is a dynamic, rapidly evolving concept that refers to the life-course of an
individual’s environmental exposures and how these exposures relate to their health [1-3].

Thus, it is important to elucidate the link between the exposome and human health.

The exposome can broadly be categorized into the internal exposome, specific external
exposome, and general external exposome [!]. The internal exposome encompasses

individual’s internal biological environment, including their physiology and age. The
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specific external exposome encompasses the diet, occupational exposures, physical and
biological exposures, while the general external exposome encompasses the broader
societal and environmental factors, such as the socioeconomic status and education levels
among others [1,2,4,5]. These domains are not independent of each other, but rather overlap
and interact in complex ways [ 1,2,4,5]. Beyond these broad domains, other external factors
such as climate change, urbanization, and loss of biodiversity act indirectly by modifying
the factors to which we are exposed, thereby altering our exposome [4]. Moreover, there is
growing evidence that environmental exposures can influence the epigenome, altering gene
activity and expression, with potential transgenerational effects [4,6]. In this fast-changing
world, with a rising burden of lifestyle- and environment-linked diseases, it becomes
increasingly important to characterize the complete exposome to better understand its role
in human health and design preventive strategies. Recognizing this need, global efforts
such as the Human Exposome Project have been conceptualized, in a similar spirit to the
Human Genome Project, to systematically chart the totality of environmental exposures

and their biological consequences [7, 8].

Among the different components of specific external exposome, the chemical expo-
some garners special interest among researchers and regulatory bodies alike. Importantly, it
is one of the fastest expanding components of the exposome, with around 2000 new chemi-
cals being introduced in the consumer space each year [9]. A systematic review of global
chemical inventories has revealed that at least 350000 chemicals have been registered in the
market [10], while nearly 119 million chemical structures have already been documented
in PubChem [ 1], one of the largest openly accessible resources on chemical structures. A
significant fraction of these chemicals inevitably enter the environment through various
anthropogenic activities, yet their effects on human health remain poorly understood [10].
This can be largely attributed to the fact that traditional toxicity testing is heavily reliant
on animal studies, which are expensive, time-consuming, and low-throughput, resulting
in only a fraction of these chemicals being experimentally evaluated for their biological

activity [12]. Moreover, such studies relied on understanding apical toxicities derived from



extremely high doses of chemicals, which were not representative of real-life exposures,

and thus not very informative [13].

Recognizing such limitations, the United States National Research Council (US NRC),
through its landmark vision report titled ‘Toxicity Testing in the 21st Century: A Vision
and a Strategy’, motivated a shift away from conventional animal-based testing strategies
towards computational and high-throughput in vitro approaches [13]. This report also
emphasized the importance of understanding toxicity mechanisms over apical endpoints,
which inspired the development of new approach methodologies (NAMs) that integrate
different in vitro and in silico methods to enhance the efficiency and relevance of toxicity
assessment [14]. Building on this, a follow-up report in 2017 further emphasized the
importance of integrating data within in silico prediction tools, and highlighted that toxicity

data scattered across literature leads to inefficiencies and redundancy [15].

This report further suggested that establishing open-access databases using standard-
ized formats helps enhance data sharing and model development, underscoring the impor-
tance of curated knowledgebases in characterizing the chemical exposome and linking it
to human health. In this direction, the Findable, Accessible, Interoperable, and Reusable
(FAIR) guiding principles have emerged as an important framework to ensure that such
resources are structured in a manner that enables their seamless integration and reuse by
both humans and machines [16]. Specifically, the Findable principle ensures that data and
metadata have unique identifiers to facilitate their discovery and citation. The Accessible
principle ensures that data and metadata are retrievable through their identifiers, and that
metadata remains available even when the data itself cannot be shared. The Interoperable
principle requires that data and metadata use formal and broadly applicable language
to enable knowledge sharing across different resources. Finally, the Reusable principle
emphasizes that the extent of standardization and its endorsement by other resources
should be clearly stated, along with the data usage license, to support reuse across related
domains [ 6]. Together, these principles provide a standardized framework for data sharing

and resource development, and have been increasingly adopted by toxicological databases



and knowledgebases to enhance their utility and accessibility to the research community.

The United States Environmental Protection Agency (USEPA) has been at the forefront
of this global effort of characterizing chemical toxicants, with efforts such as the Tox21
program to test diverse environmental chemicals against different human receptors [17].
This created the first large-scale effort of high throughput toxicity testing, which later got
incorporated under a broader program called ToxCast that integrated data from diverse
sources [18]. Over the years, ToxCast has analyzed assay outputs and provided data
through an online publicly accessible resource, ToxCast invitrodb [19], with the latest
version comprising 9800 chemicals tested across different biological targets, providing a
high confidence dataset to support further in silico developments [20]. The USEPA also
hosts the CompTox Chemicals Dashboard [21], a web-based application that provides
access to a range of chemical datasets and tools, including chemical properties, toxicity data,
exposure information, and bioassay results, to support computational toxicology research
and aid further characterization of chemicals [22,23]. The Comparative Toxicogenomics
Database (CTD) [24,25] is the largest publicly accessible resource curated from published
literature, systematically compiling chemical-gene, chemical-disease, chemical-phenotype,
and gene-disease associations across multiple species, to offer insights into the biological
processes underlying chemical-induced health effects. The Library of Integrated Network-
based Cellular Signatures (LINCS) [26] is another important resource that cataloged
cellular responses to chemical and genetic perturbations across different human cell types,
providing experimentally derived chemical-induced transcriptomics signatures that can aid
in understanding the biological effects of chemicals. While LINCS is no longer actively
updated, its data remains freely accessible through iLINCS [27], an interactive platform
for integrative analysis and visualization of LINCS data. Together, these resources provide
a wealth of chemical toxicological information, but are broad in scope and may not
specifically capture the unique mechanisms and endpoints pertaining to specific adverse
effects. Therefore, there is a need for focused characterization of the chemical exposome

specific to adverse effects, which, when integrated with omics studies, can help decipher



the underlying mechanisms involved in chemical-induced adverse effects that are otherwise

not fully captured by these broad scope resources [28].

Among the NAMs, in silico techniques have emerged as powerful tools that can help
organize the disparate chemical data across the literature and databases, aid in prioritizing
chemicals for further testing, and provide valuable insights into underlying mechanisms,
thereby refining testing strategies [29]. Cheminformatics-based approaches can further
aid in characterizing the chemical space of the exposome, enabling analysis of chemical
diversity, identification of structure-activity relationships, and prioritization of chemicals
based on their structural and physicochemical properties [12]. In addition, chemical-
induced omics signatures can be used to uncover the underlying mechanisms of action of
chemicals, thereby providing insights into the biological pathways perturbed by chemical
exposure [28]. While such targeted approaches can help uncover adverse effect-specific
toxicological insights, understanding the broader adverse effects of chemicals across

multiple biological systems requires a more integrative strategy.

Beyond human health, chemical exposures can also affect animal and ecosystem
health, highlighting the need for a broader perspective that goes beyond human-centric
assessments. The One Health concept recognizes that human, animal, and environmental
health are deeply intertwined, and advocates for an integrated approach to address health
challenges that span across these domains [30, 31]. In particular, chemical stressors have
been identified as a key concern within the One Health framework, as their effects are not
limited to humans alone but extend across multiple species and ecosystems [30]. Therefore,
characterizing the chemical exposome and its impacts from a One Health perspective
requires approaches that can integrate diverse chemical, biological, and ecological data
in a unified framework, which in turn can provide a more comprehensive basis for risk

assessment and support better regulatory and mitigation strategies.

Network toxicology is an emerging computational framework that integrates toxi-
cology, network biology, computational science, and environmental sciences to study

the impact of toxic substances on biological systems [32]. In the context of NAMs, it



provides a novel strategy for integrating diverse environmental and biological data into
network-based frameworks [32, 33]. Importantly, network toxicology also facilitates the
compilation and organization of chemical effects across multiple species, thereby support-
ing the One Health perspective by capturing the interconnectedness of human, animal, and
environmental health [34]. In this thesis, we employ diverse network toxicology-based
computational approaches to systematically characterize the chemical exposome and link

it to human and ecosystem health outcomes.

Knowledge graphs are one such network-based computational framework that has
emerged for organizing diverse information and effectively representing the complex inter-
connections among disparate data sources [35—37]. In knowledge graphs, nodes represent
entities of interest, and the edges denote the semantic relations that characterize the connec-
tions between the entities [35—37]. Such structured representations have provided a basis
for efficiently processing heterogeneous knowledge and have eventually supported the
training and reasoning of modern artificial intelligence (Al) systems [35—37]. In particular,
toxicology knowledge graphs have emerged as a tool to systematically integrate existing
chemical-associated toxicity and biological information, enabling the discovery and expan-
sion of knowledge on chemical-induced toxicities [38—41]. Such representations enable
the exploration of toxicity mechanisms that are otherwise overlooked within individual
data sources, and moreover, organizing toxicological data into a knowledge graph structure
makes it readily usable for Al-based research, thereby expanding the scope of data-driven

investigations into chemical-induced toxicities.

The Aggregate Exposure Pathway (AEP) is another conceptual network toxicology
framework that integrates existing knowledge on the plausible transport or transformation
processes, linking the point of introduction of a chemical or stressor into the environment,
and its concentration at the biological site of action [42—45]. AEPs are considered Next
Generation Risk Assessment (NGRA) tools as they can assist in identifying potential expo-
sure routes, assessing human and ecological risks, and informing regulatory decisions for

better risk management and mitigation strategies [ 14,42,43,46]. The AEP is represented as
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Figure 1.1 (previous page): Schematic representation of network toxicology frameworks utilized
in this thesis. (a) Aggregate Exposure Pathway (AEP) organizing chemical exposure data into
Key Exposure States (KESs), that are directionally linked through Key Transitional Relationships
(KTRs). The origin of chemical is termed Source, and the biological site of action is termed Target
Site Exposure (TSE). (b) AEP network constructed by assembling two different AEPs via shared
KESs. (c) Adverse Outcome Pathway (AOP) organizing toxicity mechanism into Key Events
(KEs), that are directionally linked through Key Event Relationships (KERs). The KEs include
Molecular Initiating Event (MIE) and Adverse Outcome (AO) spanning different biological levels
of organization. (d) AOP network constructed by assembling two different AOPs via shared KEs.
(e) Stressor-AOP network constructed by mapping stressor to KEs, and subsequently assembling
AOPs that comprise the mapped KEs. (f) Source-to-outcome pathways constructed based on the
association between TSE of an AEP and MIE of an AOP. (g) Stressor-species network linking
stressor to species.

a directed graph, where nodes correspond to the presence of a chemical in an environmental
state, termed Key Exposure State (KES), and directional links represent the transport or
transformation from one state to another, termed Key Transitional Relationship (KTR;
Figure 1.1a) [42,43]. The KESs are organized into different levels, including the source,
environmental media, external exposure, internal exposure, and target site exposure (TSE),
which corresponds to the site of molecular interaction or interaction with a biological entity,
thereby clearly capturing the source-to-outcome pathways [42,43]. An AEP network,
constructed by joining different pathways through common KESs, provides a holistic
view of exposures pertaining to a chemical and supports mechanistic understanding of its

movement through the environment (Figure 1.1b) [44,45].

The Adverse Outcome Pathway (AOP) framework is a network toxicology framework
to understand mechanisms underlying stressor-induced toxicities [47-49]. AOP is a
modular framework that describes stressor-induced toxicity as a linear network of causally
linked biological events, known as Key Events (KEs; Figure 1.1¢). This network originates
at a molecular level, termed Molecular Initiating Event (MIE) and progresses to an Adverse
Outcome (AO) of regulatory significance [47—49]. The causal connections between KEs
are termed Key Event Relationships (KERs), and both KEs and KERs are supported by
scientific evidence (Figure 1.1d) [47-49]. AOPs are therefore valuable tools in toxicity

testing, as they support the development of targeted testing strategies, aid in chemical
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prioritization, and provide a mechanistic basis for risk assessment and regulatory decision-
making [47-49]. Importantly, the chemically agnostic nature of AOPs allows mechanistic
knowledge from well-studied chemicals to be leveraged for the assessment of less studied

ones, thereby enhancing the efficiency of chemical safety evaluations [48,49].

The AOP-Wiki [50] is the largest open-source repository for AOPs developed globally,
and is maintained by the Society for the Advancement of Adverse Outcome Pathways
(SAAOP) in collaboration with Organisation for Economic Co-operation and Development
(OECD), to facilitate global and collaborative AOP development. Within AOP-Wiki, infor-
mation is organized across distinct pages for KEs, KERs, AOPs, and associated stressors,
with each page capturing relevant biological and chemical information, including biologi-
cal organization levels, domain of applicability, ontological terms, supporting evidence,
and references [5]. The contributed data is reviewed and endorsed by the Working Party
on Hazard Assessment (WPHA) and the Working Group of the National Coordinators of
the Test Guidelines Programme (WNT) under the OECD AOP development program [51].
The entire AOP-Wiki dataset is freely accessible online, with quarterly updates available
for download, making it a valuable resource for the research community to explore and

expand knowledge on stressor-induced toxicity mechanisms.

The AOPs compiled within AOP-Wiki can further be connected through shared biolog-
ical events to construct AOP networks, which provide a more comprehensive understanding
of complex interactions and cumulative risks from various stressors, enhancing predictive
toxicology, risk assessment, and regulatory decision-making [52-54]. In our earlier work,
we demonstrated the utility of integrating mammalian-centric biological endpoint data
within the AOP framework to explore toxicity mechanisms associated with cadmium [55]
and plastic additives [56], and conducted targeted case studies to gain mechanistic insights
into their associated adverse effects. In parallel, we extended this approach to incorporate
ecotoxicologically-relevant data from the ECOTOX knowledgebase to investigate toxi-
city mechanisms underlying petroleum hydrocarbon-induced toxicity through the AOP

framework [57]. Importantly, stressor-AOP networks were constructed by linking plastic



additives and petroleum hydrocarbons to relevant AOPs as bipartite networks (Figure 1.1e),
providing a broader perspective on the diversity of biological processes impacted by these
chemical stressors [56,57]. Together, these efforts demonstrate that combining mammalian-
centric and ecotoxicologically-relevant data sources within the AOP framework can provide
a more comprehensive and One Health-focused understanding of chemical-induced toxicity

mechanisms across species.

Furthermore, an AEP-AOP construction offers a unified source-to-outcome framework
that mechanistically links contaminant release, environmental transport, exposure, and
toxicological effects [43,58,59]. By bridging exposure science and toxicology, it enables
the integration of external exposures with internal target site concentrations and subsequent
biological responses [43, 58, 59]. Importantly, the TSE defined in the AEP corresponds
directly to the MIE in the AOP, thereby providing the point of connection between the
two frameworks (Figure 1.1f) [42,43]. In this way, the AEP and AOP complement each
other, with the AEP tracing how contaminants reach the site of action and the AOP
describing the subsequent biological cascade leading to adverse outcomes [42,43]. This
combined framework organizes complex mechanistic data, highlights knowledge gaps
for risk assessment, and facilitates broader evaluations within the One Health perspective

[43,58,59].

The stressor-species network is another network toxicology framework that examines
the complex interactions between multiple environmental stressors and various species
within ecosystems (Figure 1.1g) [57,60-62]. Such networks help identify the impacts of
chemical stressors on diverse species, elucidating potential risks to ecosystems and aiding in
the prioritization of regulatory measures [57,60—-62]. Stressor-species networks constructed
using acute and chronic toxicity data can reveal the range of species affected by a given
chemical stressor, while those constructed using bioconcentration factor (BCF) data can
highlight the potential for these chemicals to accumulate within different species, providing
indirect evidence of their potential for biomagnification across the food chain [57]. Such

networks can be constructed using data from the ECOTOX knowledgebase [63], which is
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one of the largest openly accessible repositories of ecotoxicological data, compiled from
published literature across diverse species and chemical stressors. The aquatic toxicity
data compiled within such networks can be further utilized to support environmental risk
assessment strategies, enabling the estimation of potential hazardous concentrations and

the identification of particularly vulnerable species and ecosystems.

Species sensitivity distribution (SSD) is a widely used statistical method in ecological
risk assessment that models the variation in sensitivity of different species to a given
chemical stressor, and derives a hazard concentration affecting a defined percentage of
species [64-66]. Most commonly, the HCOS, which represents the concentration at which
5% of the tested species are affected, is derived from SSDs and is widely used to inform
regulatory guidelines and environmental quality standards, particularly for the derivation
of water quality guidelines [67]. However, a key limitation of the traditional SSD approach
is that it requires sufficient toxicity data across multiple species for each chemical, which
is often not available for many environmental contaminants. To address this, the toxicity-
normalized SSD (SSDn) approach has been proposed as a refined method that normalizes
toxicity data of multiple chemicals based on a sensitive reference species, thereby allowing
the pooling of data from toxicologically similar chemicals and enabling the derivation of
hazard concentration estimates even for chemicals with limited species-specific toxicity
data [68, 69]. Together, SSDs and SSDns provide a robust framework for estimating
the potential hazardous concentrations of chemical stressors in aquatic environments.
The derived HCOS5 values can further be utilized to compute the predicted no-effect
concentration (PNEC) by dividing the HCOS5 by an appropriate assessment factor [70].
Risk quotients (RQs) can then be derived by expressing the measured environmental
concentration (MEC) of a chemical as a fraction of its computed PNEC, thereby providing
a quantitative measure of its associated ecological risk [71,72]. RQ values greater than
one indicate a potential ecological risk, and such assessments can provide valuable inputs
to guide policy decisions and support the development of better regulatory guidelines for

the protection of ecosystem health.
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In this thesis, we aimed to utilize diverse computational approaches to link the chemical
exposome to human and ecosystem health. Towards this, the first objective of this thesis is
to utilize diverse computational approaches to gain mechanistic insights into chemically
induced adverse effects. To achieve this, in Chapter 2, we initially focus on vitiligo, a
complex autoimmune disease of the skin, where chemical exposures have been observed
as potential environmental triggers, yet remain less explored. We systematically curate
a knowledgebase of chemical triggers of vitiligo, and explore their chemical space to
assess existing regulatory coverage. We further utilize skin tissue-specific transcriptomics
signatures to gain mechanistic insights into the otherwise less understood etiology of this
disease. In Chapter 3, we extend this focus to a broader class of chemicals associated with
a wide range of adverse health effects, such as endocrine disrupting chemicals (EDCs). We
update DEDuCT by integrating data from diverse toxicological resources, map EDCs to
AOQOPs to explore their associated toxicity mechanisms, and organize all compiled data into a
large-scale toxicology knowledge graph. We then demonstrate the utility of this knowledge
graph by gaining mechanistic insights into EDC-associated obesity and neurodegenerative

disorders.

The second objective of this thesis is to systematically characterize the environmental
distribution of chemical contaminants, extend the network toxicology framework to trace
their complete source-to-outcome pathways, and assess the broader impacts of chemical
exposure on human and ecosystem health through a One Health perspective. To achieve
this, in Chapter 4, we focus on two prevalent heavy metal pollutants in India, namely,
inorganic arsenic and cadmium. We construct AEP networks to trace their movement from
environmental sources to biological target sites, and integrate them with stressor-AOP
networks to obtain complete source-to-outcome pathways. We further construct stressor-
species networks and compute SSDs to assess the ecological effects of these chemicals
across diverse species and estimate hazard concentrations. Finally, we calculate RQs to

gauge the ecological risks associated with inorganic arsenic and cadmium in Indian rivers.
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1.2 Thesis organization

The remaining chapters of this thesis are organized as follows:

Chapter 2 presents a detailed workflow designed to characterize the chemical expo-
some of vitiligo. We first systematically screen published literature to curate chemical
triggers of vitiligo, along with their sources of exposure and associated published evi-
dence. We then cross-reference these chemicals with the USEPA’s Chemical and Products
Database (CPDat) to explore their presence in daily-use consumer products. Next, we
check for the presence of these chemicals in skin-specific regulation lists across various ju-
risdictions, and compare them against other exposome databases, to identify the uniqueness
of the chemicals in this dataset. We further conduct a systematic cheminformatics-based
analysis to explore the chemical space of these triggers, and compute their scaffolds to
identify regulatory gaps in skin-specific regulations. Finally, we utilize iLINCS to obtain
skin tissue-specific transcriptomics signatures for the vitiligo-triggering chemicals, and
explore the commonly perturbed biological pathways to gain mechanistic insights into the
etiology of the disease. To enable further research, we compile all curated data into an
online knowledgebase, the Vitiligo-linked Chemical Exposome Knowledgebase (ViCEKDb),
accessible at https://cb.imsc.res.in/vicekb/. The work reported in this chapter

is contained in the published manuscript [73].

Chapter 3 presents an updated FAIR-compliant knowledgebase DEDuCTv3.0, and
the first large-scale toxicology knowledge graph associated with EDCs, termed DEDuCT-
KG. We first follow an established four-stage manual screening workflow to curate new
EDCs and their associated endocrine-mediated endpoints from more than 14000 newly
published research articles, and merge them with the previously curated data to obtain a
comprehensive and updated list of EDCs and their associated endocrine-mediated effects.
Next, we curate chemical-gene data from ToxCast invitrodb v4.3 and CTD, and chemical-
phenotype and chemical-disease data from CTD, and integrate it with the chemical-specific

data within the webserver to provide a single point of access to all EDC-related information.
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We also integrate exposure data from CPDat and explore potential exposure sources for
these chemicals in daily-use consumer products. Next, we curate the latest AOP data from
AOP-Wiki, and systematically map the EDCs to these AOPs to construct a stressor-AOP
network for EDCs, and utilize it to explore diverse toxicity mechanisms. Importantly,
in addition to the EDC-specific endocrine-mediated endpoints, we also integrate EDC-
specific human- and rodent-relevant toxicity data curated from ToxCast invitrodb v4.3,
CTD, and NeurotoxKb, and map them to AOPs from AOP-Wiki, thereby broadening
the mechanistic coverage of the EDC-AOP network. Finally, we construct a large-scale
toxicology knowledge graph, DEDuCT-KG, comprising EDCs, associated endocrine-
mediated endpoints, genes, phenotypes, diseases, key events, and AOPs, and make it
accessible through an interactive user interface. We further demonstrate the utility of the
knowledge graph by identifying potential mechanisms of action underlying EDC-associated
obesity and neurodegenerative disorders. The DEDuCT webserver is accessible at https:
//cb.imsc.res.in/deduct/. The work reported in this chapter is contained in the

published manuscript [74].

Chapter 4 presents a comprehensive network toxicology-focused investigation on
the impacts of inorganic arsenic and cadmium from an India-specific One Health perspec-
tive. We first curate inorganic arsenic and cadmium compounds and their toxicological
endpoints from six exposome-relevant resources. Next, we construct AEP networks by
systematically curating India-specific data on their presence across different environmental
and biological states, capturing the complete source-to-biological site of action pathways
for these heavy metals across different environmental media and exposure routes. We
further curate complete and connected AOPs from AOP-Wiki, and systematically map
the extracted toxicological endpoints to identify arsenic- and cadmium-relevant AOPs,
and construct stressor-AOP networks for both arsenic and cadmium. We further explore
the taxonomic applicability of the highly relevant AOPs based on compiled evidence.
Subsequently, we merge the constructed AEP and AOP networks to obtain complete

source-to-outcome pathways for inorganic arsenic and cadmium, and conduct case studies
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supported by published literature to explore key exposure and toxicity mechanisms, and
identify knowledge gaps in terms of human exposures and tissue-level bioaccumulation.
Next, we utilize acute and chronic toxicity and BCF data from the ECOTOX knowl-
edgebase to construct stressor-species networks to assess the ecological effects of these
chemicals across diverse species. We further construct SSDs based on aquatic toxicity
data to estimate HCs for these chemicals in aquatic environments, and integrate the hazard
concentration data into the stressor-species network, enabling the identification of highly
sensitive species and contributing to ecological risk assessment strategies. Finally, we
compute RQs associated with arsenic and cadmium in Indian rivers to assess their ecologi-
cal risks. We have made the constructed networks and related data openly accessible at
https://cb.imsc.res.in/heavymetaltox/. The work reported in this chapter is

contained in the published manuscript [75].

Chapter 5 concludes with a brief summary of the work presented across different
chapters, and discusses the future scope of utilizing computational approaches to investigate

environmental chemicals in the exposome, and link them to human and ecosystem health.
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Chapter 2

ViCEKDb: Vitiligo-linked Chemical

Exposome Knowledgebase

Vitiligo (also known as leukoderma) is a chronic, often long-lasting autoimmune disease,
where the melanocytes are pathologically killed, ultimately resulting in depigmented
patches on the skin [76]. The characteristic vitiligo-linked skin depigmentation recurs after
the cessation of conventional treatments, due to the presence of resident memory T cells in
the lesion [77]. Epidemiological studies have shown that people diagnosed with vitiligo are
also susceptible to other autoimmune disorders like type 1 diabetes, rheumatoid arthritis,
pernicious anemia, and Addison’s disease [78,79]. Apart from health effects, its visible and
early onset in children and young adults negatively affects their psychosocial development,

thereby leading to a decreased quality of life [80,81]. Therefore, understanding the etiology

is important to identify novel treatments for vitiligo.

Vitiligo is a complex disease, wherein environmental factors trigger autoimmune path-
ways depending on the underlying genetic predispositions [$2]. Multiple genome-wide
association studies (GWAS) have extensively examined the genetic loci and variations
associated with vitiligo [83, 84]. There have been simultaneous efforts to generate com-
prehensive gene set databases, such as the Gene and Autoimmune Disease Association

Database (GAAD) [85], and VitiVar [86], that were compiled from the vast resource of
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published literature. Meanwhile, the data on environmental triggers of vitiligo remains
sparse and is poorly understood. Specifically, environmental chemical exposures through
various sources, including occupational and daily use products, have been identified as
potential risk factors for developing the disease [87-90], yet the specific details regarding

these associations remain buried and fragmented across published literature.

In this chapter, we aim to bridge this existing knowledge gap by systematically curating
information on chemical triggers of vitiligo from published literature. Subsequently, we
compare this chemical list against existing chemical regulations and consumer products
to identify regulatory oversights. Thereafter, we employ different cheminformatics-based
approaches to explore the diversity in the chemical space of ViICEKb. Finally, we utilize
skin-specific transcriptomics signatures of these chemicals to gain mechanistic insights
underlying disease pathogenesis. The work reported in this chapter is contained in the

published manuscript [73].

2.1 Methods

2.1.1 Workflow for the compilation of chemical triggers of vitiligo

with supporting evidence in published literature

In this chapter, we first aimed to compile chemical triggers of vitiligo in the human
exposome that have reported evidence in the published literature. To achieve this, we
designed a workflow based on mining published literature to identify reported evidence on
chemical exposure leading to vitiligo pathogenesis, and thereafter, compiled a curated list

of chemicals that can trigger vitiligo in humans (Figure 2.1).

First, we mined PubMed [9 1] using the following query: ‘(leukoderma OR leucoderma
OR vitiligo OR hypopigmentation OR depigmentation) AND (chemical* OR exposure*
OR expose* OR exposing) AND (human[ORGN] OR “Homo sapiens”’[ORGN])’. This

PubMed search, last performed on 10 August 2022, retrieved 1756 articles likely to contain
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Figure 2.1: The workflow to identify published literature containing chemical triggers of vitiligo is
presented as a PRISMA statement. From the shortlisted articles, various chemical information was
retrieved and standardized to curate a list of 113 unique chemical triggers of vitiligo.

information on vitiligo-triggering chemicals in humans. Next, we manually screened
the 1756 articles based on their titles and abstracts and excluded the article if: (i) it did
not contain any chemical information about vitiligo pathogenesis; (ii) it was written in
a language other than English; (iii) it was a review article (Figure 2.1). Consequently,
we identified 322 articles at the end of the screening process, and thereafter, proceeded
to collect their full texts. Here, we excluded an article if it was a book chapter or if
its full text was unavailable. Accordingly, we retrieved 279 full text articles, following

which we manually screened through every article and excluded them if: (i) it contained
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evidence from non-human organisms; (ii) it reported chemicals involved in the downstream
mechanism of vitiligo; (iii) it reported chemical therapeutics for vitiligo; (iv) it reported

chemicals not involved in pathogenesis of vitiligo (Figure 2.1).

Finally, we curated a list of 224 published articles that contained evidence on chemical
exposure leading to the pathogenesis of vitiligo in humans. Figure 2.1 details the workflow
to compile and curate the literature evidence for chemical triggers of vitiligo in humans
and their corresponding information as a PRISMA statement [92]. In the next section,
we describe the workflow for extracting chemical triggers of vitiligo from 224 published

articles.

2.1.2 Curation and compilation of data from shortlisted literature

We manually screened the curated list of 224 published articles to extract information
about chemical triggers of vitiligo. From each article, we retrieved the reported chemical
name(s), their chemical composition, corresponding chemical exposure source, and the
type of evidence asserting the chemical to be a trigger for vitiligo. We excluded chemical
triggers reported as multicomponent chemical mixtures because it is difficult to attribute
the cause of vitiligo to any of its individual chemical components. Thereafter, we mapped
the retrieved chemical names to standard chemical information from PubChem [11] and
Chemical Abstracts Service (CAS) [93], and subsequently, compiled a list of 113 unique
chemicals (Supplementary Table S2.1). For each of the 113 identified chemicals, we also
obtained their identifiers from the Distributed Structure-Searchable Toxicity (DSSTox)
database [94,95] to aid in toxicity predictions (Supplementary Table S2.1). Furthermore,
we obtained chemical categorizations such as Kingdom, Superclass, and Class for the

identified chemicals using ClassyFire [96,97] (Supplementary Table S2.1).
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2.1.3 Classification of vitiligo-triggering chemicals

Based on the type of evidence from published literature

Clinicians and researchers have employed different techniques to associate potential chemi-
cal triggers in patients diagnosed with vitiligo [98—100]. Based on the supporting evidence
used to establish certain chemicals as triggers for vitiligo, we broadly classified the iden-
tified chemicals into three distinct categories. The first category, with the highest level
of evidence, is ‘Patch test done’, which consists of chemicals that have been tested in
small doses on human patient skin and depigmentation was clinically verified. The second
category is ‘No patch test done, Observation’ and has a lower level of evidence compared
to ‘Patch test done’. This category consists of chemicals inferred from the history of
chemical exposure among patients clinically diagnosed with vitiligo. The third category,
with the lowest level of evidence, is ‘in vitro studies’, which consists of evidence from

enzymatic assays and cell line studies.
Based on the type of chemical exposure

In addition to the type of evidence, we have compiled the sources of chemical exposures
reported in published literature. We observed that there were several types of reported

sources [101-103], which we organized into the following seven broad categories:
1. Cohort study: population-wide studies comprising various exposure sources
ii. Consumable: chemical exposure through consumption
iii. Cosmetics: chemical exposure through skin care and skin modifying products
iv. Daily-use product: chemical exposure through products used on a daily basis
v. Laboratory: in vitro chemical studies
vi. Medical: chemical exposure through medical treatments
vii. Occupational: chemical exposure in the workplace

Here, we note that there may be an overlap of chemicals across different categories.
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Based on environmental source

PubChem catalogs extensive chemical information and annotations, including information
on environmental sources from over 900 data sources [104]. We used this environmental
annotation data within PubChem, and classified the chemicals into seven broad categories,
namely, ‘Agriculture and farming’, ‘Consumer products’, ‘Industry’, ‘Intermediates’,
‘Medicine and healthcare’, ‘Natural Sources’, and ‘Pollutant’. We further divided these
broad categories into 42 sub-categories [105]. We annotated the environmental source
of a chemical as ‘Unclassified’ if the corresponding annotation was not available in
PubChem. Here, we note that a single chemical can belong to multiple categories within

this classification system.

2.1.4 Physicochemical properties, molecular descriptors and pre-

dicted ADMET properties of chemicals

For the identified 113 chemicals, we obtained the respective two-dimensional (2D) and
three-dimensional (3D) molecular structures from PubChem. If the 3D structures were not
available in PubChem, we employed Open Babel [106] to generate them from the obtained
2D structures. We employed RDK:it [107] to compute the basic physicochemical properties
and the molecular scaffolds of any chemical based on the Bemis-Murcko definition [10&].
Additionally, we also computed the 1D, 2D and 3D descriptors using PaDEL [ 109, 110].
We have made all this information readily available on our webserver to further aid the

development of chemical toxicity predictors by exploring structure-activity relationships.

Absorption, distribution, metabolism, excretion, and toxicity (ADMET) properties
can aid in assessing chemical toxicity [| | I]. We employed several computational tools,
including admetSAR 2.0 [112], SwissADME [113], pkCSM [114], and vNN server [ 5] to
predict the ADMET properties for the 113 identified chemicals. The absorption properties
of chemicals have been estimated based on Caco-2 permeability and skin permeation (log

Kp). The potential distribution of the chemical upon absorption has been estimated based
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on the fraction unbound in human and subcellular localizations. The toxic properties of
the chemicals have been estimated based on their cytotoxicity, maximum recommended
tolerated dose (MRTD), micronucleus, and skin sensitization. For each chemical, we have

made these predicted properties readily available on our webserver.

2.1.5 Comparison of vitiligo-triggering chemicals with consumer prod-

uct database and chemical regulations

Chemical and Products Database (CPDat) [116, 1 17] contains qualitative and quantitative
information on the chemical composition of consumer products reported in the public
domain. Additionally, it provides information on: (i) Organisation for Economic Co-
operation and Development (OECD) [ ! 18] categorization of functional uses of chemicals;
(i1) product compositions and their uses; (iii) regulation in health hazard evaluations. No-
tably, the product use categorization (PUC) provided by CPDat has enabled harmonization
of product categories and aided in the assessment of consumer exposure [ 19]. Therefore,
we leveraged CPDat to identify the presence of the curated chemical triggers of vitiligo in

consumer products.

The CompTox Chemicals Dashboard [21-23] is one of the largest public repositories
that aggregates various chemical lists related to toxic effects on humans. Here, we used the
skin-specific chemical lists to check whether the identified chemicals were evaluated for
their skin sensitizing effects. Additionally, we checked whether the identified chemicals
were documented for other adverse effects using databases such as DEDuCT [105,120,121],

FCCP [122, 1, ExHuMId [ 124, ], and NeurotoxKb [ 126, ].

2.1.6 Identification of target genes of vitiligo-triggering chemicals

based on ToxCast skin sensitization assays

The high-throughput screening assays undertaken as part of the ToxCast project have

helped identify perturbations in biological processes induced by chemical exposure [128].
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Therefore, we leveraged data from ToxCast version 3.5 [129] to identify the potential gene
targets of the identified chemicals in human skin samples as follows. First, we checked
the ToxCast assays for skin tissue and identified 58 relevant assay endpoints (belonging to
assay source id 4) from the assay summary file. Then, we filtered the chemical data from
level 5 and 6 processing file corresponding to assay source id 4, to consider the biologically
active (hit_c = 1) representative chemicals (gsid_rep = 1), and identified the necessary
chemicals based on their CAS identifiers. Subsequently, we retrieved the target gene, target

bioprocess and assay endpoint information for the identified chemicals.

2.1.7 Exploration of the space of vitiligo-triggering chemicals

Chemical similarity network

We constructed a chemical similarity network (CSN) to assess the similarity of the identified
vitiligo-triggering chemicals. First, we used RDKit to obtain the ECFP4 fingerprints of
the identified chemicals. Second, we calculated the Tanimoto coefficients [ 130] between
all pairs of chemical fingerprints to check the similarity between chemicals [105, 131].
Third, we constructed a network in which nodes represent chemicals and edges connect
all pairs of nodes with weights given by the computed Tanimoto coefficient between the
corresponding pair of chemicals. Next, we filtered out edges with Tanimoto coeflicient <
0.5 and visualized the resulting high similarity backbone of the CSN using Cytoscape [132].
Finally, we employed RDKit to compute the maximum common substructure for the

connected components identified in the CSN.
Scaffold diversity

In addition to CSN, we assessed the similarity among identified chemicals based on their
chemical scaffolds. We employed RDKit to compute the scaffolds of the identified vitiligo-
triggering chemicals according to the Bemis-Murcko definition [108]. To visualize the
computed scaffolds, we used the Scopy package [133] in Python to generate a scaffold

cloud representation. Then, we used various skin-specific chemical regulatory lists to
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visualize the scaffold diversity in the identified vitiligo-triggering chemicals. We used
RDK:it to compute the Bemis-Murcko scaffolds in each of the chemical lists, and analyzed
the scaffold diversity via cyclic system retrieval (CSR) curves [ 134]. Finally, we visualized

the scaffold overlaps as an UpSet plot [135] using R.

2.1.8 Analysis of transcriptomics signatures of vitiligo-triggering chem-

icals

The Library of Integrated Network-Based Cellular Signatures (LINCS) project has cat-
aloged an extensive dataset of cellular signatures from different human cell types upon
exposure to various chemical perturbations [26]. To analyze the transcriptomics signatures
of chemicals triggering vitiligo, we leveraged skin tissue-specific L1000 chemical pertur-
bation signatures from the iLINCS [27] web-based platform [136]. We observed that the
maximum number of chemicals were tested on cell line A375 for 6h at a concentration of
10 uM, and therefore we shortlisted such chemical signatures to ensure maximum chemical
coverage. If a chemical had multiple signatures, we selected the latest one containing
significantly (p < 0.05) differentially expressed genes (DEGs). Next, we generated the
significant DEGs set for each signature by setting the constraints of a minimum 2-fold
change in expression (|logfoldchange| > 2) and significance value p < 0.05. Thereafter,
we employed Enrichr [ 137, 138] to perform gene set enrichment for each of the generated
gene sets, and retrieved the enriched pathways from ‘Reactome 2022’ [139] and enriched
biological process ontology terms from ‘GO Biological Process 2023’ [140]. We addition-
ally set a constraint of an adjusted p-value < 0.05 to identify significantly enriched terms

from each of these sets.

2.1.9 Web interface and database management system

We have created an online resource, Vitiligo-linked Chemical Exposome Knowledgebase

(ViCEKDb), which compiles all the detailed information on the 113 unique chemical triggers
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of vitiligo identified from 224 published articles. Importantly, ViCEKDb provides easy
access to various chemical information such as the type of supporting evidence, environ-
mental sources, chemical structures, physicochemical properties, molecular descriptors,
predicted ADMET properties, chemical gene interactions from ToxCast assays, and pres-
ence in various skin-specific regulatory lists and chemical exposome databases. VICEKb

is accessible at: https://cb.imsc.res.in/vicekb/.

The data in ViCEKDb is stored in MariaDB [ 14 1] and retrieved using Structure Query
Language (SQL). The web interface of VICEKb was created using custom HTML, CSS,
PHP [142], jQuery [143], and Bootstrap 5 [144]. The interactive charts were created using
Google Charts [ 145]. VICEKD is hosted on Apache [146] webserver running on Debian

9.4 Linux Operating System.

2.2 Results

2.2.1 VIiCEKDb - Vitiligo-linked Chemical Exposome Knowledgebase

Our primary goal in this chapter was to compile a resource on vitiligo-triggering chemicals
within the human exposome. We followed a detailed workflow (Figure 2.1) to shortlist
224 published articles, from which we compiled and curated the different chemical names,
reported evidence, and exposure types. Through this extensive process, we identified 113
unique chemicals (Supplementary Table S2.1) which we categorized under three broad
evidence categories: ‘Patch test done’ (48 chemicals), ‘No patch test done, Observation’
(53 chemicals), and ‘in vitro studies’ (12 chemicals) (Figure 2.2a). We further classified the
reported sources of chemical exposure into seven categories, of which medical exposure
was observed to be the most reported source (85 chemicals) (Figure 2.2b). Additionally,
we categorized the chemicals into seven broad environmental sources (Figure 2.2¢), which
we further subdivided into 42 sub-categories (Supplementary Table S2.2). We observed
that the majority of chemicals belonged to the environmental source ‘Intermediates’ (80

chemicals) (Figure 2.2¢), which consists of industrial intermediates and human metabolites.

26


https://cb.imsc.res.in/vicekb/

(a) (b)

Reported evidences Reported exposure sources

c

=
@
=3
S
8

=

No patch test done, Laboratory

Observation

Patch test done

d Lﬁ -
= i ‘

in vitro studies

&

Occupational

T

Daily-use product

@

)

Reported evidence category
1
Reported exposure source category
-
\n DD
1

hort study

Consumable
1 1 1 L 1 L L]
0 20 40 20 40 80 80
Number of chemicals Number of chemicals
(c)
Environmental sources
80 -
60 -

Number of chemicals
N
o
1

H .‘L J Unclassified

Intermediates Medicine and Consumer Pollutant Industry Agriculture and Natural
healthcare products farming sources

Environment - Broad category

Figure 2.2: Overview of various chemical information retrieved from published literature. (a) The
chemicals have been grouped into three categories based on their reported type of evidence. (b) The
chemicals have been grouped under seven categories based on their reported source of exposure.
(c) The chemicals have been grouped under seven broad environmental categories based on data
available in PubChem. Note that six chemicals have no reported environmental sources and are
therefore unclassified.
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We compiled the identified 113 chemicals and associated information in a user friendly,
FAIR (Findable, Accessible, Interoperable, Reusable) [16] and TRUST (Transparency,
Responsibility, User focus, Sustainability and Technology) [147] compliant webserver
named Vitiligo-linked Chemical Exposome Knowledgebase (ViCEKDb), which is openly

accessible at: https://cb.imsc.res.in/vicekb/.

The ViCEKDb webserver includes various chemical information such as: (i) chemical
identifiers; (i1) chemical structures and classification; (iii) chemical properties and descrip-
tors; (iv) literature evidence with reported exposure sources; (v) environmental sources;
(vi) chemical-gene interactions from ToxCast; (vii) presence of identified chemicals in
various regulations including skin-specific regulations and chemical toxicity regulations.
Additionally, it also provides easy access to chemical information compiled from other
chemical toxicity and exposome databases like DSSTox [94,95], DEDuCT 2.0 [120, 1,
ExHuMId [124, 1, FECCP [122, ], and NeurotoxKb [126, ].

ViCEKb webserver allows easy navigation through the database with options like
‘BROWSE’, ‘SEARCH’, and ‘DOWNLOAD’ (Figure 2.3a). The ‘BROWSE’ option
enables users to search for chemicals by their: (i) Evidence level (Figure 2.3b); (ii)
Environmental source (Figure 2.3c); (iii) Reported exposure type (Figure 2.3d); (iv)
ToxCast skin sensitization target process (Figure 2.3e). The ‘SEARCH’ option allows
users to query the chemicals in this database with their names or identifiers (Figure 2.4a),
and returns their structure, corresponding evidence from published literature, and a link to
the chemical information page (Figure 2.4b). Additionally, the ‘ADVANCED SEARCH’
option provides users with a cheminformatics platform to search chemicals based on
physicochemical feature similarity (Figure 2.4c) or chemical similarity (Figure 2.4d). The
datasets in ViCEKb can be downloaded as flat files using the ‘DOWNLOAD’ option
(Figure 2.4e). The webserver also has a ‘HELP’ option that provides a tutorial for using

the database.

28


https://cb.imsc.res.in/vicekb/

a)

ik VICEKD BROWSE DOWNLOAD HELP ACKNOWLEDGEMENT
‘él VI ek Crmamicdd Expe W vemdyubaie

Vitiigo (also known as kucoderma) k= 2
chronic, often long-lasting autolmmune
dikaase, whers the meanccytes are
pathologically klled utimatety resultng in
depigmented patches on the skin. It Is
considered a compiex disoase wharein
multble  genetic  factors  and
envionmantal  tiggens  smiltaneously
contribute to s pathogenesis [Spritz and
Angersen, 2017), Though genstic factors
have been characterized, environmantal
triggers have been underexalored. Over
the past ceatury, specific chemical
exposures have been identified as clear
1riggers of vitiligo (Ersol ot al, 2020], but
there is no single resource that complies
#l uxh viiigo-triggering chemicsls n
Puman exposome.

In this diection, we sresent Vitliga-linked
Chemical Exposome  Knowledaobase
IVICEKD) that compites and curates 113
potential chemical triggers for vitign
from published literature, The first version
of VICEKD was released on 15 July 2023.

In VICEXD, each chemical has been magped to their standard identifiers such as PyubChem identifier, Chemical Abstracis Service (CAS) number, DSSTox identdier, canonical
SMILES, InCh and InChiKey. Furthermore, VICEKD provides usees with chemical information such 3= 20 and 20 structures, environmental sources, chemical characterization
(Classylie), physicocheenical properties, molecular descriptors, predicied ADMET properties, and presenca In consumer products (Chamical and Progucts Database - CPDat). To
undarstand the regulatary status of the compiled chamicals, 3 comparative anslysis was performad with various chemical exposcme databases, and regulstary lists pertaining to

Figure 2.3: ViCEKb webserver images. (a) The home page of the VICEKb webserver has an easy
navigation bar. (b) Browse chemicals by evidence level. (¢) Browse chemicals by environmental
category. (d) Browse chemicals by reported exposure sources. (e) Browse for chemicals based on
the ToxCast skin sensitization target.

2.2.2 VICEKD chemicals are present in consumer products

The pathogenesis of vitiligo has been observed to be linked with exposure to regular
domestic products in developing countries [98]. In general, humans depend on a wide
variety of consumer products, most of which come in direct contact with the skin. Therefore,
we explored the presence and functions of chemicals from ViCEKDb in consumer products
by leveraging CPDat [116]. We identified 91 of 113 chemicals with information on
their functional uses, product compositions, and their uses, and presence in occupational

health hazard reports, all of which we have made available in our webserver under the
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Figure 2.4 (previous page): VICEKb webserver images of the ‘SEARCH’ and ‘DOWNLOAD’
sections. (a) The chemicals can be searched by their chemical identifiers in the top-right corner of the
page. (b) The search results are displayed on a tabulated page that contains information pertaining
to the search term. (c) ADVANCED SEARCH option based on physicochemical properties. (d)
ADVANCED SEARCH option based on chemical similarity. (e) The ‘DOWNLOAD’ section
contains the batch download files compiled on the webserver.
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Figure 2.5: ViCEKb webserver images of CHEMICAL INFORMATION page. (a) Chemical
identification page containing various chemical information and structure download files. (b) The
CPDat information section contains the various CPDat information divided into different sections.

‘CPDat information’ section in the chemical information page (Figure 2.5). Among the

91 chemicals, 35 of them were found in various products, including personal care and
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home hygiene (Figure 2.6a; Supplementary Table S2.3). Moreover, 24 of the 91 chemicals
had standardized functional uses wherein fragrance was the most reported (Figure 2.6b;
Supplementary Table S2.4). Additionally, five chemicals were documented in health hazard
evaluation reports from different industries (Supplementary Table S2.5). Furthermore, we
observed that 50 of 113 chemicals are present in a variety of consumer products, based on

the reported environmental sources in PubChem [ ! 1] (Supplementary Tables S2.1-S2.2).

For instance, chemicals found in consumer products such as isopropyl alcohol (CID:
3776), hydroquinone (CID:785) and methyl methacrylate (CID:6658), have the highest
evidence of ‘Patch test done’ in VICEKb (Supplementary Table S2.1), and have also been
documented in several health hazard evaluation reports (Supplementary Table S2.5). More-
over, methyl methacrylate (CID:6658) is classified in DEDuCT as a Category III endocrine
disrupting chemical (EDC) and as a neurotoxicant in NeurotoxKb. Another chemical,
4-tert-butylphenol (CID:7393), which is found in household maintenance products and
children’s toys (according to FCCP), has the highest evidence of ‘Patch test done’ in
ViCEKb (Supplementary Table S2.1), and is classified as a Category Il EDC in DEDuCT.
In sum, chemicals in ViCEKb are found in a variety of consumer products but are not

regulated for their skin sensitizing effects.

2.2.3 VICEKD shows low overlaps with skin sensitizing chemical lists

and exposome databases

The CompTox Chemicals Dashboard [21-23] is one of the largest publicly available
resources that aggregates lists of chemicals evaluated for their toxic effects. The dashboard
provides four chemical lists pertaining to skin sensitizing chemicals (Supplementary
Table S2.6), and we observed a low overlap with the chemicals in ViCEKb (Figure
2.6¢). Only two chemicals with ‘Patch test done’ evidence, namely p-phenylenediamine
(CID:7814) and 2-mercaptobenzothiazole (CID:697993), have been documented for their

skin sensitizing effects in an occupational setup. Cinnamaldehyde (CID:637511) was
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Figure 2.6: The presence of vitiligo-triggering chemicals in consumer products, skin sensitizing
chemical lists and other chemical exposome databases. The Chemical and Products Database
(CPDat) was leveraged to obtain the consumer product-specific data. (a) 35 of 113 chemicals from
ViCEKb are categorized into 20 product use categories (PUC) in CPDat. (b) 24 of 113 chemicals
in ViCEKD are categorized into 17 Organisation for Economic Co-operation and Development
(OECD) standardized functions. (c) Number of ViCEKb chemicals overlapping with skin sensitizing
chemical lists from CompTox Chemicals Dashboard. (d) Number of VICEKDb chemicals overlapping
with chemical exposome databases such as DEDuCT 2.0, NeurotoxKb, FCCP and ExHuMId. In
each plot, the chemicals have also been classified by evidence level in ViCEKb.
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the only chemical with ‘Patch test done’ evidence from ViCEKD prioritized for further

laboratory testing for skin corrosion.

Alternatively, to assess other adverse effects caused by chemicals in ViCEKb, we
leveraged multiple chemical exposome databases (Supplementary Table S2.6) and ob-
served low overlap (Figure 2.6d). Among the few overlaps, hexachlorophene (CID:3598),
having ‘Patch test done’ evidence in ViCEKD, is also documented in NeurotoxKb as
a neurotoxicant. Hexachlorophene mainly functions as a preservative and is found in
disinfectants and chalkboard cleaners. Another chemical having ‘Patch test done’ evidence
in ViCEKDb, 4-tert-butylcatechol (CID:7381), is documented as Category III endocrine
disrupting chemical (EDC) in DEDuCT 2.0. 4-tert-butylcatechol has a variety of functional
uses, including fragrance component in cosmetic products and aiding the production of

€poxy resins.

2.2.4 Cheminformatics-based analysis of VICEKb chemical space

revealed its uniqueness

We performed different cheminformatics-based analyses to gain better insights into the
chemical space in ViCEKb. First, we characterized the chemicals by structure and found
that most are organic compounds, with benzenoids being the most prevalent (Supplemen-
tary Table S2.1). Next, we visualized the similarity among the chemicals in VICEKb
through a CSN and observed that the chemicals are highly diverse, with only 28 of the
113 chemicals showing > 50% similarity (Figure 2.7; Supplementary Table S2.7). The
high similarity backbone of the CSN shows 12 distinct chemical clusters, with the largest

clusters containing six chemicals each (Figure 2.7).

Finally, we computed the chemical scaffolds and observed 56 distinct scaffolds
across 94 of the 113 chemicals present in VICEKD (Figure 2.8a), where the benzene
scaffold was the most represented scaffold (26 of 94) (Supplementary Table S2.1). No-

tably, we observed that the scaffolds in ViCEKb are the most diverse (AUC — 0.69)
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Figure 2.7: Chemical similarity network (CSN) of 113 chemicals in ViCEKb. The nodes of the
network are chemicals, denoted by their presence in the skin sensitizing chemical lists obtained
from the CompTox Chemicals Dashboard. The edges denote the Tanimoto coefficient computed
between the ECFP4 fingerprints of the respective chemicals. The CSN is visualized using Cytoscape
software. RDKit was employed to compute the maximum common substructure for each of the 12
connected components identified in the CSN.
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Figure 2.8: The chemicals in ViCEKb are diverse and unique. (a) A scaffold cloud representation
of the 56 unique scaffolds identified from 94 of the 113 chemicals in VICEKb. The scaffolds
are computed using RDKit based on the Bemis-Murcko definition. (b) Cyclic System Retrieval
(CSR) plot of chemicals in VICEKb, PubChem TOC: skin irritants, ECHA high concern chemicals,
NIOSH skin profiles, and EU CosIng annex 2. This plot shows that the ViCEKD is the most diverse
in its scaffold set. (c) UpSet plot representation of unique overlaps between chemicals in ViCEKb
and the other chemical lists, plotted using the UpSetR package in R.
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compared to those present in cosmetics and skin-related regulation lists (Table 2.1; Fig-
ure 2.8b). Additionally, we observed that 31 of 56 distinct scaffolds in ViCEKb are
unique and not captured in these cosmetics and skin-related regulations (Figure 2.8c).
These 31 scaffolds span across 32 chemicals, of which six chemicals (1,4-butanediol
diglycidyl ether (CID:17046), neomycin (CID:8378), 2,3,5-triglycidyl-4-aminophenol
(CID:22058861), thiotepa (CID:5453), monobenzone (CID:7638), 3-(diethylamino)-7-
(phenylamino)phenoxazin-5-ium (CID:18711204)) have ‘Patch test done’ evidence. Of
these chemicals, neomycin (CID:8378), 2,3,5-triglycidyl-4-aminophenol (CID:22058861),
and 3-(diethylamino)-7-(phenylamino)phenoxazin-5-ium (CID:18711204) have not been

documented in skin sensitizing chemical lists.

M N Niing NM Nying/M | Niing/N AUC Psy (%)
ViCEKb 94 56 47 0.596 0.500 0.839 0.691 16.071
NIOSH skin profiles 30 14 10 0.467 0.333 0.714 0.733 14.286
EU Coslng annex 2 301 156 117 0.518 0.389 0.750 0.721 14.744
ECHA high concern chemicals 220 73 53 0.332 0.241 0.726 0.810 4.110
PubChem TOC: skin irritants 1069 298 195 0.279 0.182 0.654 0.827 4.362

Table 2.1: Scaffold diversity of chemicals in VICEKb compared against other chemical lists.
For each list, M represents the total number of chemicals, N represents the count of scaffolds,
Ning represents the total number of scaffolds that appear in only one chemical (singleton), AUC
represents the area under the corresponding CSR curve, and Psy represents the percentage of
scaffolds required to retrieve 50% of the chemicals.

2.2.5 Vitiligo-triggering chemicals are associated with similar biologi-

cal responses

As the cheminformatics-based analysis of VICEKD revealed a high structural diversity
among chemicals, we were further interested to explore the nature of their biological
responses. A transcriptomics-based approach has been used in pharmacology to explore
biological similarity between drugs in the context of drug repurposing [27, ]. By
employing a similar approach to identify the similarity among chemicals triggering vitiligo,
we obtained skin tissue specific chemical signatures for 18 chemicals, and identified their

significant DEGs (Table 2.2; Figure 2.9a). We performed pathway enrichment analysis
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Figure 2.9: Analysis of transcriptomics signatures of ViCEKb chemicals. (a) The workflow to
analyze the significantly enriched pathways and gene ontology (GO) terms from transcriptomics
signatures of VICEKb chemicals. (b) Top 13 significantly enriched Reactome pathways present in
ViCEKb chemical sets. (c) Top nine significantly enriched GO biological process terms present in
ViCEKD chemical sets.



for the different sets of DEGs, and identified that signal transduction pathway (R-HSA-
162582) is significantly enriched in 10 of the 18 chemicals (Figure 2.9b; Supplementary
Table S2.8). The Gene Ontology (GO) enrichment also shows various cellular signaling
processes significantly enriched across chemicals (Figure 2.9c; Supplementary Table
S2.9). In particular, receptor tyrosine kinase signaling pathway is significantly enriched
across 9 of 18 chemicals. Tyrosine kinase signaling is known to play a key role in
autoimmune and inflammatory skin disorders [149], thereby highlighting a biological
connection between these nine chemicals. Notably, these nine chemicals are categorized

under medical exposure, and most of them have been predicted to be highly permeable in

skin [114].
Number of Number of
PubChem LINCS signature Number
Chemical upregulated downregulated
identifier identifier of DEGs
genes genes
Mitoxantrone CID:4212 LINCSCP_486 124 145 269
Latanoprost CID:5311221 LINCSCP_178719 132 103 235
Sepantronium CID:10126189 LINCSCP_2144 73 110 183
Diphencyprone CID:65057 LINCSCP_1913 50 90 140
Palbociclib CID:5330286 LINCSCP_2376 58 61 119
Stavudine CID:18283 LINCSCP_1948 90 22 112
Dasatinib CID:3062316 LINCSCP_2169 59 50 109
Vemurafenib CID:42611257 LINCSCP_2385 36 40 76
Triamcinolone acetonide CID:6436 LINCSCP_3096 14 20 34
Triamcinolone CID:31307 LINCSCP_2916 11 11 22
Imatinib CID:5291 LINCSCP_179309 9 7 16
Nicotinamide CID:936 LINCSCP_1802 7 8 15
Atomoxetine CID:54841 LINCSCP_2866 6 9 15
Methylprednisolone CID:6741 LINCSCP_178224 5 8 13
Nevirapine CID:4463 LINCSCP_3080 4 3 7
Thiotepa CID:5453 LINCSCP_2587 5 1 6
Clofazimine CID:2794 LINCSCP_1917 0 1 1
Isotretinoin CID:5282379 LINCSCP_2428 1 0 1

Table 2.2: L1000 signatures of 18 ViCEKb chemicals obtained from iLINCS web-based plat-
form. The upregulated and downregulated genes are shortlisted using constraints p < 0.05 and
[logfoldchange| > 2.
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2.3 Discussion

Vitiligo is a complex disease, where both the genetic predispositions and environmental
triggers contribute to its pathogenesis [82]. While the genetic factors underlying vitiligo
have been extensively studied [84, 86], their environmental factors have been less explored.
Therefore, in this chapter, we developed a first-of-its-kind resource that comprehensively
catalogs chemical triggers of vitiligo with published evidence, namely, Vitiligo-linked
Chemical Exposome Knowledgebase (VICEKb), and made it accessible for further research

at: https://cb.imsc.res.in/vicekb/.

Developing ViCEKb involved an extensive manual effort in systematically curating
published literature to identify 113 unique chemical triggers of vitiligo, and standardizing
their reported evidence and sources of exposure (Figure 2.1). Importantly, we noted that
only one of these 113 chemicals, 2-benzyl-4-chlorophenol (CID:8425), was previously
reported to be associated with vitiligo in Haz-Map [ 150], while none of these chemicals
were reported to be associated with vitiligo in Comparative Toxicogenomics Database
(CTD) [151]. This highlights the importance of VICEKD in bridging the existing knowledge

gap regarding the environmental triggers of vitiligo.

A cheminformatics-based exploration of the chemical space of ViICEKDb revealed its
diversity in comparison with different chemical regulation lists (Figure 2.8). Notably, many
of the chemicals are found in a diverse range of consumer products, including cosmetics
(Figure 2.6). A direct comparison with other chemical exposome databases revealed a
low overlap of chemicals, emphasizing the novelty and uniqueness of the data curated in
ViCEKD. Finally, integration of skin-specific chemical-induced transcriptomics signatures
of structurally diverse chemicals from ViCEKDb, highlighted a significant commonality in

their linked biological processes.

Importantly, this knowledgebase allows for the identification and prioritization of
vitiligo triggering chemicals. For instance, propyl gallate (CID:4947) is documented

in IFRA transparency list [152] as a chemical used in fragrance formulations used in
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consumer goods. Flutamide (CID:3397) is documented as a safe chemical product in
cosmetics [153]. Both these chemicals have the highest level of evidence (‘Patch test
done’) in ViCEKb and are predicted to have high permeability through skin [114], but
are not considered as skin sensitizing chemicals. Additionally, ToxCast skin sensitization
assays for both propyl gallate and flutamide reveal downregulation of genes identified as

biomarkers [$6] in vitiligo pathogenesis.

Overall, the creation and subsequent computational characterization of a vitiligo-
triggering chemical space has helped identify significant regulatory oversight. The integra-
tion of biological data has further aided in understanding potential mechanisms through
which environmental triggers can lead to vitiligo, providing a brief overview of the under-
lying pathology of the disease. Therefore, we expect the observations from this chapter
will motivate the efforts to decipher the complex etiology of vitiligo, which can in turn aid

in the proper diagnosis and treatment of the disease.
Supplementary Information

Supplementary Tables S2.1-S2.9 associated with this chapter are available for download
from the GitHub repository: https://github.com/asamallab/PhDThesis-Nikhil_

C/blob/main/SI/ST_Chapter2.xlsx.
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Chapter 3

DEDuCT 3.0: An enhanced and
expanded FAIR-compliant resource and
toxicology knowledge graph for

endocrine disrupting chemicals

Endocrine disrupting chemicals (EDCs) are of particular concern to human and environ-
mental health, as they can perturb the endocrine system, resulting in adverse develop-
mental, physiological, and reproductive outcomes, among others [154-156]. Growing
evidence of declining fertility rates and reproductive health problems has increased concern
about EDCs and has led to more studies and regulations across global bodies to mitigate
their effects [155, 156]. In response to this need, the Database of Endocrine Disrupting
Chemicals and their Toxicity Profiles (DEDuCT) has emerged as a resource that orga-
nizes published evidence and makes scientific data on EDCs easily accessible for better
understanding [ 105, 120]. The French Agency for Food, Environmental and Occupational
Health & Safety (ANSES) has recognized the DEDuCT’s four-stage criteria for extracting
information from published literature as an important tool to gain knowledge on potential

EDCs from published studies, and moreover, had used the data for designing their Second
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French National Strategy for Endocrine Disruptors (SNPE2) [157]. Furthermore, DEDuCT
has also been instrumental in providing a curated dataset of chemicals for the development
of in silico methods for the prediction of EDCs [158, 159]. Additionally, the curated
endocrine-mediated endpoint data within DEDuCT has been extensively integrated with
the Adverse Outcome Pathway (AOP) framework to explore chemical-induced toxicity
mechanisms across different classes of chemicals [55, 56]. In short, DEDuCT is an im-
portant resource not only for academic purposes but also one that has gained regulatory

relevance.

Since the release of the previous version of DEDuCT in 2020, a large body of literature
on EDCs has been generated. In parallel, while toxicologically-relevant databases, such
as the United States Environmental Protection Agency’s ToxCast [18,20] and CompTox
Chemicals Dashboard [22], the Comparative Toxicogenomics Database (CTD) [24], and
AOP-Wiki [50], have been continuously updated and expanded, they do not specifically
focus on the unique mechanisms and endpoints associated with EDCs. Although the
previous version of DEDuCT included ToxCast data, it lacked integration with information
from other resources and did not capture chemical structure information from the CompTox
Chemicals Dashboard. Therefore, to provide a single point of access to all EDC-related
data and align the DEDuCT knowledgebase with Findable, Accessible, Interoperable and
Reusable (FAIR) principles [16], there is a need to curate data from recently published
literature and integrate it with data from these external resources. Moreover, network
toxicology frameworks such as the AOP and toxicology knowledge graphs help organize

this diverse data and provide a strong basis for gaining novel mechanistic insights.

In this chapter, we describe an updated FAIR-compliant version of DEDuCT that
compiles EDC-relevant data from the latest published evidence and other toxicological
databases. Next, we explore the toxicity mechanisms of these chemicals by constructing
EDC-AOP networks that integrate toxicological data from diverse sources. We further
construct a large-scale toxicology knowledge graph and use it to gain mechanistic insights

into the endocrine-mediated effects of chemicals curated in this resource. We further
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utilize different cheminformatics techniques to explore the chemical space of DEDuCT
and independently examine the existing regulatory coverage of these chemicals. The work

reported in this chapter is contained in the published manuscript [74].

3.1 Methods

3.1.1 Workflow to identify endocrine disrupting chemicals

The World Health Organization (WHO) and the United Nations Environment Programme
(UNEP) report titled ‘State of the Science of Endocrine Disrupting Chemicals 2012’ states
that ‘A potential endocrine disruptor is an exogenous substance or mixture that possesses
properties that might be expected to lead to endocrine disruption in an intact organism,
or its progeny or (sub) populations’ [160]. In line with this definition, Karthikeyan et
al. [105] had earlier developed a four-stage workflow to systematically compile and curate
potential EDCs and their observed adverse effects specific to endocrine disruption in
supporting published evidence. This effort resulted in the development of the Database
of Endocrine Disrupting Chemicals and their Toxicity profiles (DEDuCT), which is one
of the largest resources on endocrine disrupting chemicals (EDCs), that systematically
compiles chemical-associated toxicities via extensive manual curation from published
literature [ 105, 120]. Importantly, a working group of 18 experts convened by the French
Agency for Food, Environmental and Occupational Health and Safety (ANSES) have
independently verified and recognized this four-stage workflow as an important tool for

curating potential EDCs from published literature [157].

The previous version, DEDuCT version 2.0 (released on 2 October 2020) compiled in-
formation on 792 potential EDCs with supporting evidence from 2218 articles [120]. Since
then, there has been a continued worldwide effort in testing and identification of EDCs,
and this has resulted in an additional large corpus of published literature. Therefore, in this
chapter, we present an updated version, DEDuCTv3.0, that compiles information on 1043

potential EDCs from 3269 research articles published until January 2025 (Supplementary
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Table S3.1). To achieve this, we implemented the systematic four-stage workflow involving
comprehensive manual curation of chemicals and their associated endocrine-mediated

effects in humans or rodents, as reported in published literature (Figure 3.1) [105]. This

four-stage workflow is summarized in the following subsections.
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Figure 3.1: The workflow to identify published literature containing potential endocrine disrupting
chemicals and their associated endpoints is presented as a PRISMA statement.
Stage 1: Mining EDC-relevant literature

The first stage involves mining EDC-relevant published literature from various sources. In

comparison to the previous version, we observed that the sources for published literature,
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such as the World Health Organization (WHO) report [160], the Endocrine Disruption
Exchange (TEDx) [161], and EDCs Databank version 2015 [162], were no longer updated
or accessible. Therefore, we relied only on published literature retrieved from PubMed [91]

using the following query:

“EDCs” OR “EDC” OR (“endocrine” AND “disrupt”) OR (“disrupt” AND “endocrine”)
OR “endocrine disruptors” OR “endocrine-disruptors” OR “endocrine disruptor” OR
“endocrine-disruptor” OR “endocrine disrupters” OR “endocrine-disrupters” OR “‘en-
docrine disruption” OR “endocrine-disruption” OR “endocrine disruptive” OR “endocrine-
disruptive” OR “endocrine disrupting” OR “endocrine-disrupting” OR “‘endocrine dis-

rupter”

We last conducted this search on 21 January 2025, without any additional time range
filters, and retrieved a list of 29688 published research articles. Among these, we identified
14295 articles that had not been screened in the previous two versions of DEDuCT.
Thereafter, we manually screened the titles and abstracts of these 14295 new articles to
verify the relevance of the article, ensuring that the identified keywords were specifically
associated with EDCs and their related toxicities. Through this process, we identified 9136

new EDC-relevant articles at the end of stage 1 (Figure 3.1).
Stage 2: Literature filter based on experimental design and test organism

In stage 2 of the workflow, we manually screened 9136 articles filtered from stage 1 to
identify studies based on in vivo evidence in humans, or in vivo experimental evidence in
rodents, or in vitro experimental evidence in human or rodent cell-line studies. During
this stage, we filtered out the studies comprising receptor-based binding assays or in
silico methods to infer endocrine disrupting potential, as the evidence was insufficient to
determine if the chemical can lead to adverse effects based on environmental exposures.
Additionally, we excluded review articles and correlation-based studies as they lack ex-
perimental evidence directly linking chemical exposure to the observed effects. Through

this screening process, we identified 1795 new research articles relevant to EDC-specific
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experiments in humans or rodents at the end of stage 2 (Figure 3.1).
Stage 3: Compilation of reported chemicals from filtered research articles

In stage 3 of the workflow, we systematically curate information on the tested chemicals
within the published literature. To achieve this, we first obtain the full texts of the articles
for conducting a comprehensive screening. We obtained full texts of 1786 of 1795
articles identified from stage 2, and thereafter curated the chemical data, and mapped
the chemicals to their two-dimensional (2D) structure identifiers using standard chemical
databases such as PubChem [11] and Chemical Abstracts Service (CAS) [93]. This
process enabled the consolidation of synonymous chemical names and standardization
of chemical representations across studies. Next, we excluded chemicals that lacked
standardized structural information due to insufficient chemical composition data. Through
this systematic process, we identified 637 unique chemicals that had been tested for

endocrine disruption in humans or rodents across 1786 research articles (Figure 3.1).

Stage 4: Identification of potential EDCs with supporting evidence on endocrine-

mediated perturbations

In stage 4 of the workflow, we assessed the tested chemicals for the presence of significant
endocrine-associated adverse effects in the published literature. First, we discarded chemi-
cals if they were a natural hormone, had associated evidence where they were solely tested
as part of a mixture, or were studied only for their therapeutic effects without mentioning
endocrine-relevant adverse effects. Next, we discarded studies that relied solely on in vitro
rodent experiments. Thereafter, we checked the observed adverse effects or endpoints
for significance in the associated literature and then evaluated their endocrine disruption
relevance, such as changes in morphology, physiology, reproduction, growth, development,
and lifespan. Finally, we considered a chemical as a potential EDC if it contained at
least one significant supporting evidence for endocrine-relevant effects from associated
literature. Through this extensive manual curation, we identified 479 chemicals with strong

supporting evidence of endocrine disruption from 1051 published articles. Notably, 251 of
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these 479 chemicals were not compiled in previous versions of DEDuCT.

In earlier versions of DEDuCT, the reported endocrine-mediated adverse effects were
standardized into a unified vocabulary of 609 endocrine-mediated endpoints describing
the toxicological profiles of chemicals [105]. These endpoints were further grouped into
seven systems-level perturbation categories, namely, Endocrine-mediated cancer (CT),
Developmental (DT), Hepatic (HT), Immunological (IT), Metabolic (MT), Neurological
(NT), and Reproductive (RT) endocrine-mediated perturbations [105, ]. Therefore, we
standardized the curated adverse effects against the existing endocrine-mediated endpoints,
and defined new endpoints only where standardization was not possible. Through this
extensive manual curation process, we identified 573 unique endocrine-mediated endpoints,
of which 187 were newly defined. These were further categorized into seven systems-level

perturbations based on their underlying biological processes (Supplementary Table S3.2).

Finally, we integrated the compiled data with DEDuCT version 2.0. This updated
resource now contains 1043 unique potential EDCs and 796 unique endocrine-mediated

endpoints spanning a total of 3269 publications.

3.1.2 Enriching DEDuCTVv3.0 with additional chemical information

for EDCs

In addition to experimental evidence curated from the published evidence, we enriched
DEDuCTv3.0 with additional chemical and biological data from external sources. For
the 1043 potential EDCs within DEDuCTv3.0, we compiled diverse chemical informa-
tion including two-dimensional (2D) and three-dimensional (3D) chemical structures,
physicochemical properties, predicted absorption, distribution, metabolism, excretion
and toxicity (ADMET) properties, and molecular descriptors. We further curated EDC-
associated gene, phenotype, and disease information from Comparative Toxicogenomics
Database (CTD) [24, 25], active readouts from ToxCast invitrodb v4.3 [20], associated

AOPs from AOP-Wiki [50], consumer product presence information from Chemical and
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Products Database v4.0 (CPDatv4) [163], and presence in various regulation lists and

human biospecimens.

We used ClassyFire [96] to hierarchically classify the 1043 potential EDCs based
on their structure (Supplementary Table S3.1). Where ClassyFire failed to classify the
chemical, we relied on the structural definitions to obtain the Kingdom of such chemicals
[96]. We further classified the chemicals into four categories (I-IV) (Supplementary Table
S3.1), based on the type of experimental evidence supporting endocrine disruption in
humans or rodents. These categories are: (i) Category I: chemicals with in vivo human
evidence; (i1) Category II: chemicals with both in vivo rodent and in vifro human evidence;
(111) Category III: chemicals with only in vivo rodent evidence; (iv) Category IV: chemicals

with only in vitro human evidence.

3.1.3 Exploration of chemical space within DEDuCTVv3.0

We explored the chemical space of 1043 chemicals within DEDuCTv3.0 using a chemical
similarity network (CSN) and a target similarity network (TSN). To construct the CSN,
we considered the 1043 chemicals as nodes, and the edges were based on the structural
similarity between corresponding nodes. Here, we computed the structural similarity
between chemicals as the Tanimoto coefficient based on their ECFP4 fingerprints [ 105,131].
Thereafter, we considered chemical pairs with Tanimoto coefficients > 0.5 to be structurally
similar. We further utilized these Tanimoto coeflicients as edge weights when visualizing

the network.

To construct TSN, we curated the chemical-gene interaction information from ToxCast
invitrodb v4.3 [20]. We first identified chemicals with active assay endpoint informa-
tion, based on the ‘hitc’ value > 0.9 from the ‘mc5-6_winning _model_fits-flags_
invitrodbv4_3_AUG2024.csv’ file. In some cases, these active assay endpoints could
be non-specific, as the chemicals show activity only in a narrow concentration range that

overlaps with that of cell stress or cytotoxicity, a phenomenon termed the cytotoxicity-
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associated burst [164]. Therefore, to ensure specific assay endpoint associations for

chemicals, we applied the following Z-score statistic proposed by Judson et al. [164]:

—logACsp(chemical, assay) — median[—-logACsy(chemical, cytotox)]
global cytotoxicity MAD

Z(chemical, assay) =

where, ‘logACsg(chemical, assay)’ is the logarithm of the ACs, value of the chemical in
the assay, ‘logACso(chemical, cytotox)’ is the logarithm of the ACs, value of the chemical
in the corresponding cytotoxicity assay, and the ‘global cytotoxicity MAD’ is the median
of the MAD (median absolute deviation) of ‘logACsi(chemical, cytotox)’ distributions

across all chemicals [164].

Next, we retrieved the global cytotoxicity MAD and logACsy(chemical, cytotox)
(given by the column titled ‘cytotox_median_log’) from the ‘cytotox_invitrodb_v4_
3_AUG2024.x1sx’ [19], and discarded assays with Z-scores between +3 and -3 [164] to re-
tain chemical-specific active assay endpoints. Subsequently, we retrieved the assay-specific
gene information from the file ‘assay_target_mappings_invitrodb_v4_3_AUG2024.
x1sx’, and filtered out genes that were not specific to humans or rodents. Through
this extensive procedure, we identified 579 of 1043 chemicals targeting 400 human- or
rodent-relevant genes. Thereafter, we computed chemical similarities using the Jaccard
index [165] of the corresponding target gene sets [105]. Finally, we considered chemical
pairs with a Jaccard index > 0.5 to be target-wise similar. We further used these Jaccard

index values as the edge weights when visualizing the network.

Finally, we probed the correlation between structural similarity and target similarity
for the 579 of 1043 chemicals with both structural and target information from ToxCast.
We plotted the structural similarity based on the Tanimoto coefficient on the y-axis, and the
target similarity based on the Jaccard index on the x-axis [105]. Thereafter, we computed
the Pearson correlation coeflicient to check for correlation between structural and target

similarities [105].
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3.1.4 Construction of stressor-centric adverse outcome pathway (AOP)

networks for chemicals in DEDuCTv3.0

The stressor-centric AOP network framework provides a holistic understanding of diverse
AOQOPs associated with a stressor, eventually revealing the diversity in the stressor-induced
toxicity mechanisms, and aiding in their risk assessment [56, 166]. Although in an earlier
study, Ravichandran et al. [54] explored endocrine-relevant AOPs within AOP-Wiki, they
did not provide much detail on the mechanisms associated with individual chemicals in
DEDuCT. Therefore, in this chapter, we systematically curated AOPs from AOP Wiki,
and through an integrative approach detailed in the following subsections, associated the

chemicals with these AOPs and constructed an EDC-AOP network.
Compilation of AOPs within AOP-Wiki

AOP is a toxicological knowledge framework that captures biological processes underly-
ing stressor-induced toxicity [47]. In this framework, toxicity-related biological events,
referred to as key events (KEs), are organized sequentially, beginning with the interaction
of the stressor with a biological target, known as the molecular initiating event (MIE), and
culminating in an adverse outcome (AO) [47-49, ]. The causal, directional relation-
ships between these events are termed key event relationships (KERs) [47-49, 167]. AOPs
are stressor-agnostic and context-specific, meaning each AOP is tailored to a particular
biological scenario [47—49, ]. Developed globally, these AOPs are deposited in the
AOP-Wiki [50], which is the largest, publicly accessible repository. AOP-Wiki hosts
several AOPs, where each AOP is documented in the form of KEs (including MIE and
AO) and KERs, all of which are supported by scientific evidence [51]. Therefore, in this

chapter, we relied on AOP-Wiki to obtain the latest available AOPs.

First, we downloaded the XML file (released 1 April 2025) from the ‘Project Down-
loads’ page in AOP-Wiki to obtain the latest information on AOPs. Then, we parsed the

data to extract information associated with AOPs like AOP identifier, AOP title, associated
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KEs (including MIEs and AOs) and KERs, linked stressors, handbook version followed
for development of AOP, status according to Organisation for Economic Co-operation and
Development (OECD), and biological applicability information such as taxonomy, sex and
life-stage of the organism, and their corresponding weight of evidence. Additionally, for
each KE, we extracted information like KE title, KE identifier, level of biological organi-
zation, action name, object name, object identifiers, and process name, and information
associated with KERs like upstream/downstream KEs, evidence for biological plausibility

of KER, adjacency, and the extent of quantitative understanding of KER.
Curating complete and connected AOPs within AOP-Wiki

AOPs are considered living documents as they are collaboratively developed globally,
and are continuously updated based on new scientific evidence [5!]. Consequently, many
AOPs may remain incomplete or lack sufficient information for further analysis. Therefore,
we systematically checked each AOP to filter high quality and complete AOPs [55-57].
First, we manually checked AOPs and removed the ones that comprised KEs with title
as ‘unknown’ or lacked any KEs or KERs. Next, we used the NetworkX library [168]
in Python to check for disconnected AOPs, and manually inspected those that contained
disconnected components, and updated them before filtering out AOPs with disconnected
components. Finally, we checked for the presence of MIE, AO, and a directed path
between them, and filtered out those that lacked any. Through this combined manual and
computational effort, we obtained 385 complete, connected and high quality AOPs from
AOP-Wiki, which we then designate as ‘curated AOPs’ (Supplementary Table S3.3). These
385 high confidence AOPs comprised 1228 unique KEs (Supplementary Table S3.4) and
1966 unique KERs (Supplementary Table S3.5).

Subsequently, we classified the AOs of the 385 curated AOPs using the standardized
disease ontology from the Disease Ontology (DO) database [ 169, 170]. This classification
resulted in 28 disease classes across 385 AOPs (Supplementary Table S3.3). We could

not map 148 out of 385 curated AOPs to any DO terms based on their respective AOs,
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and we therefore designated them as ‘Unclassified’. Among the 28 disease classes, we
observed that ‘Cancer’ emerged as the most represented category, encompassing 46 of the

385 curated AOPs (Supplementary Table S3.3).
Computation of cumulative WoE of AOPs

AOP-Wiki provides a weight of evidence (WoE) for each KER in an AOP based on
its biological plausibility (Supplementary Table S3.5). The WoE is a qualitative score
expressed as ‘High’, ‘Moderate’, ‘Low’, and ‘Not Specified’. Following Ravichandran et
al. [54], we computed the fractions of KERs within an AOP with ‘High’ WoE [represented
as F(‘High’)], ‘Moderate’ WoE [represented as F(‘Moderate’)], ‘Low’ WoE [represented
as F(‘Low’)], and ‘Not Specified” WoE [represented as F(‘Not Specified’)]. Subsequently,

we assigned a cumulative WoE to the AOPs based on the following criteria:
i. High: If F(‘High’) > 0.5
ii. Moderate: If F(‘High’) < 0.5, but (F(‘High’) + F(‘Moderate’)) > 0.5
iii. Low: If (F(‘High’) + F(‘Moderate’)) < 0.5, but (F(‘High’) + F(‘Moderate’) +
F(‘Low’)) > 0.5
iv. Not Specified: If none of the above criteria are satisfied

Supplementary Table S3.3 provides the cumulative WoE for the 385 curated AOPs.

We then proceeded to map the chemicals in DEDuCTv3.0 to the curated AOPs.
Identification of KEs using AOP-Wiki

AOP-Wiki catalogs information on prototypical stressors for each AOP, based on well-
documented associations with these stressors [51]. Based on the data obtained for the 385
curated AOPs, we identified 100 chemicals in DEDuCTVv3.0 as prototypical stressors for
93 AOPs. Subsequently, we considered the 361 KEs within these AOPs to be associated

with these 100 chemicals (Supplementary Table S3.6).
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Identification of KEs using CTD

The CTD is a comprehensive public resource that links environmental chemicals (C),
genes (G), phenotypes (P), and diseases (D) to advance understanding of their effects on
health [24]. This resource facilitates the construction of CGPD-tetramers, which help
identify confident associations between chemicals, phenotypes, and diseases, enabling
their mapping to KEs within AOP-Wiki [55-57]. Therefore, we retrieved high confidence
CGPD-tetramers associated with chemicals in DEDuCTv3.0, and subsequently leveraged

them to identify KEs within AOP-Wiki.

CTD provides a chemical dictionary linking standard PubChem identifiers and CASRN
to CTD chemical identifiers (IDs). Initially, we obtained a list of 804 unique CTD
chemical IDs based on overlaps with chemical data compiled in DEDuCTv3.0. Upon
closer inspection, we observed that some of the associations provided by CTD were
incorrect. For instance, benzo(a)pyrene (DED000576) was linked to two chemical IDs
within CTD based on its PubChem identifier (CID:2336). We noted that one of the chemical
IDs, MESH:D001580 corresponded to the class of benzopyrenes, while MESH:D001564
corresponded to the chemical benzo(a)pyrene. Therefore, we manually screened all the
associations to remove non-specific information within CTD, and identified 783 chemical

IDs within CTD associated with 764 chemicals in DEDuCTv3.0.

Next, we accessed the CTD November 2025 release, and constructed the CGPD-
tetramers, wherein the following were considered: (i) chemical-gene and chemical-
phenotype associations that are relevant to humans and rodents, and are supported with liter-
ature evidence; (i1) chemical-disease and gene-disease associations with ‘marker/mechanism’
evidence, and are supported with literature evidence; (iii) gene-phenotype associations with
gene ontology (GO) annotations based on only the experimental results in human or rodent-
based studies [171]. Through this process, we obtained a list of 208809 CGPD-tetramers

comprising 364 chemicals, 3311 genes, 1747 phenotypes, and 858 diseases.

Thereafter, we mapped the phenotypes and diseases to the KEs within AOP-Wiki
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[55-57]. First, we considered the CGPD-tetramer phenotype GO terms as directly mapped
to the corresponding KE when they are directly associated with it through the process
identifier provided by AOP-Wiki. Next, we used the GOSim package [172] in the R
programming language to generate the immediate neighboring GO terms for the CGPD-
tetramer phenotype GO terms. We then overlapped these neighboring GO terms with the
KE-associated process identifier to identify preliminary associations. Subsequently, we
manually screened the KE titles and phenotype names to retain associations that matched
the biological process outlined in the KE title and KE information page. Through this
process, we linked 310 KEs to 279 phenotypes across 347 chemicals (Supplementary Table
S3.6).

For disease mapping, we first obtained the disease-associated MeSH terms from the
CGPD-tetramer disease terms. For each term, we screened the corresponding title and
metadata information using the MeSH browser [173]. We then associated these terms
with the relevant KEs based on underlying biological processes. Through this process, we

linked 256 KEs to 548 diseases across 358 chemicals (Supplementary Table S3.6).

Identification of KEs using DEDuCTv3.0 endocrine-mediated endpoints and Neuro-

toxKb neurotoxicant endpoints

In DEDuCTV3.0, we systematically curated 796 endocrine-mediated endpoints associated
with 1043 potential EDCs. We therefore relied on these endpoints to identify relevant
KEs within AOP-Wiki. For each endpoint, we manually inspected the KE title and
information, and checked for underlying biological processes before linking. Through this
process, we linked 276 KEs with 361 endocrine-mediated endpoints across 927 chemicals

(Supplementary Table S3.6).

NeurotoxKb [ 126, 127] is a manually curated resource focusing on mammalian neu-
rotoxicity endpoints associated with environmental chemicals, compiled from published
literature. We first extracted the neurotoxic endpoints corresponding to chemicals in DE-

DuCTv3.0, and considered them to identify relevant KEs within AOP Wiki. We manually
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inspected the neurotoxic endpoints and KE titles in AOP Wiki, and linked 64 KEs with 55

neurotoxic endpoints across 123 chemicals (Supplementary Table S3.6).
Identification of KEs using ToxCast

ToxCast 1s a program by the United States Environmental Protection Agency (USEPA)
designed to enhance chemical toxicity predictions through in vitro high-throughput screen-
ing of various environmental chemicals [|8]. These in vitro approaches provide crucial
information on the associated biological processes and gene alterations triggered by stres-
sor interactions, which can aid in the identification of potential MIEs related to active
chemicals [52, 55-57, ]. Therefore, we relied on ToxCast invitrodb v4.3 [19,20] to

identify KEs associated with chemicals in DEDuCTv3.0.

Based on the procedure detailed in section 3.1.3, we first obtained chemical-specific
active assay endpoints from ToxCast invitrodb v4.3. Next, we relied on the ‘top’ value
of the corresponding winning model from the ‘mc4_all_model_fits_invitrodbv4_
3_AUG2024.Rdata’ file to determine whether these active chemicals exhibited an ‘ac-
tivatory’ or ‘inhibitory’ effect [19]. Subsequently, we manually inspected these active
assay endpoints, and KE titles to identify relevant KEs within AOP-Wiki. Through this
extensive process, we linked 160 KEs with 318 assay endpoints across 523 chemicals

(Supplementary Table S3.6).
Construction of stressor-AOP network

We finally integrated all these curated data to construct a stressor-AOP network for chemi-
cals within DEDuCTv3.0. In order to obtain high confidence associations, we relied only
on the 385 curated AOPs from AOP-Wiki (Supplementary Table S3.3). We first linked a
chemical to an AOP if they shared at least one common KE. Thereafter, we characterized
these chemical-AOP links based on two criteria, namely, the coverage score and the level of
relevance. The coverage score of a stressor-AOP link is defined as the ratio of the number
of KEs within that AOP associated with the stressor to the total number of KEs within that

AOP [56, 174]. This score is a real-valued number between 0 and 1, and is denoted as the
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edge weight of the linkage between a stressor and an AOP in the constructed stressor-AOP
network. The level of relevance is a qualitative score used to identify the relevance of
stressor-AOP association within the stressor-AOP network [56], and this score is denoted
as an attribute of the edge in the constructed stressor-AOP network. Level of relevance is a

five-level criterion and is defined as follows:

e Level 1: The stressor is associated with at least one KE within an AOP, where the

KE is neither MIE nor AO within that AOP

e Level 2: The stressor is associated with at least one AO within an AOP, but not

associated with any MIE within that AOP

e [evel 3: The stressor is associated with at least one MIE within an AOP, but not

associated with any AO within that AOP
e [evel 4: The stressor is associated with at least one MIE and one AO within an AOP

e Level 5: The stressor is associated with at least one MIE and one AO within an AOP,

and there exists a directed path between the associated MIE and AO

Supplementary Table S3.7 contains all the data on the stressor-AOP network con-
structed for chemicals in DEDuCTv3.0, including the coverage score and level of relevance
for each of the chemical-AOP links. We have also provided these links in the corresponding

chemical information pages on the DEDuCT webserver.

3.1.5 Construction of a toxicology knowledge graph for chemicals in

DEDuCTv3.0

Toxicology knowledge graphs provide a framework to integrate and organize toxicological
data from multiple sources, aiding in the identification of underexplored relationships, and
eventually enhancing our understanding of chemical-induced toxicities [39]. Here, we con-
structed a toxicology knowledge graph by linking the chemicals and endocrine-mediated
endpoints within DEDuCTv3.0 with gene, phenotype, disease, biological KEs, and AOPs

from toxicology-relevant resources such as ToxCast, CTD, and AOP-Wiki (Figure 3.2). We
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refer to this knowledge graph as ‘DEDuCT-KG’, and the following subsections summarize

the steps involved in curation of links and nodes within the knowledge graph.
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Figure 3.2: Network representation of different associations between seven types of nodes present
in DEDuCT Knowledge Graph (DEDuCT-KG). The resources from where each association was
obtained is mentioned on the edge connecting the corresponding nodes.

Curation of links between chemicals and endocrine-mediated endpoints

Since the endocrine-mediated endpoints associated with chemicals have been systemat-
ically curated from published literature in DEDuCTv3.0, we considered them as high

confidence links between the chemicals and their associated endpoints. We assigned the
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edge type as ‘reported_to_cause’ to all these chemical-endpoint links to better explain these
links in the knowledge graph. Through this process, we identified 10532 links connecting

1043 chemicals with 796 endocrine-mediated endpoints in DEDuCT-KG.
Curation of links between chemicals and genes from CTD and ToxCast

CTD provides curated chemical-gene interactions obtained from published literature, where
it compiles additional information on the gene form of the interacting gene, corresponding
organism name and taxonomic identifier, chemical-gene interaction actions, and associated
PubMed identifier (PMID) of the published literature [25]. First, we searched the NCBI
taxonomy browser [!75] with the corresponding organism identifiers and obtained infor-
mation on the taxonomic classification such as the domain, clade, kingdom, phylum, and
order. To obtain human- or rodent-relevant gene information, we selected only species
such as Homo sapiens (organism id: 9606) and those belonging to the order ‘Rodentia’.
Through this process, we identified 28 relevant species. Next, we filtered genes based on
their gene form information to obtain those entries that were annotated as gene, mRNA,
or protein. Further, we filtered out genes based on the associated interaction actions such
as ‘abundance’, ‘synthesis’, ‘response to substance’, ‘reaction’, ‘cotreatment’, ‘transport’,
‘localization’, ‘degradation’, ‘export’, ‘import’, ‘metabolic processing’, ‘mutagenesis’,
‘secretion’, ‘uptake’, ‘stability’, and only retained those with terms such as ‘expression’
and ‘activity’. We observed that these interaction actions further included the kind of
action, such as ‘increases’, ‘decreases’, or ‘affects’. For some of the chemical-gene links,
we observed that there were different curated interaction actions across different studies.
Therefore, to mitigate such discrepancies, we utilized the following standardization criteria:
(1) if the interaction action included terms such as both ‘increases’/‘decreases’ and ‘affects’,
then it was assigned to ‘increases’/‘decreases’ respectively; and (ii) in case both ‘increases’
and ‘decreases’ were present, then it was assigned as ‘affects’. Through this systematic
standardization process, we identified 509996 links connecting 682 chemicals to 29560

genes. We assigned the corresponding standardized interaction actions as the edge types

60



within the knowledge graph.

We also obtained the chemical-gene interactions from human- or rodent-relevant
data curated from ToxCast invitrodb v4.3 [20] as detailed in section 3.1.3. We identified
13205 links connecting 579 chemicals to 400 genes. We also curated the corresponding
assay response, such as ‘gain’ or ‘loss’, for the obtained active assay endpoints. We
further relied on the ‘top’ value of the corresponding winning model from the ‘mc4_all_
model_fits_invitrodbv4_3_AUG2024.Rdata’ file to determine whether these active
chemicals exhibited an ‘activatory’ or ‘inhibitory’ effect [19]. To understand the effect of
chemical on the target gene, we standardized these responses as follows: (i) responses such
as ‘activatory’ or ‘gain’ were assigned as ‘reported_to_activate’; (i1) responses such as
‘inhibitory’ or ‘loss’ were assigned as ‘reported_to_inhibit’. We assigned these standardized

response information as edge types within the knowledge graph.
Curation of links between chemicals and phenotypes or diseases from CTD

CTD provides curated chemical-phenotype interactions obtained from published literature,
where it compiles additional information on the corresponding organism name and tax-
onomic identifier, chemical-phenotype interaction actions, and associated PMID of the
published literature [25]. We followed the procedure detailed in the previous subsection
to obtain human- or rodent-relevant chemical-phenotype interactions. Subsequently, we
resolved discrepancies in chemical-phenotype interactions, and identified 28561 links
connecting 599 chemicals to 4431 phenotypes. We assigned the standardized interaction

actions as the edge types within the knowledge graph.

CTD also provides curated chemical-disease associations, where it additionally an-
notates the association as either ‘marker/mechanism’ or ‘therapeutic’ based on the ev-
idence from corresponding published literature. According to the CTD terminology,
‘marker/mechanism’ corresponds to evidence suggesting that the chemical exposure corre-
lates with the disease or may play a role in the etiology of the disease, while ‘therapeutic’

corresponds to evidence suggesting the therapeutic potential of the chemical in a dis-
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ease [176]. Therefore, we obtained only associations marked as ‘marker/mechanism’, and
identified 16219 links connecting 586 chemicals to 1805 diseases. We assigned the edge
type ‘causes_or_correlated_with’ to better explain the chemical-disease associations in the

knowledge graph.
Curation of links between genes and disease within CTD

CTD provides curated gene-disease associations, where it additionally annotates the
association as either ‘marker/mechanism’ or ‘therapeutic’ based on the evidence from cor-
responding published literature [25]. According to CTD terminology, ‘marker/mechanism’
corresponds to evidence suggesting that the gene may be a biomarker for the disease or
may play a role in the etiology of the disease, while ‘therapeutic’ corresponds to evi-
dence suggesting the gene may be a potential therapeutic target in the treatment of the
disease [ | 76]. Therefore, we obtained only associations marked as ‘marker/mechanism’,
and identified 27598 links connecting 7772 genes to 2466 diseases. We assigned the edge
type as ‘associated_with’ to better explain the gene-disease associations in the knowledge

graph.
Curation of links between genes and phenotypes from GO

GO provides annotated gene-phenotype associations, including the taxonomy identifier of
the organism in which the association was identified, the kind of evidence, and a qualifier
term to explain the association between the gene and phenotype. First, we obtained the
GO annotations from the NCBI gene resource [177], and retained only gene-phenotype
associations with experimental results [171]. Next, we filtered the links to retain only
human- or rodent-relevant associations based on taxonomic information. We observed that
each link was annotated with a qualifier term that defines the gene-phenotype association.
We then filtered the links to remove qualifier terms that included ‘NOT’, and identified
304398 links connecting 36463 genes to 18311 phenotypes. We assigned the corresponding

qualifier terms as the edge types within the knowledge graph.
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Curation of links between endocrine-mediated endpoints and phenotypes or diseases

in CTD

In DEDuCTv3.0, we manually curated the endocrine-mediated endpoints based on the
biological endpoints reported in the supporting evidence. Mapping these endpoints to
phenotypes and disease terms enables making the data more FAIR-compliant [16]. There-
fore, we manually checked the definitions of the endpoints, phenotypes, and disease terms
and mapped them based on underlying biological similarities. Through this process, we
identified 581 links connecting 394 endocrine-mediated endpoints to 248 phenotypes and
78 diseases. We assigned the edge type ‘related_to’ to better explain these links in the

knowledge graph.

Curation of links between chemicals, genes, phenotypes, diseases, endocrine-mediated

endpoints, and key event information within AOP-Wiki

Integrating diverse toxicological data with information contained within the AOP-Wiki
enables the exploration of diverse toxicity mechanisms associated with chemicals [55,56].
Furthermore, integrating these data within a knowledge graph enables the exploration
of previously missed associations and may potentially aid in elucidating the chemical-
associated toxicity mechanisms that were otherwise less understood. Following the proce-
dure detailed in section 3.1.4, we obtained all the endocrine-mediated endpoints, pheno-
types, and diseases that are mapped to KE information within AOP-Wiki, and identified
2334 links connecting 411 phenotypes, 733 diseases, 320 endpoints, with 632 KEs within
AOP-Wiki. We assigned the edge type ‘related_to’ to better explain these links in the
knowledge graph. Next, we utilized the curated prototypical stressor information from
AOP-Wiki and identified 175 links connecting 100 chemicals to 93 AOPs. We assigned
the edge type as ‘prototypical_stressor_of’ to better explain these links in the knowledge
graph.

Further, we obtained the gene-KE associations from data curated by Saarimiki et

al. [178]. We first mapped the provided Ensembl gene IDs to corresponding Entrez gene
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identifiers using the BioMart online tool [179], and identified 148171 links connecting
969 KEs and 14298 genes. We assigned the edge type ‘mapped_to’ to better explain these

links in the knowledge graph.
Curation of links between chemicals based on structural similarity

To enable chemical similarity-based search across DEDuCT-KG, we computed the chem-
ical similarities as Tanimoto coefficient based on their ECFP4 fingerprints [105, ].
Subsequently, we considered the chemical pairs having Tanimoto coefficients > 0.5 as
having structural similarity. Through this process, we identified 1609 links connecting 634
chemicals within DEDuCTv3.0. We assigned the edge type ‘structurally_similar_to’ to

better explain these links in the knowledge graph.

Altogether, we constructed a large-scale EDC-specific toxicology knowledge graph,
referred to as ‘DEDuCT-KG’, comprising 75106 unique nodes categorized under 7 node

types, and 1065949 edges categorized under 31 edge types.

3.1.6 Exploration of potential EDCs across consumer products and

chemical lists

The CPDatv4, curated and maintained by the USEPA, contains information on the presence
of chemicals in consumer products [163]. Additionally, CPDatv4 provides standardized
product use categorization (PUC), which aids in characterizing the real-world chemical
exposures [ 163]. Therefore, we used CPDatv4 to explore the exposure scenarios associated
with potential EDCs within DEDuCTVv3.0. In addition to the PUC data, we also obtained

the reported functional role of these chemicals in the corresponding products.

Next, we compiled 54 chemical lists from inventories, guidelines and regulations from
public resources (Supplementary Table S3.8) to explore the extent of regulatory coverage
of these potential EDCs. Based on Karthikeyan et al. [120], we classified 21 of the 54 lists
as ‘Substances in Use’ (SIU), and the remaining 33 as ‘Substances of Concern’ (SOC).

Moreover, we grouped these lists into ten broad categories based on their reported exposure
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scenario (Supplementary Table S3.8). Next, we compiled the list of potential EDCs from
DEDuCTv3.0, WHO report on EDCs [160], TEDx [161] and EDCs Databank version
2015 [162], and categorized them into three groups: (i) group I EDCs if they were present
only in the SIU lists; (ii) group II EDCs if they were present in both SIU and SOC lists; or
(i11) group III EDC:s if they were present only in SOC lists. Finally, we utilized the United
States High Production Volume (USHPV) chemical list (Supplementary Table S3.8) and
the latest OECD High Production Volume (OECD HPV) chemical list (Supplementary
Table S3.8), to identify potential EDCs that are currently being produced in high volumes

across the globe.

3.1.7 Web interface and database management system

DEDuCT is an online resource accessible at: https://cb.imsc.res.in/deduct/. In
this version update, we enhanced the online resource with the integration of all compiled
data. In particular, we enhanced the chemical section with more chemical-specific infor-
mation pages on curated chemical-gene, chemical-phenotype and chemical-disease associ-
ations from CTD [24,25], curated ToxCast information from ToxCast invitrodb v4.3 [20],
chemical-associated AOP data obtained from the constructed stressor-centric AOP network,
and the consumer product presence information compiled from CPDatv4 [163]. The com-
piled data is stored in MariaDB [141], and is retrieved using Structured Query Language
(SQL). The web interface was created using HTML, CSS, Bootstrap 4, jQuery [143]
and PHP [142], and hosted on Apache webserver [146] running on Debian 9.4 operating

system.

We implemented the newly constructed toxicology knowledge graph, DEDuCT-KG,
using Neo4j [180]. We used an open source web-based user interface, Knowledge-Graph-
UI (KG-UI) [181], to create an interactive interface for DEDuCT-KG. This user interface
utilizes Cypher language [182] to query and retrieve the immediate neighbors and the

shortest path between any two entities from the underlying knowledge graph [183].
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3.2 Results

3.2.1 DEDuCTVv3.0 - an enhanced resource on potential endocrine

disrupting chemicals

The DEDuCT is a unique repository of potential EDCs and their associated endocrine-
mediated effects that were systematically curated from published literature [105, 120].
Since the release of DEDuCT version 2.0 in October 2020, there has been a substantial
increase in literature focusing on characterization of EDCs, with PubMed now cataloging

more than 14000 EDC-associated articles that were not previously screened (Figure 3.1).

Here, we present an updated version, DEDuCTv3.0, cataloging 1043 unique potential
EDCs, systematically curated from 3269 published articles (Figure 3.1; Supplementary
Table S3.1). These chemicals were linked to 796 unique endocrine-mediated endpoints,
which we further classified into seven functional categories (Supplementary Table S3.2).
We observed that most endpoints were categorized as ‘Reproductive endocrine-mediated
perturbations’ (Figure 3.3a). Moreover, we observed that 823 of 1043 chemicals were
associated with endpoints categorized as ‘Reproductive endocrine-mediated perturbations’
(Figure 3.3b). Additionally, we utilized the standardized dosage information to compute
the No Observed Adverse Effect Level (NOAEL) and Low Observed Adverse Effect Level
(LOAEL) to enable further quantitative assessments of chemical-associated toxicities

(Supplementary Table S3.9) [105].

We performed a chronological analysis of the 3269 articles and observed that nearly
half of them were published between 2017 and January of 2025 (Figure 3.3c). Notably, we
observed that the reliance on in vitro human experiments is gradually increasing over the
years, suggesting the reliance on non-animal approaches towards EDC research (Figure
3.3c). In addition, we used the literature data to understand the identification of new
EDCs over the years. To this end, we chronologically sorted the supporting evidence

for each chemical, and considered the date of the earliest published article as the year of
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identification. Through this analysis, we observed that the number of new potential EDCs
identified has increased over the past few decades, aligning with the growth in research

and interest regarding endocrine disruption (Figure 3.3d).

Notably, compared to previous versions, DEDuCTv3.0 introduces 251 newly curated
chemicals and 187 new endocrine-mediated endpoints, demonstrating a significant expan-
sion of coverage of chemicals and their associated biological effects. Furthermore, 150 of
these 251 new chemicals have reported evidence from in vitro human tests, suggesting a
methodological shift toward more efficient, human-relevant toxicity testing of potential
EDCs (Supplementary Table S3.1). Such shifts are consistent with the new approach
methodologies (NAMs) framework and underscore their utility in streamlining the iden-
tification of potential EDCs [156]. In addition, compared with other EDC-relevant data
compilations, such as the WHO report [160], TEDx [161] and EDCs Databank version
2015 [162], DEDuCTv3.0 now compiles 435 chemicals not captured by any of these re-
sources (Figure 3.4a). Importantly, among these 435 chemicals, 193 were newly compiled
in DEDuCTv3.0 (Figure 3.4b), emphasizing the necessity for this effort to enable further

research in EDCs.

An environmental source-based classification of EDCs in DEDuCTv3.0 revealed
that 466 chemicals originated from ‘Industry’, while 461 chemicals originated from
‘Consumer products’ (Supplementary Table S3.1). Next, based on the hierarchical structural
classification of chemicals provided by ClassyFire [96], we observed that 988 chemicals
were classified as organic compounds, of which 242 chemicals were newly compiled in
DEDuCTVv3.0, while 55 were classified as inorganic compounds, of which 9 were newly

compiled in DEDuCTv3.0 (Supplementary Table S3.1).

Furthermore, we visualized the chemical space within DEDuCTv3.0 as a CSN, com-
prising 1043 chemicals as nodes and the structural similarity > 0.5 as edges (Figure 3.5).
We observed that there were 99 connected components containing at least two nodes, of
which the largest connected component (LCC) comprised 248 nodes, while there were 409

isolated nodes (Figure 3.5). Notably, we observed that 90 of the 251 new chemicals in
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Figure 3.3: (a) The distribution of the 796 endocrine-mediated endpoints in DEDuCTv3.0 into the
seven systems-level perturbation categories. (b) The distribution of chemicals within DEDuCTv3.0
into the seven systems-level perturbation events based on their associated endocrine-mediated
endpoint obtained from published literature. (c) A chronological analysis of the 3269 published
articles supporting 1043 potential EDCs in DEDuCTv3.0. Note, 32 articles published in January of
2025 are not included. (d) Bar plot depicting number of new EDCs identified per year based on
published literature compiled in DEDuCTv3.0. Note, four new chemicals from January 2025 are
not included.
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Figure 3.4: UpSet plot representation of unique overlaps between chemicals in DEDuCTv3.0 and
other EDC-relevant databases such as the Endocrine Disruption Exchange (TEDx), EDCs Databank
version 2015 (EDCsDB) and World Health Organization (WHO) report. (a) Comparison with all
1043 potential EDCs compiled in DEDuCTv3.0. (b) Comparison with the 251 new chemicals
compiled in DEDuCTv3.0. These UpSet plots were generated using UpSetR package in R.
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DEDuCTv3.0 were present as isolated nodes, suggesting they are structurally distinct from
the chemicals previously compiled (Figure 3.5). Moreover, we observed that 145 of the
251 chemicals were structurally similar to chemicals compiled in DEDuCT version 2.0,
while 16 others were structurally distinct (Figure 3.5). Subsequently, we used RDKit to
compute chemical scaffolds according to the Bemis-Murcko definition [108]. We observed
that 813 of 1043 chemicals share 323 unique scaffolds, among which 75 scaffolds are
shared by at least two chemicals (Supplementary Table S3.1; Figure 3.6). Additionally,
we visualized the chemical space as a TSN, comprising 579 of 1043 chemicals connected
to 400 human- or rodent-relevant target genes within ToxCast invitrodb v4.3 [20]. In
this TSN, we considered the 579 chemicals as nodes, and the target similarity > 0.5 as
edges (Figure 3.7). We observed that there were 34 connected components containing at
least two nodes, of which the LCC comprised 76 nodes, while there were 408 isolated
nodes (Figure 3.7). This dissimilarity in EDC-associated gene targets suggests that these
chemicals trigger diverse MIEs. Moreover, we observed a lack of correlation between the
chemical and target similarity of the 579 of 1043 potential EDCs within DEDuCTv3.0

(Figure 3.8) [105].

Overall, DEDuCTVv3.0 provides the most up-to-date and comprehensive information on
potential EDCs and supports further research in systems toxicology and human exposome.
Compared to previous versions, DEDuCTv3.0 further organizes the compiled data as a
novel toxicology knowledge graph for EDCs, called DEDuCT-KG, thereby enhancing the

utility of the resource for knowledge generation in EDC research.

3.2.2 Exploration of EDC-relevant toxicity mechanisms through stressor-

AQOP network

EDC research is increasingly transitioning towards the adoption of NAMs [156]. Within
NAMs, the AOPs serve as an in silico toxicological framework for characterizing stressor-

induced toxicity mechanisms and aiding in their risk assessment strategies [47, 1 56]. For
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Figure 3.5: Network visualization of the chemical similarity network (CSN) constructed based on
Tanimoto coeflicients computed for each chemical pair using ECFP4 fingerprints. In this figure,
edges are filtered to represent only those with Tanimoto coefficient > 0.5, with edge thickness scaled
proportionally to the corresponding Tanimoto coefficient. The chemicals compiled in DEDuCT 2.0
are represented in blue, while the 251 new chemicals curated in DEDuCTv3.0 are shown in red.

71



202

| o :
g}mg@ O 100 o oo
Q’fg /: /:Nw =] = a1l 2 2
2 oG N\\_ N/> @ } @;@ 0 @

Figure 3.6: A scaffold cloud representation of the 75 unique scaffolds that are shared between
at least two chemicals. The scaffolds are computed using RDKit based on the Bemis-Murcko
definition. The number of chemicals sharing the scaffold is mentioned at the top-right corner of

each box containing the scaffold.
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Figure 3.7: Network visualization of the target similarity network (TSN) constructed based on
the Jaccard indices computed for each chemical pair based on shared gene targets. In this figure,
edges are filtered to represent only those with Jaccard index > 0.5, with edge thickness scaled
proportionally to the corresponding Jaccard index. The 460 of 792 chemicals compiled in DEDuCT
2.0 are represented in blue, while the 119 of 251 new chemicals curated in DEDuCTv3.0 are shown
in red.
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Figure 3.8: The scatter plot comparing structural and target similarity between chemical pairs,
where structural similarity is represented by Tanimoto coefficient, and target similarity by the
Jaccard index. The plots are further divided based on different structural similarity cut-off values.
The Pearson correlation coefficient (R) and the coefficient of determination (R?) values are denoted
at the top-right of each graph. Further, the number of chemical pairs in each graph is denoted at the
bottom right.
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DEDuCTv3.0, we constructed the stressor-AOP network by connecting 949 of 1043
potential EDCs and 381 curated AOPs from AOP-Wiki [50], based on 759 associated Key

Events (KEs) (Supplementary Tables S3.5-S3.5).

Supplementary Table S3.6 provides further details on these KEs and their associated
chemical-endpoint associations, categorized by the source from which each association
was derived. The constructed stressor-AOP network enabled the exploration of EDC-
induced toxicity mechanisms through the AOP framework. We observed that bisphenol
A (CAS:80-05-7) had maximum associated KEs (390 KEs), which is expected given
its extensive toxicological characterization within DEDuCTv3.0 (Supplementary Table
S3.6). It is immediately followed by cadmium (CAS:7440-43-9), which is linked to
289 KEs, and bis(2-ethylhexyl) phthalate (CAS:117-81-7), which is linked to 260 KEs
(Supplementary Table S3.6). Moreover, we observed that the KE ‘Increased, Cancer’
(KE:885), which is also considered an adverse outcome across various curated AOPs, was
associated with the highest number of chemicals, i.e., 348 of 949 chemicals, signifying
that several chemicals have carcinogenic potential. Among the KEs annotated as MIE
in at least one of the 381 curated AOPs, we observed that the MIE ‘Activation, Estrogen
Receptor Alpha’ (KE:1065) was associated with the highest number of EDCs, 1.e., 236 of
949 chemicals, suggesting that it represents one of the most frequently triggered initiating

events underlying EDC-mediated toxicity pathways.

In the stressor-AOP network, we observed that 949 chemicals were linked to 381
curated AOPs through one or more key events (KEs) spanning multiple levels of biological
organization. To further characterize these chemical-AOP associations, we classified
them based on levels of relevance, wherein Level 5 denotes that there is evidence of both
MIE and AO within an AOP associated with the chemical, and that the MIE and AO are
connected through causal linkages [56]. We observed that 250 chemicals in DEDuCTv3.0
were associated with 215 curated AOPs from AOP-Wiki (Supplementary Table S3.7) at
‘Level 5’ level of relevance. Notably, we observed that 96 of these 250 chemicals were

associated with 31 endorsed AOPs, signifying the utility of AOPs in characterizing EDC-
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Figure 3.9: Distribution of 250 chemicals in DEDuCTv3.0 across 28 disease categories based on
the AO classification of their associated AOPs at Level 5 relevance.

specific mechanisms (Supplementary Table S3.3). Among the 250 chemicals, we observed
that 113 chemicals were linked to the KE ‘Increase, Reactive oxygen species’ (KE:1115),
indicating that oxidative stress is a common mechanism through which EDCs exert their
downstream adverse effects. Furthermore, we observed that 145 of the 250 chemicals
were linked to 29 of the 215 AOPs that were categorized as ‘Cancer’ based on their AOs
(Supplementary Table S3.7; Figure 3.9). This was followed by 95 chemicals linked to
17 AOPs that were categorized as ‘Gastrointestinal system disease’, and 93 chemicals
linked to 7 AOPs that were categorized as ‘Cognitive disorder’ (Supplementary Table S3.7;
Figure 3.9). This suggests that mechanisms underlying cancer, gastrointestinal disease,
and cognitive disorders were most represented for chemicals in DEDuCTv3.0. Note that

the current bias towards carcinogenic mechanisms may stem from the over representation
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of cancer-associated AOPs within AOP-Wiki [56]. It should further be noted that the
identified mechanisms reflect the broader toxic effects of EDCs and are not exclusive to
endocrine-mediated pathways, as we derived the associations by integrating chemical-
specific biological endpoints from multiple sources beyond the curated endocrine-mediated

endpoints.

3.2.3 DEDuCT-KG: A toxicology knowledge graph on EDCs

A toxicology knowledge graph organizes chemical-relevant toxicological data from diverse
sources into a network comprising chemical-associated toxicological data connected
through semantic relationships [39]. Such a construction enables the querying of subgraphs
that can highlight previously unexplored associations between entities, thereby facilitating
novel understanding of chemical-induced toxicities [39]. Here, we systematically curated
the 1043 potential EDCs and their 796 associated endocrine-mediated endpoints, and used
them as the foundation to construct a large-scale toxicology knowledge graph, referred to
as DEDuCT-KG (Figure 3.2). We further expanded DEDuCT-KG by integrating semantic
relationships from several external sources, including ToxCast, CTD, and AOP-Wiki, to
connect chemicals, endocrine-mediated endpoints, genes, phenotypes, diseases, KEs and
AOPs into a unified network comprising 75106 nodes and 1065949 edges (Figure 3.2).
Among these nodes, 48999 are genes, 3098 are diseases, 19238 are phenotypes, 1547
are KEs within AOP-Wiki, and 385 are the curated AOPs from AOP-Wiki. Based on the
association information from different sources, we classified the edges into 31 distinct edge
types connecting these nodes. Moreover, the LCC comprised 75048 nodes and 1065913
edges, which connected 1043 EDCs, 796 endpoints, 3096 diseases, 19219 phenotypes,
48979 genes, 1532 KEs, and 383 AOPs. This LCC signifies a vast corpus of information
associated with the chemicals curated in DEDuCTv3.0. Moreover, we hosted DEDuCT-
KG on a Neo4j graph database [ | 80] and made it available on the webserver through an

interactive user interface [181] to enable further research (Figure 3.10).

In a previous study on reproductive toxicants, it was shown that knowledge graph
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Figure 3.10: Screenshot of the interactive user interface of DEDuCT-KG in the webserver.

construction enabled the exploration of underexplored mechanisms of action (MOAs)
associated with those chemicals [39]. Similarly, we utilized the chemicals and associated
endocrine-mediated endpoint data from DEDuCTv3.0 to gain more information on EDC-
associated MOAs. We observed that the endocrine-mediated endpoints were not directly
associated with the genes to help gauge their endocrine-specific MOAs (Figure 3.2). In-
stead, the endocrine-mediated endpoints were linked to phenotypes and diseases, which
were further linked to genes (Figure 3.2). Previously, the concept of a CGPD-tetramer was
proposed as a bioinformatics-driven framework to bridge knowledge gaps between chem-
ical exposures and outcomes by identifying intermediate molecular mechanisms [184].
Here, we adapted this framework by integrating endocrine-mediated endpoint-phenotype

and endocrine-mediated endpoint-disease associations derived from the constructed knowl-
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edge graph (Supplementary Table S3.10). This allowed for the construction of subgraphs
such as chemical-gene-phenotype-endpoint and chemical-gene-disease-endpoint, which
revealed indirect gene-to-endpoint links. These genes can then be used to explore the
potential MoA associated with the chemical-induced endocrine-mediated effects [39, ].

We demonstrate the utility of this knowledge graph using the following case studies.
Potential mechanism of action associated with obesogens in DEDuCTv3.0

Obesogens are a class of EDCs that promote obesity in exposed individuals by altering
metabolic homeostasis and increasing susceptibility to weight gain [185]. We observed
that DEDuCTv3.0 contained an endocrine-mediated endpoint titled ‘Lead to obesity’,
which was categorized as ‘Metabolic endocrine-mediated perturbations’ (Supplementary
Table S3.2). Therefore, we selected this endpoint to gain more insight into the potential
obesogens within DEDuCTv3.0. In the constructed knowledge graph, we observed that
this endpoint was associated with 52 chemicals, and diseases such as ‘Obesity, Abdominal’
(MESH:D056128), ‘Weight Gain’ (MESH:D015430), ‘Obesity’ (MESH:D009765), ‘Over-
weight’” (MESH:D050177), and ‘Obesity, Morbid” (MESH:D009767), that were compiled
from CTD. Subsequently, we selected the chemical-gene, chemical-disease, and gene-
disease links from the knowledge graph to construct a chemical-gene-disease-endpoint
subgraph comprising 18 chemicals, 260 genes, 4 diseases, and 1 endpoint (Supplementary
Table S3.10). Importantly, a prior study by Heindel et al. [185] classified the chemical
groups to which these 18 chemicals belong as obesogenic, thereby supporting the con-
struction of our knowledge graph and highlighting its utility in extracting toxicity relevant

information.

Among the 18 chemicals, we observed that bisphenol A (CAS:80-05-7) was linked to
256 out of 260 genes, followed by tetrachlorodibenzodioxin (CAS:1746-01-6) linked to
244 genes (Supplementary Table S3.11). Among the 260 genes, we observed that TNF
(NCBI Gene ID: 7124) and AHR (NCBI Gene ID: 196) were linked to all 18 chemicals,
followed by NFE2L2 (NCBI Gene ID: 4780), CD36 (NCBI Gene ID: 948) and ADIPOQ
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Figure 3.11: Chemical-gene-disease-endpoint subgraphs depicting the genes, diseases, and
endocrine-mediated endpoint obtained from DEDuCT-KG, associated with obesogens: (a) dibutyl
phthalate (DiBP; CAS:84-74-2); (b) perfluorooctane sulfonic acid (PFOS; CAS:1763-23-1). These

subgraphs were generated using Neo4;.
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(NCBI Gene ID: 9370) which were linked to at least 15 of the 18 chemicals (Supplementary
Table S3.11). Alternatively, PHAROS [186] is an NIH-based repository that integrates data
from the Target Central Resource Database (TCRD) to enable gene-disease association
studies [187]. From this database, 370 genes were found to be associated with ‘obesity
disorder’, including the highly connected TNF, AHR, CD36, and ADIPOQ genes. The
overlap of genes between the knowledge graph and PHAROS underscores the biological
relevance of these targets. For instance, the overexpression of the TNF gene and its role
in inducing inflammation have been well-studied as central factors in the pathogenesis of
obesity [188-190]. AHR gene is found to have a dual role in the pathogenesis of obesity
[191], with its activation in adipocytes promoting their differentiation and eventually
leading to the promotion of obesity [192]. The CD36 gene, which functions as a fatty
acid translocase, showed increased expression in preadipocytes of obese mice [ 193], and
positively correlated with abdominal adipose tissue distribution in humans [ 194]. Finally,
the dysregulation of the ADIPOQ gene has been extensively studied in the pathogenesis of

metabolic syndromes, including obesity [ 195, 196].

Next, we selected chemical-gene-disease-endpoint subgraphs for two obesogens,
namely, dibutyl phthalate (DiBP; CAS:84-74-2) and perfluorooctane sulfonic acid (PFOS;
CAS:1763-23-1), to further explore their MOAs (Figure 3.11). From these subgraphs, we
observed that these two chemicals are associated with TNF, AHR, and CD36 genes (Figure
3.11). In particular, we observed that these chemicals increase expression of TNF and
CD36 genes based on evidence curated from CTD (Figure 3.11). Additionally, we observed
that DiBP and PFOS activate AHR, based on evidence from CTD and ToxCast invitrodb
v4.3, respectively (Figure 3.11). These observations highlight that the two chemicals can

potentially induce obesity through interaction with TNF, AHR, and CD36.
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Potential mechanism of action underlying EDC-associated neurodegenerative disor-

ders

Exposure to EDCs has been associated with a wide range of neurological manifestations,
with growing evidence implicating their role in the development and progression of neu-
rodegenerative diseases [197]. We observed that DEDuCTv3.0 contained an endpoint titled
‘Neuronal degeneration’, which was categorized as ‘Neurological endocrine-mediated
perturbations’ (Supplementary Table S3.2). Therefore, DEDuCTv3.0 was utilized to inves-
tigate the potential mechanisms through which EDCs may contribute to the development
of neurodegenerative disorders. From the constructed knowledge graph, we observed
that the endpoint was associated with 13 chemicals and two diseases, namely, ‘Nerve
Degeneration’ (MESH:D009410) and ‘Neurodegenerative diseases’ (MESH:D019636),
that were compiled from CTD. Similar to the case study on obesogens, we constructed
a chemical-gene-disease-endpoint subgraph, which comprised 6 chemicals, 83 genes, 2
diseases, and 1 endpoint (Supplementary Table S3.12). Given that Alzheimer’s disease
and Parkinson’s disease are the two well-known neurodegenerative disorders for which
environmental pollutants have been identified as risk factors [198], we selected them as the

focus of this case study.

Among the six chemicals in the subgraph, we observed that bisphenol A (CAS:80-
05-7) was linked to all 83 genes (Supplementary Table S3.13). Among the 83 genes, we
observed that TH (NCBI Gene ID:7054), CASP3 (NCBI Gene ID: 836), MAPK1 (NCBI
Gene ID: 5594), PINK1 (NCBI Gene ID: 65018), SLC18A2 (NCBI Gene ID: 6571), and
PRKN (NCBI Gene ID: 5071) were associated with all six chemicals (Supplementary
Table S3.13). Among the other chemicals present in the subgraph, chlorpyrifos (CPF;
CAS:2921-88-2) is an organophosphate insecticide, and atrazine (ATZ; CAS:1912-24-9)
1S a triazine herbicide. Based on the data curated within the DEDuCT webserver, we
observed that these chemicals are actively used, produced in high volumes, and have been

flagged as chemicals of concern across different jurisdictions. Moreover, it was observed
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that these chemicals have been detected in different human biospecimens. Therefore, to
identify the potential MoA associated with the EDCs in these diseases, we obtained the
corresponding gene sets from PHAROS [186], and constructed subgraphs for both CPF
and ATZ.

Alzheimer’s disease was associated with 482 genes, among which the highly connected
CASP3 and PINKI1 genes were identified. The CASP3 gene, a critical regulator of
neuronal apoptosis, has been observed at elevated levels in Alzheimer’s disease, where it is
associated with neuronal loss and the conversion of Tau and amyloid-f proteins into more
toxic derivatives [199]. The PINKI1 gene, a regulator of mitochondrial quality and synaptic
integrity, has been observed at reduced levels in Alzheimer’s disease, where it is associated
with amyloid-g accumulation, mitochondrial dysfunction, and cognitive decline [200].
From the constructed subgraphs, it was observed that both CPF and ATZ increase the
expression of or activate the CASP3 gene with evidence from CTD and ToxCast invitrodb
v4.3 (Figure 3.12). While CPF was observed to decrease the expression of the PINK1
gene, ATZ was observed to increase its expression (Figure 3.12). This suggests that CPF
can potentially induce Alzheimer’s disease through both CASP3 activation and PINK1
downregulation, while ATZ can potentially induce Alzheimer’s disease through CASP3

activation alone.

From the knowledge graph, we observed that Parkinson’s disease was associated with
248 genes, among which the highly connected TH, SLC18A2, PINK1, and PRKN genes
were present. The TH gene, which encodes the tyrosine hydroxylase enzyme involved
in brain catecholamine biosynthesis, has been observed at reduced expression levels in
Parkinson’s disease, where it is associated with diminished dopamine synthesis [201].
The SLC18A2 gene, responsible for packaging dopamine into synaptic vesicles, has been
observed at reduced levels in Parkinson’s disease, where it is associated with impaired
dopamine storage and loss of dopaminergic neurons [202]. The PRKN and PINK1 genes,
both of which regulate mitochondrial quality and mitophagy in neurons, have been observed

at reduced levels in Parkinson’s disease, where their loss is associated with the accumulation
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Figure 3.12: Chemical-gene-disease-endpoint subgraphs depicting the genes, diseases, and
endocrine-mediated endpoint obtained from DEDuCT-KG, associated with Alzheimer’s disease:
(a) chlorpyrifos (CPF; CAS:2921-88-2); (b) atrazine (ATZ; CAS:1912-24-9). These subgraphs

were generated using Neo4;.
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of damaged mitochondria and loss of dopaminergic neurons [203]. Notably, mutations
in the PRKN gene have been strongly associated with hereditary forms of Parkinson’s
disease, making it one of the key genes implicated in familial Parkinsonism [204]. From
the constructed subgraph for CPF, we observed that it decreases the expression of PRKN
and PINKI1, and affects the expression of TH (Figure 3.13a). From the subgraph for
ATZ, we observed that it decreases the expression of TH and affects SLC18A2 expression
(Figure 3.13b). This suggests that CPF potentially triggers Parkinson’s disease through
mitochondrial dysfunction in the neurons, while ATZ potentially triggers Parkinson’s

disease through a reduction in dopaminergic neurons.

Overall, through these case studies, we were able to utilize the knowledge graph to
gain biological insights into the potential MoA underlying EDC-associated obesity and
neurodegeneration, which were otherwise not apparent within DEDuCT. This demonstrates
the utility of the knowledge graph in organizing the knowledge within the database and

gaining biological insights into the potential MoA underlying endocrine disruption.

3.2.4 Potential exposure to EDCs through consumer products

Daily, humans encounter a wide variety of products, some of which may contain potential
EDCs that pose a risk to human health. Therefore, we used CPDatv4 [163] to explore the
exposure sources of potential EDCs in DEDuCTV3.0. First, we observed that CPDatv4
cataloged 542 of 1043 potential EDCs, with corresponding products grouped into product
use categories (PUCs) (Supplementary Table S3.1). We observed that CPDatv4 utilizes a
hierarchical classification of PUCs, where ‘Kind’ represents the highest level describing the
physical nature of the product [163], spanning three types: (1) ‘Article’ denoting products
designed for long term use in the environment; (ii) ‘Formulation” denoting products kept in

containers; (ii1) ‘Occupation’ denoting products meant for use in work environments [163].

Among the 542 chemicals present in CPDatv4, we observed that 171 were present

in products categorized as ‘Articles’. Among these 171 chemicals, we observed that 133

86



chemicals were present in products categorized as ‘Construction and building materials’,
followed by 81 chemicals present in products categorized as ‘Batteries’ (Supplementary
Table S3.1). This potentially suggests that researchers must check such chemicals for
chronic or low dose exposures. Similarly, we identified 334 of 542 chemicals as present
in products categorized as ‘Formulation’ (Supplementary Table S3.1). Among these, 168
chemicals were present in products categorized as ‘Personal care’, followed by 138 in
‘Home maintenance’ (Supplementary Table S3.1). This highlights a significant pathway of
exposure to potential EDCs through common consumer products. Finally, we observed that
418 of 542 chemicals were present in products categorized as ‘Occupational’ (Supplemen-
tary Table S3.1). Among these, 344 were present in products categorized as ‘Laboratory

supplies’, followed by 198 chemicals as ‘Raw materials’ (Supplementary Table S3.1).

In addition to PUC data, CPDatv4 provides the functional uses associated with the
chemicals in consumer products [ 1 63]. This information is valuable for identifying less
toxic chemical alternatives to replace the chemical of potential concern. To refine this
dataset, we filtered out chemicals with a reported function of ‘unknown’ or ‘not reported’.
Through this process, we identified 473 of 1043 potential EDCs with known functional
use data (Supplementary Table S3.1). Among these, we linked 417 chemicals to 73
standardized OECD functional terms (Supplementary Table S3.1) [163]. Among these, we
observed 179 chemicals function as ‘Biocides’, followed by 92 chemicals that function as

‘Fragrances’, in their corresponding products.

3.2.5 Distribution of potential EDCs in chemical lists

EDCs are of prime concern and regulatory agencies worldwide increasingly regulate
them. To check the regulatory coverage of the potential EDCs compiled in this chapter,
we utilized several chemical lists. First, we compiled a unique list of 2049 potential
EDCs from DEDuCTv3.0, the WHO report [160], the TEDx [161], and EDCs Databank
version 2015 [162]. Next, we compiled 54 different chemical lists and categorized them as

substances in use and substances of concern (Supplementary Table S3.8). Based on the

87



(a) (b)

S E00) SO0 (16852) ( Toys and other childrens
{  Group | EDCs products
. Group Il EDCs
' Group Il EDCs
New DEDuCTv3.0

chemicals in group |

¢ New DEDuCTV3.0
" chemicals in group |l

. New DEDuCTv3.0

EDCs (2049) K chemicals in group |I1/
Plant protection Cosmetics and household Food additives and Food
products products contact materials

Famer

q

Biocides Medicines and Medical REACH
devices chemicals

]

Environment and Water Quality Workers’ regulations Miscellaneous

Figure 3.14: Distribution of 2049 unique potential EDCs from DEDuCTv3.0, TEDx, EDCs
Databank, and WHO report across 54 chemical lists. (a) Venn diagram depicting chemicals
categorized into groups I, II, and III. (b) Sunburst plots depicting the distribution of potential
EDCs across 10 chemical list categories. The inner ring represents the number of potential EDCs
categorized into groups I, II, or III within each category, while the outer ring highlights the number
of newly compiled chemicals in DEDuCTv3.0 across each group.

88



procedure detailed in section 3.1.6, we categorized the chemicals within each list into three
groups, with 19501 chemicals in group I, 11394 in group II, and 5488 in group III. We
overlapped this data with 2049 potential EDCs and identified that 135 were in group I, 581
were in group II, and 353 were in group III (Figure 3.14a). Among these, we observed that
20 are newly compiled within DEDuCTv3.0 in group I, 67 are newly compiled in group II,

and 50 are newly compiled in group III (Figure 3.14a).

Next, we examined the distribution of these three chemical groups across the different
categories of chemical lists. We observed that the newly compiled chemicals were present
in all groups, and predominantly belonged to group II (Figure 3.14b). Notably, we
observed that 15 of the new group I chemicals were currently in use as food additives or
food contact materials, highlighting potential concern about dietary exposure. Among these
15 chemicals, 11 contained information from in vitro human cell line studies on evidence
of endocrine-mediated effects (Supplementary Table S3.1). Furthermore, we observed
that three of the new chemicals were present in cosmetics, with two chemicals having in
vitro human evidence of endocrine-mediated effects (Supplementary Table S3.1). We also
observed that none of these new chemicals were cataloged as high production volume
chemicals by either the USEPA or OECD. Overall, these findings highlight that some
of the newly identified chemicals in DEDuCTv3.0 are currently in active use but remain
unflagged by major regulatory agencies, demonstrating the utility of this compilation in

uncovering previously overlooked chemicals of concern.

3.2.6 Enhancements to DEDuCT webserver

We have substantially updated the DEDuCT webserver, accessible at https://cb.imsc.
res.in/deduct/, to align more closely with the FAIR principles [16]. Notably, we have
provided unique identifiers for the chemicals in DEDuCT, along with links to their respec-
tive chemical pages in databases such as PubChem [ | 1] and CAS Common Chemistry [93],
and the USEPA’s CompTox Chemicals Dashboard [21, 22] (Figure 3.15; Supplemen-

tary Table S3.1). In this update, we have also enriched the chemical pages with more
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toxicology-relevant data curated from multiple relevant databases. For instance, we cu-
rated information regarding chemical-associated genes, phenotypes, and diseases from the
CTD [151] and made them available as separate sections within the chemical pages (Figure
3.16). Additionally, we curated the latest data from ToxCast invitrodb v4.3 [20] and made
them available in respective chemical pages for improved access (Figure 3.17). Here, we
further categorized the data based on the type of target, such as RNA, protein, molecular
messenger, pathway, cellular, and hormone. Moreover, we curated the PUC data and the
functional uses of chemicals in consumer products from CPDatv4 [163] and made them
accessible through a dedicated section in the chemical page (Figure 3.18). We categorized
the functional uses under specific vocabularies from the USEPA and OECD (Figure 3.18),
while the PUCs were categorized based on the physical nature of the corresponding product
(Figure 3.18). We updated the regulatory lists to include the latest chemical inventories.
Chemicals are searchable based on their identifiers, names, synonyms, physicochemical

properties, or structures (Figure 3.19).
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Figure 3.15: Screenshot of the updated chemical information page in DEDuCT webserver.
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associations.
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Additionally, we constructed a large-scale toxicology knowledge graph for EDCs,
termed DEDuCT-KG, and made it accessible through an interactive user interface [181] on
the webserver. Overall, DEDuCTv3.0 is a culmination of significant updates to the resource,
making it more FAIR-compliant and enhancing the toxicological knowledge associated
with the compiled EDCs. We have made the data compiled in DEDuCTv3.0 accessible
through machine-readable file formats in the Downloads section of the webserver, enabling

further research on EDCs.

3.3 Discussion

The Database of Endocrine Disrupting Chemicals and their Toxicity Profiles (DEDuCT),
accessible athttps://cb.imsc.res.in/deduct/, is a manually curated and an actively
maintained database on potential EDCs that has organized and structured data from
scientific literature. In this update, we systematically collected EDC-specific toxicity data
from toxicology-relevant resources such as CTD, ToxCast, and AOP-Wiki, and made
it available on individual chemical pages, providing easy single-window access to all
EDC-related toxicity information. Additionally, we organized the compiled data to build
a large-scale EDC-specific toxicology knowledge graph, called DEDuCT-KG, and made
it accessible through an interactive interface. The construction of DEDuCT-KG enabled
us to explore possible mechanisms of action underlying the curated endocrine-mediated
endpoints. Furthermore, we identified potential exposure sources using the USEPA’s
CPDatv4, showing exposure through everyday products such as cosmetics and home
maintenance products, among others. Comparison with existing regulations also revealed
chemicals that are currently overlooked. Overall, these analyses show that integrating
diverse toxicological information has improved our understanding of the health effects

associated with these potential EDCs and supports further research in this field.

While DEDuCT is a comprehensive, manually curated resource on EDCs, it only

focuses on compiling data from published scientific literature and does not include studies
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conducted by regulatory bodies or industries, which are typically published as chemical
reports. Moreover, it primarily focuses on mammalian toxicities and does not address the
ecotoxicity of such chemicals. It also does not cover the mixture effects of potential EDCs.
Although the latest chemical lists were used for the regulatory analysis in this chapter, they
might not fully capture all possible regulated chemicals. Moreover, the knowledge graph
was inherently limited by the scope of its underlying data sources. CTD predominantly
captured literature-curated associations, which may over-represent well-studied chemicals
and diseases, while ToxCast data derived from in vitro assays may not fully capture in
vivo biological complexity. Although AOP-Wiki is a continuously updated resource, a
snapshot of the resource was utilized during construction of the updated webserver, and
may not capture all recent additions. As we relied on curated information from these

limited sources, the absence of a link may reflect limited data within those sources.

Nonetheless, to the best of our knowledge, we present the first toxicology knowledge
graph specifically developed for EDCs, termed DEDuCT-KG, enabling large-scale explo-
ration of their adverse effects. DEDuCT-KG can facilitate the identification of mechanisms
of action, and when supported with external validation, it can reveal underexplored toxic
effects associated with these chemicals. The new interactive user interface of DEDuCT-KG
supports EDC research through specialized knowledge graph techniques. Moreover, the
curated EDC-AOP associations will improve the understanding of chemical toxicities
and help in designing targeted in vitro testing strategies for EDCs. Consumer product
information from CPDat has allowed for the identification of exposure routes for sev-
eral potential EDCs and highlighted primary sources of concern. In sum, this update of
DEDuCT organizes the large amount of information on EDCs generated since the last
version. It brings together diverse toxicology data into a central resource that can accelerate

the research and regulation of EDCs.
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Supplementary Information

Supplementary Tables S3.1-S3.13 associated with this chapter are available for download
from the GitHub repository: https://github.com/asamallab/PhDThesis-Nikhil_

C/blob/main/SI/ST_Chapter3.xlsx.
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Chapter 4

Network toxicology focused investigation
on the impacts of inorganic arsenic and
cadmium on human and ecosystem

health in India

Heavy metals like arsenic and cadmium are categorized as priority pollutants by the
United States Agency for Toxic Substances and Disease Registry (ATSDR), based on their
frequency of occurrence, associated toxicity, and potential for human exposure [205]. In
particular, inorganic forms of arsenic and cadmium are hazardous due to their higher rates
of absorption, toxic valence states, and enhanced ability to cause cellular and organ-level
damage [206-209]. Moreover, they are categorized as endocrine disrupting chemicals in
DEDuCT with both in vitro human and in vivo rodent evidence. Therefore, these heavy
metals need to be regulated and controlled to mitigate their adverse effects on human and

ecosystem health.

Across India, these metals are widely reported in groundwater, agricultural soils, and

food crops. Arsenic contamination is most evident in the Ganga—Brahmaputra—Meghna
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plains [210-213], while cadmium is frequently associated with industrial and agricultural
regions across India [214-216]. Despite their widespread occurrence and multi-species
impacts, regulatory standards in India are largely limited to drinking water guidelines,
with little attention to ecological toxicity. Thus, organizing disparate data within network
toxicology frameworks can provide a basis to support risk assessment, and aid in policy

decision-making in the Indian context.

In Chapter 3, we utilized a network toxicology framework called Adverse Outcome
Pathways (AOPs) to investigate the mammalian-centric toxicity mechanisms induced by
endocrine disrupting chemicals (EDCs). Specifically, we curated data relevant to humans
and rodents from five exposome-relevant sources to focus on the adverse effects associated
with EDCs. In this chapter, we expand the scope by including ecotoxicologically-relevant
data from ECOTOX Knowledgebase [63,217], and integrate other network toxicology-
based frameworks to gain a comprehensive understanding of the impacts of inorganic
arsenic and cadmium from a One Health perspective. Notably, we construct the first large-
scale Aggregate Exposure Pathway (AEP) networks for inorganic arsenic and cadmium
in India. Next, we integrate these with the AOPs to explore the complete source-to-
outcome pathways. We further construct stressor-species networks, and integrate these
with the derived aquatic hazard concentrations to provide a novel approach for visualizing
particularly vulnerable species. Finally, we conduct environmental risk assessments for
these chemicals across Indian rivers. The work reported in this chapter is contained in

the published manuscript [75].
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4.1 Methods

4.1.1 Compilation and curation of inorganic compounds of arsenic

and cadmium

In this chapter, we demonstrate the utility of network toxicology-based analysis to gain
a holistic understanding of inorganic arsenic- and cadmium-induced toxicities from a
One Health perspective. We first extracted toxicologically-relevant biological endpoint
data associated with arsenic, cadmium and their compounds, from six exposome-relevant
databases, namely ToxCast [ | 8], Comparative Toxicogenomics Database (CTD) [25, 1,
DEDuCT [105, 120, 121], NeurotoxKb [126, 127], AOP-Wiki [50], and ECOTOX [63,

]. Next, we curated chemical information and mapped the compounds to standardized
PubChem [! 1] and Chemical Abstracts Service (CAS) [93] identifiers, to ensure a non-
redundant chemical list. Subsequently, we retrieved two-dimensional (2D) structural data
from PubChem and used Open Babel [106] to generate key structural representations,
including SMILES, InChl, and InChIKey. We used ClassyFire [96,97] to classify these
chemicals as either inorganic or organic. For the compounds that could not be classified by
ClassyFire, we manually verified and classified them based on their structural definitions
[96]. Through this extensive systematic workflow, we identified 62 inorganic arsenic
compounds and 18 inorganic cadmium compounds (Supplementary Table S4.1). We

subsequently used these compounds for all further analysis in this chapter.

4.1.2 Construction of aggregate exposure pathways (AEPs) for inor-

ganic arsenic and cadmium in India
The Aggregate Exposure Pathway (AEP) framework traces how a chemical moves from
its source to the biological site of action [42-45]. It is represented as a directed graph,

where nodes are key exposure states (KESs) and links are key transitional relationships

(KTRs) [42-45]. In this chapter, we present the first AEP networks constructed for
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inorganic arsenic and cadmium in the Indian context, to characterize their distribution and

exposure risks.

First, we conducted a PubMed search to retrieve relevant articles detailing the sources
of arsenic and cadmium, and their environmental dispersion. We ran the following queries
on 6 August 2025, on PubMed [91]: “"arsenic*"[TIAB] AND "India*"[TIAB]" and ‘"cad-
mium*"[TIAB] AND "India*"[TIAB]’. These queries resulted in 1095 arsenic-relevant
articles and 594 cadmium-relevant articles. Next, we manually screened these articles
based on their titles and abstracts, and excluded the article if: (i) it is a review article;
(i1) it is written in a language other than English; (iii) it is not specific to India; (iv) it
did not contain information on presence of arsenic or cadmium in environmental media
or biological samples (Figure 4.1). Consequently, we screened the full-text of the arti-
cles that passed the previous stage and excluded an article if: (i) the full text was not
available; (ii) the arsenic or cadmium concentrations were not experimentally detected
(Figure 4.1). Through this extensive manual process, we identified 177 arsenic-relevant
and 182 cadmium-relevant articles (Figure 4.1). From these articles, we extracted data on
the sampling location, year, and detection method. We also recorded the chemical type
and its concentrations in environmental media or biological samples (Supplementary Table
S4.2). Additionally, we curated the information from these articles regarding the flow of
detected chemicals across different media (Supplementary Table S4.3). We then identified
the environmental and biological states, and organized the corresponding links to construct
a conceptual AEP network for arsenic and cadmium. This network provides a holistic view

of their distribution and exposure based on India-specific data.

4.1.3 Compilation and curation of AOPs within AOP-Wiki

The AOP framework organizes the biological events (key events (KEs)) underlying a
stressor-induced perturbation into a directional network, beginning with a molecular
interaction (molecular initiating event (MIE)) and culminating in an AO relevant for

regulation [47-49, ]. In this directed network, KEs function as vertices, with the MIE
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Figure 4.1 (previous page): Workflow to curate AEP-relevant information associated with arsenic
and cadmium in India. (a) PRISMA diagram for selecting relevant articles associated with arsenic.
(b) PRISMA diagram for selecting relevant articles associated with cadmium.

as the source vertex and the AO as the terminal vertex, while the connections between
them, known as key event relationships (KERs), serve as the edges, collectively forming

AOPs [47-49,167].

AOPs are stressor-agnostic and context-specific, meaning each AOP is tailored to a
particular biological scenario [47-49, 167]. They are developed globally, targeting diverse
adverse outcomes, and are deposited into AOP-Wiki [50], the largest global collaborative
platform for AOP development and associated scientific evidence, hosted by the Society
for the Advancement of Adverse Outcome Pathways (SAAOP). Therefore, in this chapter,

we relied on AOP-Wiki to obtain the latest available AOPs.
Compilation of AOPs within AOP-Wiki

AOP-Wiki makes its complete repository available as a downloadable XML file. In order
to obtain information on AOPs within AOP-Wiki, we first downloaded this XML file
(released 1 April 2024) from the ‘Project Downloads’ page in AOP-Wiki [218]. We then
parsed and extracted information associated with AOPs, like AOP identifier, AOP title,
associated KEs (including MIEs and AOs) and KERs, linked stressors, handbook version
followed for development of AOP, status according to OECD, and biological applicability
information such as taxonomy, sex and life-stage of the organism, and their corresponding
weight of evidence. Additionally, for each KE, we extracted information like KE title, KE
identifier, level of biological organization, action name, object name, object identifiers
and process name, and information associated with KERs like upstream/downstream KEs,
evidence for biological plausibility of KER, adjacency, and the extent of quantitative

understanding of KER.
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‘2024-04-01' flat file
downloaded from Extracted
aopwiki.org AOP data

474 AOPs

Removed AOPs
with KE title as
‘unknown’
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without KERs
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disconnected
components
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(i) MIE to AO

(i) MIE to KE and KE to AO O ]

’ Molecular Initiating Event (MIE)
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@—>0— @ ".iway (20P) - 342 AOPs

KE with title ‘unknown’ Curated

AOPs
? Missing KE or KER

Figure 4.2: Workflow to curate complete and connected Adverse Outcome Pathways (AOPs) from
AOP-Wiki by employing computation and manual curation in conjunction.
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Identification of complete and connected AOPs within AOP-Wiki

AOPs are considered living documents as they are collaboratively developed globally,
and are continuously updated based on new scientific evidence [51]. Consequently, many
AOPs may remain incomplete, or lack sufficient information for further analysis [51].
Therefore, based on our previous works [55, 56], we systematically checked each AOP to
filter complete and connected AOPs (Figure 4.2). First, we manually checked and removed
AOPs that comprised KEs with title as ‘unknown’, or lacked any KEs or KERs. Next,
we employed NetworkX library [168] in Python to check for disconnected AOPs, and
manually updated and filtered out AOPs that contained disconnected components. Finally,
we checked for the presence of MIE, AO, and a directed path between them, and filtered
out AOPs that lacked any. Through these combined manual and computational efforts, we
identified 342 complete, and connected AOPs from AOP-Wiki (last accessed on 9 July
2024), which we designated as ‘curated AOPs’ (Supplementary Table S4.4). These 342
curated AOPs comprised 1163 unique KEs (Supplementary Table S4.5) and 1827 unique
KERs (Supplementary Table S4.6).

Computation of cumulative weight of evidence (WoE) of AOPs

AOPs carry an endorsement status within AOP-Wiki [51], with 35 of 342 curated AOPs
being fully endorsed, 13 currently under review, and the remainder still under development
(Supplementary Table S4.4). Since endorsement is often a time-consuming process, the
complete AOPs can be regarded as plausible hypotheses for toxicity mechanisms, even if
not yet formally endorsed. To further assess the confidence associated with these curated

AOPs, we evaluated the cumulative weight of evidence based on the support for individual

KERs within each of the curated AOPs (Supplementary Table S4.6).

AOP-Wiki provides a weight of evidence (WoE) information for each KER in an
AOP based on its biological plausibility (Supplementary Table S4.6). The WoE is a
qualitative score represented in terms of ‘High’, ‘Moderate’, ‘Low’ and ‘Not Specified’.

Following Ravichandran et al. [54], we computed the fraction of KERs within an AOP with
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‘High’ WoE [represented as F(‘High’)], ‘Moderate’ WoE [represented as F(‘Moderate’)],
‘Low’” WOE [represented as F(‘Low’)] and ‘Not Specified” WoE [represented as F(‘Not
Specified’)], and subsequently assigned a cumulative WoE to the AOPs based on the

following criteria [54]:
i. High: If F(‘High’) > 0.5
ii. Moderate: If F(‘High’) < 0.5, but (F(‘High’) + F(‘Moderate’)) > 0.5

iii. Low: If (F(‘High’) + F(‘Moderate’)) < 0.5, but (F(‘High’) + F(‘Moderate’) +
F(‘Low’)) > 0.5

iv. Not Specified: If none of the above criteria are satisfied

4.1.4 Construction of stressor-AOP network for inorganic arsenic and

cadmium

Stressor-AOP network provides a broader perspective on impacts of stressors across diverse
biological processes by linking the stressors to AOPs [56, 166]. To better understand the
perturbances caused by inorganic arsenic and cadmium, we constructed a stressor-AOP
network which is a bipartite graph linking arsenic and cadmium to different AOPs within
AOP-Wiki. Building on our previous works [55-57], we first curated all biological endpoint
data in humans and ecologically relevant species associated with inorganic arsenic and
cadmium from ToxCast [18], CTD [25, ], DEDuCT [105, , ], NeurotoxKb
[126, ], and ECOTOX [63, ]. We then mapped these endpoints to KEs within
AOP-Wiki to identify chemical-relevant KEs. The following sections elaborate the process

of endpoint extraction, followed by their mapping to KEs within AOPs.
Identification of KEs using ToxCast

ToxCast is a program by the United States Environmental Protection Agency (USEPA) de-
signed to enhance chemical toxicity predictions through in vitro high-throughput screening

of various environmental chemicals [18]. These in vitro approaches provide crucial infor-
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mation on the associated biological processes and gene alterations triggered by stressor
interactions, which can aid in identification of potential MIEs related to active chemi-
cals [52,55-57, , ]. Therefore, ToxCast invitrodb v4.1, available on the USEPA
repository [220], was used to identify KEs/MIEs associated with inorganic arsenic and

cadmium.

First, we extracted the chemicals and their corresponding assay information from the
‘mc5-6_winning_model_fits-flags_invitrodb_v4_1_SEPT2023.csv’ file, and
identified active assay endpoints for each chemical (defined as ‘hitc’ > 0.9) [19]. Next,
we determined whether these active chemicals exhibited an ‘activatory’ or ‘inhibitory’
response based on the ‘top’ value of the corresponding winning model from the ‘mc4_

all_model_fits_invitrodb_v4_1_SEPT2023.csv’ file [19].

To ensure that these active endpoints are not due to non-specific activation of reported
genes (referred to as ‘cytotoxicity-associated burst” phenomenon) [ 1 64], we applied the

following Z-score statistic proposed by Judson et al. [164]:

—logACsp(chemical, assay) — median[—-logACsy(chemical, cytotox)]
global cytotoxicity MAD

Z(chemical, assay) =

Here, ‘logACso(chemical, assay)’ is the logarithm of the ACs, value of the chemical in the
assay, ‘logACsp(chemical, cytotox)’ is the logarithm of the ACs, value of the chemical in
the corresponding cytotoxicity assay, and the ‘global cytotoxicity MAD’ is the median of
the MAD (median absolute deviation) of the ‘logACsy(chemical, cytotox)’ distributions
across all chemicals [164]. Based on this definition, Z-scores ranging between +3 and -3

are considered indicative of cytotoxicity-associated bursts [164].

We retrieved the global cytotoxicity MAD and logACsy(chemical, cytotox) (given by
the column titled ‘cytotox_median_log’) from the ‘cytotox_invitrodb_v4_1_SEPT2023.
x1sx’ file to identify the cytotoxicity-associated bursts for inorganic arsenic and cadmium
compounds [19]. We then discarded assays with Z-scores between +3 and -3, resulting in

281 assay endpoints linked to one inorganic arsenic compound and four inorganic cadmium
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compounds, which we subsequently mapped to KEs within AOP-Wiki.

We first extracted the genes corresponding to these 281 assay endpoints from the
‘assay_annotations_invitrodb_v4_1_SEPT2023.x1sx’ file, along with assay end-
point-gene mappings from the ‘assay_gene_mappings_invitrodb_v4_1_SEPT2023’
file. Next, using the KE-gene annotations provided by Saarimiki et al. [178], we identified
gene sets linked to KEs at the molecular or cellular levels of biological organization. We
then mapped these KEs to ToxCast assay endpoints based on gene overlaps and manually
filtered the results using the assay endpoint descriptions. Through this comprehensive
toxicogenomics-based manual curation, we identified 52 KEs associated with 40 assay
endpoints across one inorganic arsenic compound (CAS:1327-53-3) and two inorganic

cadmium compounds (CAS:10108-64-2, CAS:10325-94-7) (Supplementary Table S4.7).
Identification of KEs using CTD

CTD is a comprehensive public resource that links environmental chemicals (C), genes
(G), phenotypes (P), and diseases (D) to advance understanding of their effects on health
[25, ]. This resource facilitates the construction of CGPD-tetramers, which help
identify confident associations between chemicals, phenotypes, and diseases, enabling
their mapping to KEs within AOP-Wiki [221,227]. Based on our previous works [55-57],
we retrieved high confidence CGPD-tetramers associated with inorganic arsenic and

cadmium compounds, and leveraged them to identify KEs within AOP-Wiki.

We accessed the CTD June 2024 release and constructed the CGPD-tetramers where
we considered: (i) chemical-gene and chemical-phenotype associations with literature
evidence; (i1) chemical-disease and gene-disease associations with ‘marker/mechanism’
or ‘marker/mechanism|therapeutic’ evidence; (iii) gene-phenotype associations with GO
annotations based on only the experimental results [171]. This process resulted in a list of
17749 CGPD-tetramers comprising three inorganic arsenic compounds and three inorganic
cadmium compounds, 1162 genes, 483 phenotypes and 213 diseases (Supplementary Table

S4.8). Next, we generated the immediate neighboring GO terms for the CGPD-tetramer
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phenotype GO terms using the GOSim package [172] in R. We then overlapped these
GO terms with the process identifiers of KEs in AOP-Wiki, manually examined them,
and identified 197 KEs linked to 105 phenotypes across three inorganic arsenic com-
pounds (CAS:1327-53-3, CAS:56320-22-0, CAS:7784-34-1) and three inorganic cadmium
compounds (CAS:10108-64-2, CAS:7440-43-9, CAS:10124-36-4) (Supplementary Table
S4.7). Additionally, we manually examined the disease terms and identified 92 KEs
associated with 106 diseases across three inorganic arsenic compounds (CAS:1327-53-3,
CAS:56320-22-0, CAS:7784-34-1) and two inorganic cadmium compounds (CAS:7440-
43-9, CAS:10108-64-2) (Supplementary Table S4.7).

Identification of KEs using DEDuCT and NeurotoxKb

DEDuCT is one of the largest databases compiling curated information on endocrine
disrupting chemicals (EDCs) and their corresponding endocrine-mediated endpoints from
published literature [105, , ]. Therefore, we extracted the endocrine-mediated
endpoints corresponding to inorganic arsenic and cadmium compounds within DEDuCT
and considered them to identify relevant KEs within AOP-Wiki. We manually inspected
both the endocrine-mediated endpoints and KE titles in AOP-Wiki, and identified 76 KEs
associated with 46 endocrine-mediated endpoints across two inorganic arsenic compounds
(CAS:7440-38-2, CAS:1327-53-3) and three inorganic cadmium compounds (CAS:7440-
43-9, CAS:10108-64-2, CAS:10325-94-7) (Supplementary Table S4.7).

NeurotoxKb is a manually curated resource focusing on mammalian neurotoxicity
endpoints associated with environmental chemicals, compiled from published literature
[126, 127]. Therefore, we extracted the neurotoxic endpoints corresponding to inorganic
arsenic and cadmium compounds within NeurotoxKb, and considered them to identify
relevant KEs within AOP-Wiki. We manually inspected both the neurotoxic endpoints and
KE titles in AOP-Wiki, and identified 20 KEs associated with 13 neurotoxic endpoints
across one inorganic arsenic compound (CAS:7440-38-2) and two inorganic cadmium

compounds (CAS:7440-43-9, CAS:10108-64-2) (Supplementary Table S4.7).
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Identification of KEs using AOP-Wiki

AOP-Wiki catalogs information on prototypical stressors for each AOP, based on well-
documented associations with these stressors [51]. We first extracted information on
prototypical stressors associated with AOPs from the downloaded XML file. We then
observed that four AOPs (AOP:263, AOP:413, AOP:499, AOP:500) were associated with
two inorganic arsenic compounds (CAS:7440-38-2, CAS:15502-74-6), and four AOPs
(AOP:257, AOP:296, AOP:499, AOP:500) were associated with two inorganic cadmium
compounds (CAS:7440-43-9, CAS:10108-64-2). Therefore, we considered the KEs within

these AOPs to be associated with inorganic arsenic and cadmium, respectively.
Identification of KEs using ECOTOX

ECOTOX is a comprehensive USEPA resource that consolidates toxicological information
for over 12000 chemicals across more than 13000 terrestrial and aquatic species from
published literature, offering valuable insights into ecological impacts of these chemicals
[63]. Therefore, we leveraged ECOTOX to identify ecotoxicologically-relevant KEs within

AOP-Wiki associated with inorganic arsenic and cadmium compounds.

We first downloaded the ECOTOX dataset files (released June 2024) by selecting the
‘Download ASCII Data’ option on the ECOTOX website [217]. Then, using an in-house
Python script, we parsed ‘tests.txt’, ‘results.txt’, ‘chemicals.txt’ and ‘species.txt’ files
to extract data associated with inorganic arsenic and cadmium compounds. ECOTOX
curates the biological effects associated with the chemicals as ‘Effect’, the corresponding
measure as ‘Measurement’, and the trend of the effect as “Trend’. We removed the data
points where the Measurement value was either ‘Not Reported’ or empty, as they lack
sufficient information on adverse effects, and proceeded to map the remaining data to
KEs within AOP-Wiki. We manually inspected the ‘Effect’, ‘Measurement’ and ‘Trend’
information from ECOTOX, and KE titles within AOP-Wiki, and identified 273 KEs to be
associated with 499 unique ECOTOX endpoints across 25 inorganic arsenic compounds

(CAS:7784-46-5, CAS:7778-43-0, CAS:1327-53-3, CAS:13464-37-4, CAS:1303-11-3,
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CAS:7440-38-2, CAS:7631-89-2, CAS:7778-39-4, CAS:10103-60-3, CAS:13466-06-3,
CAS:7784-41-0, CAS:7778-44-1, CAS:15584-04-0, CAS:15502-74-6, CAS:69162-99-8,
CAS:13464-38-5, CAS:22541-54-4, CAS:17428-41-0, CAS:1303-33-9, CAS:1303-28-2,
CAS:7784-34-1, CAS:7778-41-8, CAS:17029-22-0, CAS:15120-17-9, CAS:12777-38-7)
and 8 inorganic cadmium compounds (CAS:10108-64-2, CAS:7440-43-9, CAS:7790-80-9,
CAS:10325-94-7, CAS:10124-36-4, CAS:10022-68-1, CAS:1306-19-0, CAS:1306-23-6)

(Supplementary Table S4.7).

Number of mapped
Number of Number of
S. No. Resource Type of endpoint obtained KEs within
chemicals endpoints
AOP-Wiki

AOPs with prototypical
1 AOP-Wiki 4 6 27
stressor information

Diseases from

CGPD-tetramers constructed 5 106 92
2 CTD
using experimental data
Phenotypes from
CGPD-tetramers constructed 6 105 197
using experimental data
Endocrine-mediated
3 DEDuCT 5 46 76
endpoints
Measurement and Trend
4 ECOTOX (excluding ‘No Effect’ trend) 33 499 273
information
5 NeurotoxKb Neurotoxicant endpoints 3 13 20
Active endpoints (hitc > 0.9)
6 ToxCast post-cytotoxicity burst 3 40 52

analysis

Table 4.1: Summary of resources and criteria for endpoint identification with chemical counts
and mapped key events (KEs). [AOPs: Adverse Outcome Pathways; CTD: Comparative Toxi-
cogenomics Database; CGPD-tetramers: chemical-gene-phenotype-disease tetramers; hitc: hit call
value in ToxCast invitrodb]

Overall, we identified 579 KEs associated with either inorganic arsenic or cadmium
compounds by integrating heterogeneous toxicogenomics and biological endpoints data
from six exposome-relevant resources, namely, ToxCast, CTD, DEDuCT, NeurotoxKb,

AOP-Wiki, and ECOTOX (Supplementary Table S4.7). Table 4.1 provides an overview of
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the resources utilized, the criteria applied to extract endpoints from them, and the number

of chemicals and endpoints obtained from each.
Construction of stressor-AOP network

Stressor-AOP network provides a broader perspective on impacts of stressors across diverse
biological processes by linking the stressors to AOPs [56, 166]. To construct the stressor-
AOP network, we first grouped KEs associated with various inorganic arsenic compounds to
identify common KEs related to inorganic arsenic. Similarly, we grouped KEs for different
inorganic cadmium compounds to identify those associated with inorganic cadmium. To
obtain high confidence associations between the chemicals and AOPs, we relied solely on
the curated list of 342 AOPs (Supplementary Table S4.4). Finally, leveraging these arsenic-
KE and cadmium-KE associations, we constructed a bipartite stressor-AOP network,
linking arsenic and cadmium to 310 and 318 curated AOPs, respectively (Supplementary

Table S4.9).

Thereafter, we characterized these links based on two criteria, namely, the coverage
score and the level of relevance. The coverage score of a stressor-AOP link is defined as
the ratio of the number of KEs within that AOP associated with the stressor to the total
number of KEs within that AOP [174]. This score is a real valued number between 0 and
1, and we denote it as the edge weight of the linkage between a stressor and an AOP in
our stressor-AOP network. The level of relevance is a qualitative score used to assess the
relevance of the stressor-AOP association within the stressor-AOP network, and we denote
this score as an edge attribute in our stressor-AOP network [56]. Level of relevance is a

five-level criterion defined as follows:

e Level 1: The stressor is associated with at least one KE within an AOP, where the

KE is neither MIE nor AO within that AOP

e Level 2: The stressor is associated with at least one AO within an AOP, but not

associated with any MIE within that AOP

e Level 3: The stressor is associated with at least one MIE within an AOP, but not
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associated with any AO within that AOP
e [ evel 4: The stressor is associated with at least one MIE and one AO within an AOP

e [evel 5: The stressor is associated with at least one MIE and one AO within an AOP,

and there exists a directed path between the associated MIE and AO

Supplementary Table S4.9 contains all the data on the stressor-AOP network con-
structed for inorganic arsenic and cadmium, including the coverage score and level of
relevance for each of the stressor-AOP links. We visualized the resultant networks using

Cytoscape [132].

4.1.5 Construction of stressor-species networks by utilizing ECOTOX

data

The stressor-species network provides a framework to understand how multiple envi-
ronmental stressors interact with various species, offering insights into their effects on
ecosystems and biodiversity [57,60,62]. Therefore, we constructed stressor-species net-
works for the inorganic compounds arsenic and cadmium by leveraging ECOTOX data
on chemical concentrations associated with acute and chronic toxicity, as well as biocon-
centration factors (BCFs), to gain a comprehensive understanding of their toxicities and
accumulation potential across different species. Acute toxicity is measured in terms of
median lethal concentration (IL.Cs) or effect concentration (ECs), that refers to the concen-
tration which causes lethality or induces desired biological response in 50% of the tested
organisms, respectively [63]. Chronic toxicity is measured in terms of no observed effect
concentration (NOEC), which is the highest tested concentration that causes no observable
adverse effect on tested organisms [63]. BCF is the degree to which different species take
up chemicals from their environment via respiration and skin contact, excluding dietary

uptake [223].

We first normalized the acute toxicity concentrations to parts per million (ppm) equiv-

alents (mg/L or mg/kg) by relying on corresponding conversion factors (Supplementary
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Table S4.10). Then, for each stressor-species pair, we considered studies with durations be-
tween 24 and 96 hours, and for pairs with multiple concentration values, we computed their
geometric means. Thereafter, we constructed a network linking 15 inorganic arsenic and 8
inorganic cadmium compounds to 167 and 644 species, respectively (Supplementary Table
S4.11). Similarly, for chronic toxicity values, we first normalized the concentrations to ppm
equivalents, and computed their geometric mean in case of more than one concentration
for a stressor-species pair, and constructed a network linking 16 arsenic and 4 cadmium
compounds to 130 and 264 species, respectively (Supplementary Table S4.11). Similarly,
we normalized the BCF values, and the highest BCF value per stressor-species pair was
selected, and a network was constructed linking 5 arsenic and 4 cadmium compounds to
32 and 147 species, respectively (Supplementary Table S4.12). We visualized the resultant

networks using Cytoscape [132].

4.1.6 Construction of species sensitivity distributions (SSDs) for inor-
ganic arsenic and cadmium compounds by utilizing ECOTOX

data

Species sensitivity distribution (SSD) is a widely used statistical method in ecological risk
assessment to estimate species’ sensitivities to environmental stressors, and derive hazard
concentration affecting 5% of the species (HCO0S), which informs regulatory guidelines for
biodiversity protection [64—67]. In this chapter, we curated relevant data from ECOTOX to

construct SSDs for inorganic arsenic and cadmium compounds.

First, we filtered the data to obtain species with habitat as “Water’, and standardized the
concentrations to ppm equivalents for the inorganic compounds of arsenic and cadmium.
To obtain relevant acute toxicity data, we considered only LCs, or ECs, values obtained
from studies ranging between 24 and 96 hours [224], and calculated the geometric mean
if multiple values were available per stressor-species pair [225,226]. To obtain relevant

chronic toxicity data, we considered only NOEC values, and calculated the geometric mean

113



if multiple values were available per stressor-species pair. Finally, to ensure robust SSDs,
we included only chemicals with data across at least five ECOTOX species groups [227].
Through this extensive process, we identified acute toxicity data for four inorganic arsenic
compounds (CAS:1327-53-3, CAS:7778-43-0, CAS:7784-46-5, CAS:13464-38-5), and
four inorganic cadmium compounds (CAS:7440-43-9, CAS:10108-64-2, CAS:10124-
36-4, CAS:10325-94-7) (Supplementary Table S4.13). Furthermore, we identified that
chronic toxicity data is available for three inorganic arsenic compounds (CAS:1327-53-3,
CAS:7778-43-0, CAS:7784-46-5) and four inorganic cadmium compounds (CAS:7440-43-
9, CAS:10108-64-2, CAS:10124-36-4, CAS:10325-94-7) (Supplementary Table S4.14).
We utilized this data to construct SSDs based on acute and chronic toxicities associated

with inorganic arsenic and cadmium.

To construct the SSDs for inorganic compounds of arsenic and cadmium, we relied
on two tools namely, SSD Toolbox developed by the USEPA [228] and R-based ssdtools
package developed by the Ministry of Environment and Climate Change Strategy of British
Columbia [225]. In both these tools, we fit five statistical distributions, namely, Log-
Normal, Log-Logistic, Log-Gumbel, Weibull and Burr Type III to the curated toxicity data
through maximum-likelihood method, and obtained the HCOS value based on the best-fit
model determined by the minimum corrected Akaike Information Criterion (AICc) value
[225,229,230]. Furthermore, we set the number of bootstrap resampling iterations as 10000

2 ]'

We observed that the Burr Type III model did not adequately fit the chronic toxicity data

to quantify uncertainty in fitted parameters and estimate confidence intervals [

for the inorganic cadmium compound CAS:10325-94-7 in both tools. Therefore, only
the remaining four statistical distributions were considered to compute the SSD for this

chemical.

Recently, model averaging, which assigns weights to individual distributions to derive
a weighted average, has been proposed as a more reliable method for computing SSDs,
as it has been observed to produce more stable HCOS values compared to single-model

estimates [225,231]. Accordingly, we additionally computed model-averaged HCOS values
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for each inorganic arsenic and cadmium compound using both tools.

4.1.7 Construction of toxicity-normalized SSD (SSDn) for inorganic

arsenic and cadmium

The toxicity-normalized SSD (SSDn) approach refines ecological risk assessment by
normalizing chemical toxicity data based on a sensitive reference species, thereby providing
a framework to pool data of chemicals that share toxicological similarities [68, 69]. This
SSDn approach further allows the determination of chemical-specific HCO5 values by
back-calculating HCO5n values (i.e., HCOS value derived from SSDn) using the toxicity
data from the corresponding reference species [68, 69]. Therefore, the SSDn approach
was utilized to assess the overall toxicity of inorganic arsenic and cadmium, and allow

comparison with the chemical-specific SSDs.

Lambert et al. [69] suggested the following criterion to choose an appropriate reference

species (referred to as ‘nSpecies’) for the construction of SSDn:

e All chemicals of interest must have toxicity data for the nSpecies

e When there are multiple potential nSpecies, the most sensitive species should be
used for normalization

e When possible, normalize toxicity values to the nSpecies with the most similar
sensitivity to all compounds (i.e., smallest range of percentiles in single-chemical

SSDs)

In the case of arsenic, we observed that Daphnia magna was the only species with
acute toxicity data across the four inorganic arsenic compounds (Supplementary Table
S4.13). Therefore, we chose Daphnia magna as the nSpecies for acute toxicity data-based
SSDn computation for arsenic. We observed that six species, namely, Cyprinus carpio,
Danio rerio, Daphnia magna, Oncorhynchus mykiss, Rhinella arenarum, and Terapon
Jjarbua had chronic toxicity data for all three inorganic arsenic compounds (Supplementary

Table S4.14). Among these, the chronic toxicity data of Terapon jarbua satisfied the other
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two criterion outlined by Lambert ef al. [69], and therefore we chose Terapon jarbua as

nSpecies for chronic toxicity data-based SSDn computation for arsenic.

In the case of cadmium, we observed that 10 species, namely, Artemia salina, Asel-
lus aquaticus, Brachionus calyciflorus, Danio rerio, Daphnia magna, Daphnia pulex,
Gambusia affinis, Hyalella azteca, Oncorhynchus mykiss, and Pimephales promelas had
acute toxicity data for all the four inorganic cadmium compounds (Supplementary Table
S4.13). Among these, the toxicity data of Hyalella azteca satisfied the other two criterion
outlined by Lambert et al. [69], and therefore we chose Hyalella azteca as nSpecies for
acute toxicity data-based SSDn computation for cadmium. We observed that two species,
namely, Cyprinus carpio, and Oncorhynchus mykiss had chronic toxicity data for all four
inorganic cadmium compounds (Supplementary Table S4.14). Among these, the chronic
toxicity data of Oncorhynchus mykiss satisfied the other two criterion outlined by Lambert
et al. [69], and therefore we chose Oncorhynchus mykiss as nSpecies for chronic toxicity

data-based SSDn computation for cadmium.

Next, we normalized the toxicity data with respect to that of nSpecies for the identi-
fied inorganic compounds of arsenic and cadmium, and we designated them as nSpecies
equivalents. Then, for each species, we computed the geometric mean of the nSpecies
equivalents across different chemicals to obtain the corresponding species mean toxicity val-
ues (SMTVs) (Supplementary Tables S4.15-S4.16). Subsequently, we followed procedure
used for SSD construction, and computed the toxicity-normalized hazard concentration
(HCO5n) values for inorganic arsenic and cadmium by relying on their corresponding
SMTYV values. We estimated the chemical specific HCOS values from the corresponding

HCO5n using the following formula suggested by Lambert et al. [69]:

HCOSchemical,SSDn = HCOSH * SMTVchemical,nSpecies

Here, SMTV chemicat nSpecies T€fErs to the SMTV for the nSpecies identified for a chemical,

and HCOS5 chemica.sspn represents the derived HCOS value for that chemical from the corre-
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sponding HCO5n value. Additionally, Lambert et al. [69] calculated the fold change as a
ratio of the HCOS value derived from SSDn to that of single-chemical SSD, and used it as
a metric to assess the accuracy of the values computed using the SSDn approach. Here, we

used the following formula to compute the fold change:

HCOS5 chemical,ssDn
HCOS chemical

Fold change =

where, HCOS pemica represents the HCOS5 value calculated from the single-chemical SSD
for the corresponding chemical. As per Lambert et al. [69], values falling within a 5-fold

range are considered ‘Good’.

4.1.8 Calculation of risk quotient (RQ) based on the environmental

concentrations of arsenic and cadmium

The risk quotient (RQ) of a chemical is defined as the ratio of its measured environmental
concentration (MEC) to its predicted no-effect concentration (PNEC) [71,72]. In 2019,
the Central Water Commission (CWC) under Department of Water Resources, RD &
GR, Ministry of Jal Shakti, Government of India, published a report titled ‘Status of
Trace and Toxic Metals in Indian Rivers’ [232] providing the analysis and data on various
metal elements in Indian rivers, including average seasonal concentrations categorized as
‘monsoon’ and ‘non-monsoon’ across sampling stations. Importantly, this report provided
total arsenic and total cadmium related concentration data across 424 sampling stations,
247 rivers, and 24 states. Therefore, to compute the RQ of the total arsenic and cadmium
reported at these sites, we first computed the PNEC values of the inorganic arsenic and

cadmium compounds.

We first standardized the reported concentrations to parts per billion (ppb) by convert-
ing their units to ppb equivalents (ug/L) and considered them as measured environmental
concentrations (MECs). Thereafter, the predicted no-effect concentration (PNEC) val-

ues for inorganic arsenic and cadmium compounds were computed using the following
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formula [70]:

HCO05
PNEC = ——
¢ AF

where, HCOS5 is obtained from the SSD constructed using chronic toxicity data in the
USEPA’s SSD Toolbox, and AF is the assessment factor. Given the diversity of the
data in ECOTOX, we selected the most conservative AF of 5 to minimize the risk of
underestimation, aligning with the EU Commission’s ‘Technical Guidance Document on

Risk Assessment’ [70] and published literature [57, -237].

Thereafter, we computed the geometric mean of the computed PNECs for inorganic

arsenic and cadmium compounds to obtain the values for arsenic and cadmium, respectively.

Finally, the RQ was computed using the following formula [71,72]:
RQ = MEC
PNEC

where, MEC is the measured environmental concentration obtained from the report and

PNEC is the computed geometric mean of arsenic or cadmium compounds.

We further utilized these computed RQs to perform three comparative analyses: non-
monsoon and monsoon RQs for arsenic, non-monsoon and monsoon RQs for cadmium,
and arsenic and cadmium RQs across sampling stations. We used the Shapiro-Wilks
test [238] to check for normality of the distribution of differences. If the distribution was
found to be normal, we used the paired t-test [239], else we used the Wilcoxon signed-rank

test [240]. We performed this analysis using the rstatix package in R version 4.3.1.
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4.2 Results

4.2.1 Inorganic arsenic and cadmium compounds curated from six

exposome-relevant datasets

The inorganic forms of arsenic and cadmium are particularly hazardous due to their higher
absorption rates, multiple valence states, and their potential to cause damage at both
cellular and organ levels [206—-209]. In this chapter, we relied on network toxicology-based
approaches to assess the adverse effects of these contaminants on human and ecosystem
health. First, we systematically curated 62 inorganic arsenic and 18 inorganic cadmium
compounds from six exposome-relevant databases (Supplementary Table S4.1). Among
these, we observed that many compounds are prohibited from usage in the European
Union (EU) [24 1], with some listed as high concern chemicals under EU’s Registration,
Evaluation, Authorisation and Restriction of Chemicals (REACH) regulations [242] (Sup-
plementary Table S4.1). Notably, we also observed that some of these compounds have
been detected in human biospecimens, including the placenta, urinary bladder, brain, skin,
bone, kidney, and pancreas [243, 244] (Supplementary Table S4.1). Furthermore, we
utilized the USEPA’s Chemical and Products Database (CPDat) [116] and observed that
some of these compounds are present in consumer products such as batteries, electrical

appliances, and construction materials (Supplementary Table S4.1).

Chemical speciation strongly influences the toxicity, mobility and bioavailability of
arsenic and cadmium [245, ]. For instance, As(IIl) (arsenite) is generally far more
toxic and more easily absorbed in biological systems than As(V) (arsenate), owing to its
greater reactivity with thiol groups and its higher capacity to cross cell membranes [247].
Similarly, for cadmium, both its free ionic form and its soluble complexes tend to be more
bioavailable and thus more toxic, while insoluble compounds exhibit lower immediate
uptake [248,249]. Importantly, chemical speciation is governed by several environmental

conditions, including pH and the presence of other salts, and requires specialized techniques
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to identify the different fractions [246]. Since the chemical data was curated from existing
repositories, we manually checked for the parameters such as oxidation state to gauge
the different species of heavy metals among the curated compounds. For arsenic, we
identified 12 arsenites, 36 arsenates, 11 arsines (-3 oxidation state), 1 elemental arsenic,
and 2 compounds with a +2 oxidation state, while for cadmium we identified 1 elemental

cadmium, 3 isotopes, and 14 different compounds (Supplementary Table S4.1).

We used this set of chemicals for further network toxicology-based analyses (Figure
4.3). We also made all results reported in this chapter readily accessible for further research

through the associated website: https://cb.imsc.res.in/heavymetaltox/.
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Figure 4.3: Summary of the workflow followed to identify inorganic arsenic and cadmium
compounds from six exposome-relevant resources, followed by the exploration of their impacts
on human and ecosystem health through Aggregate Exposure Pathway (AEP) networks, stressor-
Adverse Outcome Pathway (AOP) networks, stressor-species networks, and Species sensitivity
distributions (SSDs) based on their toxicity values, followed by their risk quotient (RQ)-based
analysis to assess their risks.
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4.2.2 AEP networks for inorganic arsenic and cadmium in India

Arsenic and cadmium are highly toxic contaminants that are widely present in the envi-
ronment [206,209]. AEPs are structured frameworks that organize exposure information
by linking contaminant sources, environmental transport and transformation, and internal
concentrations at target sites [42—45]. By connecting these processes through empirically
measurable KESs, AEPs provide a mechanistic view of how chemicals move from the

environment to biological receptors [44,45].

Here, we constructed AEP networks for both inorganic arsenic and cadmium by
systematically curating India-specific data from published literature available in PubMed
[91]. First, we systematically screened through arsenic-relevant articles and curated
information on environmental concentrations and flow of chemical through different
states. We then standardized the information into KESs and KTRs to construct an AEP
network comprising 64 unique nodes, or KESs, and 142 edges, or KTRs (Figure 4.4;
Supplementary Tables S4.2-S4.3). We observed that the KES ‘Human’ had the highest
in-degree in this AEP network, indicating it serves as a major sink or receptor for multiple
exposure paths. Conversely, we observed that KES ‘Industry’ had the highest out-degree,
indicating its role as a critical source for downstream exposure pathways. Furthermore,
we observed that multiple studies across various geographic regions reported the KES
‘Geological’ (Supplementary Table S4.2), emphasizing its role as a recurring source
for arsenic in India. Moreover, we observed that multiple studies frequently reported
groundwater contamination, particularly in the Ganga-Brahmaputra-Meghna plains. In this
region, research has linked arsenic exposure to various health effects through consumption
of contaminated groundwater [210-213]. Additionally, evidence indicates that arsenic
bioaccumulates in rice grains, fruits and vegetables cultivated in these plains due to
contaminated irrigation water, highlighting a significant dietary exposure pathway for both

humans and other organisms [250-254].

Similarly, for cadmium, we systematically compiled data from 182 cadmium-relevant
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Figure 4.4: Aggregate Exposure Pathway (AEP) network corresponding to arsenic in the Indian
context, comprising 64 nodes, or key exposure states (KESs), and 142 edges, or key transitional
relationships (KTRs). Among the 64 KESs, 8 are categorized as Source (denoted by orange
squares), 19 are categorized as both Source and KES (denoted by orange/blue squares), 30 are
categorized as KES (denoted by blue squares), 4 are categorized as KES and target site exposure
(TSE) (denoted by blue/green squares), and 3 are categorized as TSE (denoted by green squares).

In this figure, the 64 KESs are arranged vertically according to their level of organization.
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Cadmium-relevant aggregate exposure pathway network
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Figure 4.5: Aggregate Exposure Pathway (AEP) network corresponding to cadmium in the Indian
context, comprising 73 nodes, or key exposure states (KESs), and 204 edges, or key transitional
relationships (KTRs). Among the 73 KESs, 8 are categorized as Source (denoted by orange
squares), 20 are categorized as both Source and KES (denoted by orange/blue squares), 33 are
categorized as KES (denoted by blue squares), 4 are categorized as KES and target site exposure
(TSE) (denoted by blue/green squares), and 8 are categorized as TSE (denoted by green squares).
In this figure, the 73 KESs are arranged vertically according to their level of organization.
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articles, and constructed an AEP network comprising 73 KESs and 204 KTRs (Figure
4.5; Supplementary Tables S4.2-S4.3). In this AEP network, we observed that the KES
‘Industry’ emerged as a major anthropogenic source of cadmium contamination across
India, with the majority of articles reporting it across various regions (Supplementary
Table S4.2). Furthermore, we observed that the KES ‘Human’ has been documented as the
primary receptor of cadmium across multiple sources. Several studies highlighted cadmium
accumulation in agricultural soils and subsequent uptake in staple crops, particularly
rice, which represents a significant dietary exposure pathway in India [215,255-257].
Additionally, multiple studies reported cadmium presence in surface waters downstream of
industrial clusters, pointing to a geographically widespread contamination route that can

impact both human populations and aquatic ecosystems (Supplementary Table S4.2).

4.2.3 Stressor-AOP network for inorganic arsenic and cadmium

To explore the mechanisms of toxicity underlying such chemical exposures, we constructed
a stressor-AOP network linking inorganic arsenic and cadmium to their associated curated
AOPs through a systematic data integration approach (Methods; Supplementary Table
S4.9). We observed that only a limited number of studies provided chemical speciation
information during AEP construction, while most studies focused on total arsenic and
cadmium concentrations (Supplementary Table S4.2). Therefore, we unified all endpoints
associated with different arsenic and cadmium compounds to obtain inorganic arsenic- and
cadmium-specific information, resulting in 51 AOPs linked to arsenic (denoted as arsenic-
AOPs), and 78 AOPs to cadmium (denoted as cadmium-AOPs), with Level 5 relevance and
coverage score > 0.4 (Supplementary Table S4.9). Of the 35 endorsed AOPs, we observed
that only 5 were linked to arsenic (Supplementary Table S4.4), while the remaining 46
AOPs were under development. Similarly, we observed that cadmium was linked to only
6 endorsed AOPs, while 5 AOPs were under review and 67 were under development
(Supplementary Table S4.4). This indicates that a sole reliance on endorsed AOPs risks

excluding other plausible and potentially informative pathways. In addition to the 4 AOPs
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already linked to arsenic and the 4 linked to cadmium in AOP-Wiki, we observed that our
data-centric approach identified 47 and 74 additional AOPs, respectively, that could also be
associated with these stressors. Notably, this is the first extensive identification of arsenic

associated AOPs, and especially ecotoxicologically-relevant AOPs.

Finally, we utilized these associated AOPs to construct undirected AOP networks for
arsenic and cadmium, revealing 48 arsenic-AOPs (Figure 4.6; Supplementary Table S4.17)
and 72 cadmium-AOPs (Figure 4.7; Supplementary Table S4.18) as comprising the largest

connected component (LCC), respectively.

Chai et al. [174] had previously constructed AOP networks for male reproductive
disorders induced by inorganic arsenic. Although this study identified 16 AOPs associated
with arsenic, not all were high quality and complete AOPs, and the study relied on toxicity
endpoints from a single database. In comparison, our current workflow utilized integrative
data-centric approach to identify human- and ecotoxicologically-relevant endpoints from
six databases, expanding the associations of arsenic to 310 curated AOPs with varying
levels of relevance and coverage scores. In our earlier work on inorganic cadmium [55],
we relied solely on mammalian-centric databases to identify 30 curated AOPs, within
which the LCC comprised 18 cadmium-AOPs. In comparison, we observed that our
current workflow retained these associations and expanded to identify 78 curated AOPs,
with the LCC comprising 72 cadmium-AOPs. This significant expansion underscores
the importance of integrating ecotoxicological data alongside mammalian data, thereby

providing a more comprehensive understanding of the underlying toxicity mechanisms.

Thereafter, we constructed directed AOP networks corresponding to the LCCs in the
arsenic-AOPs (comprising 152 unique KEs and 243 unique KERs) (Figures 4.8-4.10;
Supplementary Table S4.19) and cadmium-AOPs undirected networks (comprising 263
unique KEs and 422 unique KERSs) (Figures 4.11-4.13; Supplementary Table S4.20) to gain
deeper insights into their respective toxicity mechanisms. Further, we computed different
node-centric network measures for the resulting directed arsenic-AOP and cadmium-AOP

networks.
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Figure 4.6: Undirected network of 51 Adverse Outcome Pathways (AOPs) linked to inorganic
arsenic (denoted as arsenic-AOPs). Each node corresponds to an arsenic-AOP, and an edge between
two nodes denotes that the two arsenic-AOPs share at least one Key Event (KE). This undirected
network has 2 connected components (with two or more nodes) which are labeled as C1 and C2,
and 1 isolated node. Each arsenic-AOP is colored based on the taxonomic group of applicability,
and circled in red border if the applicability was inferred in this chapter.
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Figure 4.7: Undirected network of 78 Adverse Outcome Pathways (AOPs) linked to inorganic
cadmium (denoted as cadmium-AOPs). Each node corresponds to a cadmium-AOP, and an edge
between two nodes denotes that the two cadmium-AOPs share at least one Key Event (KE). This
undirected network has 2 connected components (with two or more nodes) which are labeled as C1
and C2, and 4 isolated nodes. Each cadmium-AOP is colored based on the taxonomic group of
applicability, and circled in red border if the applicability was inferred in this chapter.
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In the directed arsenic-AOP network, we observed that the MIE ‘N/A, mitochondrial
dysfunction 1’ (KE:177) had the highest out-degree of 9, while the AOs ‘Increased mortal-
ity’ (KE:351) and ‘Decrease, population growth rate’ (KE:360) had the highest in-degree
of 9 (Supplementary Table S4.19). Further, we observed that the MIE ‘Increased, reactive
oxygen species’ (KE:1115) had the highest betweenness centrality value, signifying that
several toxicity pathways are passing through it in this network (Figure 4.9) [53], while
the KE “Tissue resident cell activation’ (KE:1492) had the highest eccentricity, denoting

that it is the most remotely placed KE in this network (Figure 4.10) [258].

In the directed cadmium-AOP network, we observed that the MIE ‘N/A, mitochondrial
dysfunction 1’ (KE:177) had the highest out-degree of 13, while the KE ‘Increased,vascular
endothelial dysfunction” (KE:1928) and AO ‘Decrease, population growth rate’ (KE:360)
had the highest in-degree of 9 (Supplementary Table S4.20). Further, we observed that the
MIE ‘N/A, mitochondrial dysfunction 1’ (KE:177) had the highest betweenness centrality
value, signifying that several toxicity pathways are passing through it in this network
(Figure 4.12) [53], while the MIE ‘DNA adduct formation’ (KE:10058) and KE ‘Releasing,
apoptosis-inducing factor (AIF)’ (KE:2031) had the highest eccentricity, denoting that they

are the most remotely placed KEs in this network (Figure 4.13) [258].

We also observed that 83 of 152 KEs in the directed arsenic-AOP network were
associated with inorganic arsenic-induced toxicity through this systematic data-centric
approach (Supplementary Table S4.19). Similarly, we observed that 156 of 263 KEs
were associated with inorganic cadmium-induced toxicity within the directed cadmium-
AOP network (Supplementary Table S4.20). To further support KEs within directed
arsenic-AOP and cadmium-AOP networks that are not linked to the stressors through our
systematic approach, we used natural language processing (NLP)-based tools like Abstract
Sifter [259] and AOP-HelpFinder [260), ] and identified associated published evidence
(Supplementary Tables S4.19-S4.20). We further utilized such evidence to infer novel

taxonomic applicability of the associated AOPs.
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4.2.4 Taxonomic applicability of arsenic- and cadmium-AOPs

The taxonomic domain of applicability of an AOP is essential for regulatory decision-
making, particularly when assessing the protection of untested species [262]. We observed
that AOP-Wiki cataloged taxonomic applicability information for 28 of 48 arsenic-AOPs in
the LCC of the arsenic-AOP network (Supplementary Table S4.4), and 42 of 72 cadmium-
AOPs in the LCC of the cadmium-AOP network (Supplementary Table S4.4). To better
understand the applicability of the remaining AOPs, we obtained the taxonomic infor-
mation for each KE within the arsenic- and cadmium-AOPs from both AOP-Wiki (Sup-
plementary Table S4.5) and the corresponding auxiliary evidence related to arsenic- and
cadmium-induced toxicity (Supplementary Tables S4.19-S4.20). We then used the taxo-
nomic information to compute the taxonomic coverage or AOPs lacking direct taxonomic
annotation. Here, we defined taxonomic coverage as the ratio of KEs annotated with a

given taxonomic group to the total number of KEs within that AOP.

We observed that eight arsenic-AOPs (Supplementary Table S4.21) and eight cadmium-
AOPs (Supplementary Table S4.22) had a taxonomic coverage of 1 for at least one taxo-
nomic group. This indicates that all KEs within these AOPs belong to that group, thereby
inferring potential taxonomic applicability for such AOPs. Figure 4.6 shows the taxonomic
applicability of arsenic-AOPs, while Figure 4.7 shows that of cadmium-AOPs. In both the

figures, the AOPs with inferred taxonomic applicability are highlighted in ‘red’.

4.2.5 Exploring AEP-AOP constructs associated with inorganic ar-

senic and cadmium

Integrating AEPs with AOPs provides a powerful framework to link sources of environ-
mental contaminants through exposure, internal dose, and mechanistic toxicity, thereby
improving the mechanistic basis for risk assessment and highlighting key data gaps [44,45].
Therefore, we constructed AEP-AOP networks for specific pathways involving arsenic

and cadmium, and conducted case studies to illustrate how exposure, transport, and effect
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measurements combine to yield insights into real-world risks (Figure 4.14).
AEP-AOP construct linking arsenic exposure to decreased lung function in humans

From the AEP network, we observed that industrial sources such as brick factory, thermal
power plants, and lead factory release arsenic into the air (Supplementary Table S4.2),
which can further reach humans either through direct inhalation or dermal contact. In-
terestingly, Zhang et al. [263] noted that atmospheric arsenic concentrations showed the
maximum increase during 2005-2015 in India. In the Indian context, only limited studies
have explored the inhalation/exposure pathway of arsenic through air (Supplementary
Table S4.2). However, other studies suggest inhaled arsenic can be absorbed into the
lungs [264, ]. While no studies have demonstrated the bioaccumulation of arsenic in
human lungs in the Indian context, human blood has often been used as a surrogate marker
to assess arsenic accumulation [266]. Therefore, we selected the AOP leading to impaired
lung function as a natural extension of this AEP, to gain mechanistic insights into the

molecular and cellular processes underlying arsenic-induced pulmonary toxicity.

Arsenic exposure has been shown to induce oxidative stress in both human in vitro
studies and in vivo rat models [267,268]. Bomberger et al. [269] demonstrated that arsenic
promotes degradation of the cystic fibrosis transmembrane conductance regulator (CFTR)
function, leading to reduced airway surface liquid volume, decreased cilia beat frequency,
and impaired mucociliary clearance in human airway epithelial cells. This impairment
in clearance can cause pathogen accumulation, ultimately reducing lung function [270].
Additionally, a population-wide study found an association between arsenic exposure
and impaired lung function [271]. Thus, we were able to explore a potential source-to-
outcome pathway underlying arsenic-induced decrease in lung function by leveraging

various published evidence (Figure 4.14a).
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Figure 4.14: Aggregate Exposure Pathway (AEP)-Adverse Outcome Pathway (AOP) constructs
explored in case studies of arsenic- and cadmium-induced toxicities. (a) AEP-AOP construct
illustrating the pathway of arsenic exposure originating from industry and leading to decreased
lung function in humans. (b) AEP-AOP construct illustrating the pathway of arsenic exposure
originating from geological source and leading to decline in population growth rate in aquatic
organisms. (c) AEP-AOP construct illustrating the pathway of cadmium exposure originating from
agricultural source and leading to kidney failure in humans. (d) AEP-AOP construct illustrating
the pathway of cadmium exposure originating from industry and leading to increased mortality in
aquatic organisms.
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AEP-AOP construct linking arsenic exposure to decreased population growth in

aquatic organisms

From the AEP network, we observed that arsenic originating from geological sources
can leach into river systems, where it accumulates in aquatic organisms such as fish
and becomes detectable in their tissues, providing evidence of bioaccumulation along
the exposure pathway (Figure 4.4). Building on this exposure context, arsenic exposure
has been shown to disrupt mitochondrial membrane potential in PLHC-1 fish cells, with
significant damage observed at various concentrations and exposure durations [272].
Additionally, arsenic exposure has been shown to impair ATP synthesis, resulting in a
reduced ATP pool in Mediterranean polychaete species [273]. Arsenic exposure has
also been found to impair oocyte development in freshwater fish from India, with an
increased number of atretic follicles observed, ultimately leading to reduced fecundity
[274]. Moreover, Zhang et al. [275] highlighted the detrimental effects of arsenic on the
survival of various aquatic organisms through a comprehensive literature review. Thus, we
were able to explore a potential source-to-outcome pathway underlying arsenic-induced
decline in population growth among aquatic organisms by leveraging various published

evidence (Figure 4.14b).
AEP-AQOP construct linking cadmium exposure to kidney failure in humans

In India, chronic kidney disease (CKD) has been reported in several agricultural belts
where pesticide use is widespread [255, ]. From the AEP network, we observed that
agricultural practices, particularly the use of pesticides, contribute to the release of cad-
mium into the environment, where it settles onto water surfaces that are subsequently used
for drinking purposes (Figure 4.5). In addition, farmers are continuously exposed during
pesticide application, increasing their body burden of cadmium (Supplementary Table
S4.2). Although direct measurements of cadmium in kidney tissue were not available,
elevated urinary cadmium levels in CKD patients indicated significant cadmium accumu-

lation in the kidney [ , ], consistent with its role as a critical biomarker of renal
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burden [277]. These findings suggest that cadmium bioaccumulation is contributing to
kidney dysfunction. Therefore, we selected the AOP leading to kidney failure as a natural
extension of the AEP, to gain more mechanistic insights into the molecular and cellular

processes underlying cadmium-induced nephrotoxicity.

Cadmium has been shown to induce mitochondrial dysfunction in HEK293 cells
by increasing membrane permeability, reducing membrane potential, and causing mito-
chondrial swelling [278]. Cadmium-exposed rat kidney proximal tubular epithelial cells
showed inhibition of the NF-«kB signaling pathway, leading to impaired inflammatory
responses [279]. Furthermore, several epidemiological studies have demonstrated a strong
correlation between cadmium exposure and renal damage in humans [280), ]. Thus, we
were able to explore a potential source-to-outcome pathway underlying cadmium-induced

kidney failure in humans by leveraging various published evidence (Figure 4.14c).

AEP-AQOP construct linking cadmium exposure to increased mortality in aquatic

organisms

From the AEP network, we observed that cadmium is released into aquatic environments
from industrial activities, where it accumulates in sediments and is subsequently taken up
by benthic species (Figure 4.5). This uptake facilitates its transfer through the food web
to arthropods and other aquatic organisms, providing the exposure context for observed
biological effects. These exposure conditions align with experimental observations, where
cadmium-exposed fresh water crabs, Sinopotamon henanense, showed a dose-dependent
inhibition of chitinase activity in their epidermal layers [282]. The chitinase is responsible
for dissolving the chitin in the old exoskeleton, which can then be partially reabsorbed into
the body and subsequently used to synthesize the new exoskeleton in crustaceans [283].
Since chitinase activity is inhibited, it leads to reduction in digestion of the old cuticle, as
observed by Luo et al. [282]. Bodar et al. [284] observed that cadmium-exposed Daphnia
magna showed altered ecdysteroid levels, leading to impairment in the molting process.

Additionally, multiple studies have reported increased mortality due to cadmium exposure
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in different crustacean species [284—286]. Thus, we were able to explore a potential source-
to-outcome pathway underlying cadmium-induced mortality among aquatic organisms,

especially crustaceans, by leveraging various published evidence (Figure 4.14d).

4.2.6 Stressor-species networks associating impacts of inorganic ar-

senic and cadmium compounds with ecologically relevant species

A stressor-species network reveals the intricate interactions between environmental stres-
sors and their effects on ecosystems [57,60,61]. Here, we used the data within the ECOTOX
knowledgebase [63] to construct three types of stressor-species networks: one based on
acute toxicity data (LCsy and ECs), one based on chronic toxicity data (NOEC) and one
using BCF data to explore the impacts of inorganic arsenic and cadmium on ecosystems

and identify vulnerable species.

We observed that 167 species (across 9 ECOTOX species groups) are linked to 15
inorganic arsenic compounds and 644 species (across 12 ECOTOX species groups) are
linked to 8 inorganic cadmium compounds (Supplementary Table S4.11) in the acute toxic-
ity network. We further observed that species within the ‘Fish® ECOTOX group were most
frequently tested for inorganic arsenic-induced acute toxicity, while ‘Crustaceans’ were
most frequently tested for inorganic cadmium-induced acute toxicity (Figure 4.15a; Supple-
mentary Table S4.11). Notably, sodium arsenite (CAS:7784-46-5) and cadmium chloride
(CAS:10108-64-2) were documented as being toxic to the highest number of species
(Supplementary Table S4.11). Additionally, we observed that Daphnia magna has been
tested with the highest number of both arsenic and cadmium compounds (Supplementary

Table S4.11).

In the stressor-species network based on chronic toxicity data, we observed that 130
species (across 12 ECOTOX species groups) are linked to 16 inorganic arsenic compounds
and 264 species (across 14 ECOTOX species groups) are linked to 4 inorganic cadmium

compounds (Supplementary Table S4.11). We further observed that the species within
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and EC50); and (b) chronic toxicity concentration data (NOEC). The plot provides associations
between inorganic arsenic and cadmium with 15 ECOTOX species groups.
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the ‘Fish® ECOTOX group were most frequently tested for both inorganic arsenic-induced
and cadmium-induced chronic toxicity (Figure 4.15b; Supplementary Table S4.11). No-
tably, sodium arsenite (CAS:7784-46-5) and cadmium chloride (CAS:10108-64-2) were
documented as being toxic to the highest number of species (Supplementary Table S4.11).
Additionally, we observed that Danio rerio has been tested with the highest number of
arsenic compounds, while Cyprinus carpio and Oncorhynchus mykiss have been tested

with the highest number of cadmium compounds (Supplementary Table S4.11).
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=
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Insects/Spiders
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Figure 4.16: Sankey plot depicting associations between inorganic arsenic and cadmium com-
pounds, and ECOTOX species groups through their bioconcentration factors (BCFs). The plot
provides associations between inorganic arsenic and cadmium with 11 ECOTOX species groups.

Similarly, in the BCF-based network, we observed that 32 species (across 10 ECOTOX
species groups) are linked to 5 inorganic arsenic compounds and 147 species (across 11
ECOTOX species groups) to 4 inorganic cadmium compounds (Supplementary Table
S4.12). We further observed that species within the ‘Flowers, Trees, Shrubs, Ferns’

ECOTOX group were documented to bioaccumulate most arsenic compounds, while
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‘Algae’ were documented to bioaccumulate most cadmium compounds (Figure 4.16;
Supplementary Table S4.12). Notably, disodium arsenate (CAS:7778-43-0) and cadmium
chloride (CAS:10108-64-2) were documented as having bioconcentration potential in the
largest number of species (Supplementary Table S4.12). Additionally, we observed that
Daphnia magna has been documented to absorb the highest number of arsenic compounds,
while Lemna minor has been documented to absorb the highest number of cadmium

compounds (Supplementary Table S4.12).

4.2.7 SSDs for inorganic arsenic and cadmium compounds

The SSDs are statistical tools used in ecological risk assessments to evaluate the sensitivity
of various species to toxic environmental substances [57,64,287,288]. They are utilized to
derive hazard concentration values like HCOS [57,64,287,288]. Additionally, the SSDn is a
novel approach that normalizes chemical toxicity data based on a reference species, thereby
improving the comparison of chemicals with similar toxicological profiles [68,69]. Here,
we computed both SSD and SSDn for inorganic arsenic and cadmium compounds based
on acute and chronic toxicity data compiled in the ECOTOX knowledgebase. Further,
we integrated the derived HCOS values with the toxicity concentrations in the stressor-
species network, and annotated a species as sensitive to a chemical if the corresponding
toxicity value was below the HCOS value. We further highlighted these sensitive species
associations within the stressor-species network to provide a comprehensive view of all
the sensitive species associated with inorganic arsenic and cadmium compounds. In
comparison with our previously constructed stressor-species networks [57], this approach
offers a novel perspective, as it integrates hazard concentrations into network visualization,
thereby enhancing our understanding of the toxicity impacts across different species. We
made these stressor-species visualizations accessible on the associated website: https:
//cb.imsc.res.in/heavymetaltox/. Figure 4.17 shows an example of the stressor-
species network constructed based on chronic toxicity values associated with inorganic

arsenic compounds.
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Figure 4.17 (previous page): Stressor-species network constructed for inorganic arsenic compounds
using the chronic toxicity concentrations as edge weights. The network comprises 16 inorganic
arsenic compounds, 130 species belonging to 12 ECOTOX species groups, and 179 stressor-species
links. The four inorganic arsenic compounds for which SSDs were computed are highlighted with a
‘red’ border. A stressor-species link is shown in ‘red’ if the species is sensitive to the corresponding
stressor, otherwise it is shown in ‘blue’. A ‘gray dotted’ link corresponds to a stressor-species pair,
where the HCOS values were not derived for the stressor.

SSDs based on acute toxicity endpoints

To construct SSDs, we used the acute toxicity endpoints for aquatic species from the
ECOTOX database and derived the HCOS values for four inorganic arsenic compounds,
namely arsenic oxide (CAS:1327-53-3), disodium arsenate (CAS:7778-43-0), sodium
arsenite (CAS:7784-46-5), and trisodium arsenate (CAS:13464-38-5), and four inorganic
cadmium compounds, namely cadmium (CAS:7440-43-9), cadmium chloride (CAS:10108-
64-2), cadmium sulfate (CAS:10124-36-4), and cadmium nitrate (CAS:10325-94-7), using
both the USEPA SSD Toolbox and the R-based ssdtools package (Supplementary Table
S4.23). We observed that both tools consistently identified the same best-fit models, and
derived similar HCOS values for all chemicals (Supplementary Table S4.23). Figures
4.18-4.25 present the SSD plots for each chemical generated using the corresponding

best-fit models from both tools.

The HCOS values indicate the toxic effects of chemicals across various species, with
lower HCOS values signifying a higher toxic potential [289]. Based on the model-averaged
HCOS5 values, we observed that cadmium compounds are in general more toxic than the
arsenic compounds (Supplementary Table S4.23), aligning with the findings of Karthikeyan
et al. [287] regarding sea water quality criterion for heavy metals. Moreover, within the
arsenic compounds, we observed that trivalent arsenic compounds (or arsenites), namely
arsenic oxide (CAS:1327-53-3) and sodium arsenite (CAS:7784-46-5), to be more toxic
than pentavalent arsenic compounds (or arsenates), namely disodium arsenate (CAS:7778-
43-0) and trisodium arsenate (CAS:13464-38-5) (Supplementary Table S4.23), aligning

with earlier observations [247, , ].

145



(@)

HCO5 Onccqpynchus s sulBT AP Y

08

Proportion of species affected
o
o
T

02

01

(b)

100%

80%

60%

40%

Percent of species affected

20%

i

00/0 8 el
-3 2 -1 0 1 2 3
Concentration of Arsenic oxide (log equivalent ppm)

Figure 4.18: The plots of SSD for arsenic oxide (CAS:1327-53-3) based on acute toxicity data and
computed using the best-fit Weibull model. (a) As determined by USEPA SSD Toolbox where the
HCOS5 value is denoted by cyan colored diamond. (b) As determined by ssdtools where the HC05
value is denoted by a dotted line.

146



—_
)
—

-
1

HC05

Proportion of species affected

o © ° = ° o o
w - wn » ~ [+-] w
T T T T T T T

o
N
T

S
=
T

(b)
100%

80%

Lampsivs stguodes
Doo rano

Erangon crangan
Thrpmans archeus

60%

® J Evopley mucivanie
Cypeans ¢ S50, COmTTS
Qniecchynotus tshamytscha

40%

Percent of species affected

20%

Chiorata 0.

......................... AAvION
V@ Bosmirs fogicats

8, Reptwdocols subcapiats

-1 0 1 2 3
Concentration of Disodium arsenate (log equivalent ppm)

0%

Figure 4.19: The plots of SSD for disodium arsenate (CAS:7778-43-0) based on acute toxicity
data and computed using the best-fit Weibull model. (a) As determined by USEPA SSD Toolbox
where the HCOS value is denoted by cyan colored diamond. (b) As determined by ssdtools where
the HCOS5 value is denoted by a dotted line.

147



(a)

HCO05
09—

08—
0.7
06}
05—
04

03

Proportion of species affected

0.2~

(b)

100%

80%

60%

40%

Percent of species affected

20%

00/0 L - A =
-2 41 0 1 2 3
Concentration of Sodium arsenite (log equivalent ppm)
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Figure 4.22: The plots of SSD for cadmium (CAS:7440-43-9) based on acute toxicity data and
computed using the best-fit Weibull model. (a) As determined by USEPA SSD Toolbox where the
HCOS5 value is denoted by cyan colored diamond. (b) As determined by ssdtools where the HCO5
value is denoted by a dotted line.
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Figure 4.23: The plots of SSD for cadmium chloride (CAS:10108-64-2) based on acute toxicity
data and computed using the best-fit Log-Logistic model. (a) As determined by USEPA SSD
Toolbox where the HCOS value is denoted by cyan colored diamond. (b) As determined by ssdtools
where the HCO5 value is denoted by a dotted line.
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Figure 4.24: The plots of SSD for cadmium sulfate (CAS:10124-36-4) based on acute toxicity data
and computed using the best-fit Log-Normal model. (a) As determined by USEPA SSD Toolbox
where the HCOS value is denoted by cyan colored diamond. (b) As determined by ssdtools where
the HCOS5 value is denoted by a dotted line.

152



—
O
-

-
1

HC05

e o o
~ [ o
T 1

e
@

Proportion of species affected
o o o
w > o

o
N

o
2

| 1 1 |
1 2 3 4

(b)

100%

80%

60%

40%

Percent of species affected

20%

0%

2 - =] 0 1 2 3
Concentration of Cadmium nitrate (log equivalent ppm)

Figure 4.25: The plots of SSD for cadmium nitrate (CAS:10325-94-7) based on acute toxicity data
and computed using the best-fit Weibull model. (a) As determined by USEPA SSD Toolbox where
the HCOS value is denoted by cyan colored diamond. (b) As determined by ssdtools where the
HCOS5 value is denoted by a dotted line.
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Figure 4.26: The plots of toxicity-normalized SSD (SSDn) for inorganic arsenic based on the acute
toxicity data and computed using the best-fit Burr Type III model. (a) As determined by USEPA
SSD Toolbox where the HCO5 value is denoted by cyan colored diamond. (b) As determined by
ssdtools where the HCOS value is denoted by a dotted line.
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Figure 4.27: The plots of toxicity-normalized SSD (SSDn) for inorganic cadmium based on
the acute toxicity data and computed using the best-fit Log-Logistic model. (a) As determined
by USEPA SSD Toolbox where the HCOS value is denoted by cyan colored diamond. (b) As
determined by ssdtools where the HCOS value is denoted by a dotted line.
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Furthermore, SSDs can help identify species that are particularly sensitive to specific
chemicals [287]. We observed that species in the ECOTOX species groups ‘Crustaceans’
and ‘Algae’ were commonly sensitive to both inorganic arsenic and cadmium compounds.
Based on the annotated stressor-species network (Supplementary Table S4.11), we ob-
served that Scenedesmus acutus var. acutus was sensitive to more than one inorganic
arsenic compound, while Eisenia fetida, Oncorhynchus tshawytscha, and Salmo trutta
were sensitive to more than one inorganic cadmium compound (Supplementary Table
S4.11). Moreover, we observed that Oncorhynchus kisutch, which is sensitive to cad-
mium chloride (CAS:10108-64-2), and Periophthalmus waltoni, which is sensitive to
cadmium (CAS:7440-43-9), were also documented to bioaccumulate these chemicals

(Supplementary Tables S4.11-S4.12).

Additionally, we derived the HCOS values using the SSDn approach for each individual
chemical (Figures 4.26-4.27; Supplementary Table S4.24). We observed that the SSDn
method provided consistent estimates of HCO5 values for all these chemicals (Supplemen-
tary Table S4.24), highlighting its utility as a reliable tool for assessing the acute toxicity

of inorganic arsenic and cadmium.
SSDs based on chronic toxicity endpoints

Similarly, we constructed SSDs by utilizing the chronic toxicity endpoints for aquatic
species from the ECOTOX database for three inorganic arsenic compounds, namely ar-
senic oxide (CAS:1327-53-3), disodium arsenate (CAS:7778-43-0), and sodium arsenite
(CAS:7784-46-5) and four inorganic cadmium compounds, namely cadmium (CAS:7440-
43-9), cadmium chloride (CAS:10108-64-2), cadmium sulfate (CAS:10124-36-4), and
cadmium nitrate (CAS:10325-94-7). We observed that the results were consistent across
both the tools (Supplementary Table S4.25). Figures 4.28-4.34 present the SSD plots
for each chemical generated using the corresponding best-fit models from both tools.
Thereafter, we derived the individual HCO5 values, and observed that cadmium compounds

were more toxic than the arsenic compounds (Supplementary Table S4.25). Moreover,
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Figure 4.28: The plots of SSD for arsenic oxide (CAS:1327-53-3) based on chronic toxicity data
and computed using the best-fit Log-Normal model. (a) As determined by USEPA SSD Toolbox
where the HCO5 value is denoted by cyan colored diamond. (b) As determined by ssdtools where
the HCOS value is denoted by a dotted line.
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Figure 4.29: The plots of SSD for disodium arsenate (CAS:7778-43-0) based on chronic toxicity
data and computed using the best-fit Log-Normal model. (a) As determined by USEPA SSD
Toolbox where the HCOS value is denoted by cyan colored diamond. (b) As determined by ssdtools
where the HCOS value is denoted by a dotted line.
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Figure 4.30: The plots of SSD for sodium arsenite (CAS:7784-46-5) based on chronic toxicity data
and computed using the best-fit Burr Type III model. (a) As determined by USEPA SSD Toolbox
where the HCO5 value is denoted by cyan colored diamond. (b) As determined by ssdtools where
the HCOS value is denoted by a dotted line.
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Figure 4.31: The plots of SSD for cadmium (CAS:7440-43-9) based on chronic toxicity data and
computed using the best-fit Log-Logistic model. (a) As determined by USEPA SSD Toolbox where
the HCO5 value is denoted by cyan colored diamond. (b) As determined by ssdtools where the
HCOS5 value is denoted by a dotted line.

160



—
)
~

1

HCO5

o o o o
o ~ (=] [{e]
T T T 1

Proportion of species affected
&
T

04
03
02
01
-
o La==w=e -——J |
4 -3 4
(b)
100%
80%
]
@
©
£ 60%
©
0
0
(3]
a
)
s
3]
= 40%
@
24
)
o
20%
0%

-4 2 0
oncentration of Cadmium chloride (log equivalent ppm)

Figure 4.32: The plots of SSD for cadmium chloride (CAS:10108-64-2) based on chronic toxicity
data and computed using the best-fit Burr Type III model. (a) As determined by USEPA SSD
Toolbox where the HCOS value is denoted by cyan colored diamond. (b) As determined by ssdtools
where the HCOS value is denoted by a dotted line.
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Figure 4.33: The plots of SSD for cadmium sulfate (CAS:10124-36-4) based on chronic toxicity
data and computed using the best-fit Log-Normal model. (a) As determined by USEPA SSD
Toolbox where the HCOS value is denoted by cyan colored diamond. (b) As determined by ssdtools
where the HCOS5 value is denoted by a dotted line.
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Figure 4.34: The plots of SSD for cadmium nitrate (CAS:10325-94-7) based on chronic toxicity
data and computed using the best-fit Weibull model. (a) As determined by USEPA SSD Toolbox
where the HCOS value is denoted by cyan colored diamond. (b) As determined by ssdtools where
the HCO5 value is denoted by a dotted line.
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Figure 4.35: The plots of toxicity-normalized SSD (SSDn) for inorganic arsenic based on the
chronic toxicity data and computed using the best-fit Log-Logistic model. (a) As determined
by USEPA SSD Toolbox where the HCOS value is denoted by cyan colored diamond. (b) As
determined by ssdtools where the HCO5 value is denoted by a dotted line.
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Figure 4.36: The plots of toxicity-normalized SSD (SSDn) for inorganic cadmium based on the
chronic toxicity data and computed using the best-fit Log-Logistic model. (a) As determined
by USEPA SSD Toolbox where the HCOS value is denoted by cyan colored diamond. (b) As
determined by ssdtools where the HCOS value is denoted by a dotted line.
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we observed that arsenites, namely arsenic oxide (CAS:1327-53-3) and sodium arsenite
(CAS:7784-46-5), were more toxic than disodium arsenate (CAS:7778-43-0) (Supplemen-
tary Table S4.25).

Furthermore, we observed that species in the ECOTOX species groups ‘Crustaceans’
and ‘Fish’ were commonly sensitive to both inorganic arsenic and cadmium compounds
(Supplementary Table S4.11). Based on the annotated stressor-species network (Sup-
plementary Table S4.11), we observed that Salmo trutta was sensitive to more than one
inorganic cadmium compound, while there were no species that were sensitive to more than
one inorganic arsenic compound. Moreover, we observed that Hyalella azteca, which is
sensitive to cadmium chloride (CAS:10108-64-2), was also documented to bioaccumulate
this chemical (Supplementary Tables S4.11-S4.12). Additionally, we derived the HCOS
values using the SSDn approach (Figures 4.35-4.36; Supplementary Table S4.26), and
observed that this method provided consistent estimates of HCOS, other than that for

cadmium.

In conclusion, we utilized both the acute and chronic toxicity endpoints for aquatic
organisms from the ECOTOX knowledgebase to construct SSDs and derive HCOS values
for the inorganic arsenic and cadmium compounds. Additionally, we employed the SSDn

approach and found that it provided consistent HCOS estimates for these chemicals.

4.2.8 RQ-based analysis revealed ecotoxicity of arsenic and cadmium

in Indian rivers

Water quality guidelines are legislative instruments that define safe and desirable water
conditions by setting regulatory concentration limits as jurisdiction-specific risk manage-
ment tools [292-294]. Globally, these guidelines are applied either to protect human health
through drinking water standards or to safeguard aquatic ecosystems through environmental
water quality criteria (WQC) [294]. Here, we compiled available drinking water standards

and WQC for arsenic and cadmium from multiple regulatory bodies, including those in
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India, the United States, the EU, South Korea, China, Australia, and New Zealand (Supple-
mentary Tables S4.27). We observed that India has drinking water quality guidelines of
10 ug/L for arsenic and 3 ug/L for cadmium, as outlined by Bureau of Indian Standards
(BIS), and these values are comparable with the WHO standards (Supplementary Table
S4.27). However, we noted that these standards apply only to human consumption, and
India currently lacks environmental WQC, suggesting the need to develop such standards

for aquatic environments.

The PNEC values are often used to derive water quality standards as well as to assess
the risk posed by a particular chemical [295]. We observed that the SSDn approach
provided normalized unitless toxicity values for arsenic and cadmium that cannot be
directly used to derive PNEC values. Therefore, we computed the geometric mean of
PNEC values from corresponding arsenic and cadmium compound-relevant SSDs, and
considered them as representative PNEC values for total arsenic and total cadmium,
respectively. Further, we compared these PNEC values with existing environmental WQCs
across the globe (Supplementary Table S4.27), and found them to be comparable with, or
in some cases, more stringent than existing WQC as implemented by different regulatory
bodies (Supplementary Table S4.27). Thus, we used the calculated PNEC values to
derive RQs for arsenic and cadmium, and subsequently utilized them to understand their

ecotoxicological effects in Indian river systems.

The Central Water Commission report provided the total arsenic and total cadmium
concentrations observed across different rivers of India [232]. Of the 409 sampling
stations spanning 24 states and 238 rivers that had data on arsenic concentrations in water,
we observed that 225 sampling stations spanning 22 states and 148 rivers had RQ > 1
(Supplementary Table S4.28). Similarly, of the 424 sampling stations spanning 24 states
and 247 rivers that had data on cadmium concentrations in water, we observed that 256
sampling stations spanning 24 states and 161 rivers had RQ > 1 (Supplementary Table
S4.28). An RQ > 1 potentially indicates ecological risk due to arsenic and cadmium

contamination in these rivers [70].
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Figure 4.37: Comparative analysis of RQs of arsenic and cadmium computed in this chapter.
(a) Comparison of non-monsoon and monsoon RQ data for arsenic (significantly different at p
< 0.0001). (b) Comparison of non-monsoon and monsoon RQ data for cadmium (significantly
different at p < 0.001). This box-plot shows data within the 99" quantile for better visualization.
(c) Comparison of overall RQ data for arsenic and cadmium (significantly different at p < 0.0001).
This box-plot shows data within the 99" quantile for better visualization.

Wilcoxon paired
S. Test variables Paired Shapiro- Effect size
signed-rank Test
No. sample Wilks test
. Wilcoxon
Variable 1 Variable 2 size p-value Statistic p-value Magnitude
effect size
Arsenic
Arsenic
1 non-monsoon 318 1.64E-07 11274 7.46E-18 0.478 Moderate
monsoon RQ
RQ
Cadmium
Cadmium
2 Non-monsoon 326 9.14E-32 20675.5 2.26E-04 0.194 Low
monsoon RQ
RQ
3 Arsenic RQ Cadmium RQ 135 1.01E-21 1453 1.01E-21 0.5929 Large

Table 4.2: Comparison of RQ data for arsenic and cadmium in the Indian rivers.

Next, we compared the seasonal RQ data (monsoon and non-monsoon) for both arsenic
and cadmium using Wilcoxon paired signed-rank test as Shapiro-Wilks test suggested
non-normality of the distributions of the corresponding differences (Table 4.2). For both
the chemicals, we found that monsoon RQ was significantly lower than non-monsoon RQ
(Table 2; Figures 4.37a-4.37b). This can be attributed to the dilution effect observed during

the monsoon season, where increased river flows reduce metal concentrations [296].

Finally, we compared arsenic RQs with cadmium RQs after checking the non-normality

of the distributions of the differences (Table 4.2). We used the Wilcoxon paired signed-rank
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test and observed that arsenic RQs were significantly lower than cadmium RQs (Table 4.2;
Figure 4.37c). This result suggests that the ecological risk posed by cadmium to Indian

rivers is potentially higher than that of arsenic.

4.3 Discussion

In this chapter, network toxicology-based frameworks provided crucial insights into the
exposure pathways and complex biological responses associated with inorganic arsenic
and cadmium, enhancing our understanding of their systemic impacts across species and
ecosystems in India. We constructed AEPs for the first time for both inorganic arsenic and
cadmium in the Indian context, revealing novel source-to-target site pathways. Notably,
compared with previous work on AEP construction for cadmium and nephrotoxicity in
China [297], we expanded coverage to all possible biological and environmental states in

this chapter.

Further, we expanded the associations between these chemicals and ecotoxicolog-
ically-relevant AOPs by leveraging the ECOTOX knowledgebase. Notably, compared
to previous work on the arsenic-associated AOP network [174], we extended the as-
sociations to include all human- and ecotoxicologically-relevant AOPs associated with
arsenic-induced toxicity. Moreover, compared with our earlier work on AOPs associated
with cadmium-induced toxicity [55], we retained previously identified AOPs and expanded

coverage to include additional ecotoxicologically-relevant AOPs.

Moreover, our AEP-AOP based case studies highlighted critical knowledge gaps
regarding human exposures and tissue bioaccumulation. We identified particularly vulnera-
ble species through the constructed stressor-species networks, underscoring the ecolog-
ical relevance of this approach. We further substantiated the associated ecological risks
through the RQ analysis conducted for Indian river systems, which showed that many
regions exhibited elevated risks. Overall, we leveraged diverse network toxicological

approaches to comprehensively assess the toxicological impacts of inorganic arsenic and
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cadmium exposure from an India-specific One Health perspective. We made the net-
works and related data generated in this chapter freely accessible for further research at

https://cb.imsc.res.in/heavymetaltox/.

However, our approach is constrained by the limitations of the various underlying
data. The limited information on environmental factors like pH and temperature limits
the scope of these findings in broader natural settings. The constructed AEP networks
were further constrained by the geographical diversity of sampling sites across India
and the use of diverse measurement techniques, making it difficult to harmonize the
chemical concentrations. Moreover, the limited India-specific toxicity data in ECOTOX
restricts the representation of ecological groups covered in this chapter. For SSDs, the
lack of geographic specificity limits the applicability of inferences to specific locations.
Additionally, the higher fold change observed when comparing HCOS values derived from
SSDn and single-compound SSDs for cadmium may indicate that, despite selecting the
most sensitive species available, the species may not be sensitive enough to assess this
chemical. Furthermore, the approaches used in this chapter are limited in their ability
to assess the bioaccumulation of arsenic and cadmium compounds across trophic levels.
Finally, the data used for the RQ analysis may not fully represent current contaminant

levels in these rivers, as the sampling was conducted before 2019.

Nonetheless, the network-based approaches employed in this chapter have enhanced
our understanding of the toxicities induced by inorganic arsenic and cadmium. The in-
clusion of ecotoxicologically-relevant endpoints from the ECOTOX database, alongside
mammalian toxicity endpoints, has broadened the scope and applicability of associated
AOPs in advancing our understanding of arsenic- and cadmium-induced toxicities. A novel
computational approach was developed to infer potential taxonomic applicability for AOPs
lacking such information, thereby expanding their scope and relevance. The AEP-AOP
constructs provided a mechanistic perspective by highlighting source-to-outcome pathways
associated with inorganic arsenic and cadmium in India. Additionally, the SSD and SSDn

approaches facilitated comparisons among these compounds, offering a framework for
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prioritizing them in further toxicity assessment studies. Importantly, the SSDn approach
enabled pooling of arsenic and cadmium-relevant toxicity information, and a comparison
with the results from compound-specific SSDs showed good concordance, thereby support-
ing our approach. Moreover, by integrating SSD data with the stressor-species networks,
species groups particularly sensitive to exposure from these compounds were identified,
thereby strengthening the utility of stressor-species networks in ecological risk assess-
ment. Additionally, the taxonomic applicability inference methodology can help identify
ecotoxicologically-relevant AOPs that were previously unrecognized, thereby enabling
the selection of relevant endpoints for which SSDs can be constructed. The calculated
PNEC:s for total inorganic arsenic and cadmium were comparable to environmental WQCs
implemented by regulatory bodies worldwide, thereby corroborating the utility of this
data-centric approach. Thus, the RQ analysis based on these computed PNEC values can

potentially aid in formulating better water quality criteria in India.

In sum, this chapter provides a comprehensive understanding of the exposure pathways,
toxicity mechanisms, and impacts of inorganic arsenic and cadmium compounds on
human and ecosystem health, thereby supporting a One Health-focused approach towards

enhanced regulatory and mitigation strategies for these compounds in India.
Supplementary Information

Supplementary Tables S4.1-S4.28 associated with this chapter are available for download
from the GitHub repository: https://github.com/asamallab/PhDThesis-Nikhil_

C/blob/main/SI/ST_Chapter4.xlsx.
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Chapter 5

Summary and future outlook

The balance of nature is not a status quo, it is fluid, ever shifting, in a constant

state of adjustment. Man, too, is part of this balance.

- Rachel Carson

In this thesis, we investigated the links between exposome, particularly chemical
exposome, and human health using diverse in silico methods. By employing network
toxicology and computational approaches, we characterized chemical exposures, identified
underlying toxicity mechanisms, and assessed ecological and human health risks associated
with environmental chemical exposures. In the following section, we provide a summary
of the research reported across different chapters of this thesis. Thereafter, we conclude
with a short discussion of possible future directions based on the research reported in this

thesis.

5.1 Summary

ViCEKDb: Vitiligo-linked Chemical Exposome Knowledgebase

In Chapter 2 of this thesis, we focused on characterizing the chemical exposome of vitiligo

(Figure 5.1). We initially systematically curated 113 chemical triggers of vitiligo, along
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with their sources of exposure and associated evidence, from 224 published articles. We
made these chemicals, along with their structures and toxicological metrics, accessible

through a user-friendly online resource, ViCEKDb, accessible at https://cb.imsc.res.

in/vicekb/.
7
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Figure 5.1: Summary of work done in characterizing the chemical exposome of vitiligo, as reported
in Chapter 2.

We cross-referenced these chemicals with the United States Environmental Protection
Agency’s (USEPA’s) Chemical and Products Database (CPDat) and identified that 35 of
the 113 chemicals are present in daily-use consumer products, including household care
and cosmetics. We further observed that the majority of ViICEKb chemicals had not been
tested or flagged for skin-sensitizing effects under existing skin-specific regulations across
jurisdictions, and most were absent from other exposome databases, underscoring the need

for disease-specific chemical exposome characterization.

Through a cheminformatics-based chemical space analysis, we observed that only
28 of 113 chemicals shared greater than 50% structural similarity with another chemical,
indicating high chemical diversity. We further identified that 94 of the 113 chemicals share
56 unique scaffolds, of which 31 scaffolds were not captured by any skin-specific regula-
tions, revealing a clear regulatory gap. Finally, we obtained skin-specific transcriptomic
signatures for 18 of the 113 chemicals, of which 10 chemicals showed significant enrich-

ment of inflammatory pathways, demonstrating a shared biological mechanism despite
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chemical diversity. Overall, we presented the first comprehensive effort in compilation and
exploration of various chemical triggers of vitiligo. We believe such a resource will enable
deciphering the complex etiology of vitiligo and aid in the characterization of human

chemical exposome.

DEDuCT 3.0: An enhanced and expanded FAIR-compliant resource and toxicology

knowledge graph for endocrine disrupting chemicals

In Chapter 3 of this thesis, we presented DEDuCTv3.0, an updated resource and the
first large-scale toxicology knowledge graph for potential endocrine disrupting chemicals
(EDCs) (Figure 5.2). We systematically screened more than 14000 newly published articles
through a four-stage workflow and identified 479 new potential EDCs from 1051 papers,
associated with 573 endocrine-mediated effects. We merged these with prior versions to

obtain a comprehensive resource covering 1043 chemicals, 796 endocrine-mediated effects,

and 3269 published articles.
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Figure 5.2: Summary of work done in updating and gaining mechanistic insights from DE-
DuCTv3.0, as reported in Chapter 3.

We curated human- and rodent-specific gene targets from ToxCast invitrodb v4.3
and Comparative Toxicogenomics Database (CTD), alongside phenotype and disease

information. We further curated 385 high-confidence Adverse Outcome Pathways (AOPs)
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from AOP-Wiki and systematically mapped EDCs to construct a stressor-AOP network
linking 949 chemicals to 381 AOPs. We then organized all compiled data into a toxicology
knowledge graph comprising 75106 nodes, categorized as chemicals, endocrine-mediated
effects, genes, phenotypes, diseases, key events (KEs), and AOPs, and 1065949 edges
across 31 edge types. We demonstrated the utility of this knowledge graph by identifying
potential mechanisms of action underlying EDC-associated obesity and neurodegenerative
diseases. Additionally, we assessed regulatory coverage using multiple chemical lists,
and explored exposure sources using the USEPA’s CPDat. We made all compiled data
accessible through an updated, interactive, FAIR-compliant interface at the DEDuCTv3.0

webserver, accessible at https://cb.imsc.res.in/deduct/.

In sum, we presented a much-needed update to the resource and, most importantly,
organized diverse toxicological data as a knowledge graph to enable future research. We
provided an expanded list of 1043 potential EDCs in DEDuCTv3.0, which could assist
academia, industry, and regulatory agencies in developing safer consumer products and

better chemical regulation strategies for EDCs.

Network toxicology focused investigation on the impacts of inorganic arsenic and

cadmium on human and ecosystem health in India

In Chapter 4 of this thesis, we applied diverse network toxicology frameworks to compre-
hensively assess the impacts of inorganic arsenic and cadmium from an India-specific One
Health perspective (Figure 5.3). We identified 62 inorganic arsenic and 18 inorganic cad-
mium compounds from six exposome-relevant resources and extracted their corresponding
toxicological endpoints. For the first time, we constructed Aggregate Exposure Pathway
(AEP) networks using India-specific data across different environmental and biological

states, and identified source-to-biological site of action pathways for these heavy metals.

We curated 342 complete and connected AOPs from AOP-Wiki and integrated them
with extracted endpoints to construct stressor-AOP networks for both arsenic and cadmium,

with varying levels of relevance and coverage scores. We also analyzed AOP networks and
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Figure 5.3: Summary of work done in network toxicology-based investigation of inorganic arsenic-
and cadmium-induced adverse effects on human and ecosystem health in India, as reported in
Chapter 4.

obtained novel taxonomic applicability information for the mapped AOPs based on the
compiled evidence. Further, we merged the AEPs and AOPs to obtain complete source-to-
outcome pathways for inorganic arsenic and cadmium, and thereafter, relied on published

evidence to support the identified pathways.

We utilized acute and chronic toxicity data, along with bioconcentration factor (BCF)
data from the ECOTOX knowledgebase, to construct stressor-species networks to assess
ecological effects. We computed Species sensitivity distributions (SSDs) from aquatic
toxicity data to estimate hazard concentrations (HCs) for these chemicals in aquatic
environments. We further applied a novel approach by integrating hazard concentration
data into the stressor-species network, enabling the identification of highly sensitive
species. Finally, we computed risk quotients (RQs) for arsenic and cadmium in Indian
rivers, contributing to ecological risk assessment. Notably, we compiled all the generated
data and results and made it accessible at https://cb.imsc.res.in/heavymetaltox/.
Overall, we integrated multiple network toxicology approaches across the One Health
framework for inorganic arsenic and cadmium in the Indian context, providing valuable

insights for risk assessment and mitigation strategies.
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5.2 Future outlook

Human health is not only influenced by an individual’s genetics, but is also shaped by the
exposome, the totality of environmental exposures that an individual encounters throughout
their lifetime [1]. Research on the human exposome is increasingly taking precedence to
build a healthier world, with global efforts such as the Human Exposome Project that aims
to systematically chart lifelong environmental exposures and their biological consequences,
much like how the Human Genome Project did for genetics [7, 8]. Towards this, in
silico approaches have emerged as powerful tools, allowing for faster testing strategies
and guiding hypothesis generation for quicker solutions [&]. In this thesis, we explored
the applications of different computational approaches, including network toxicology, to
systematically characterize the chemical exposome and gain mechanistic insights into their
induced adverse effects. Based on the research reported in this thesis, we envision several
future directions that can further advance this understanding, and potentially assist in the
broader goals of the Human Exposome Project in characterizing the chemical exposome

and linking it to human health.

In Chapter 2, we characterized the chemical exposome of vitiligo through ViCEKb.
We observed that many chemicals were reported to be present in medicine and health
care products, while medical exposure was the most reported source of exposure for
chemical triggers (Figure 2.2). This is particularly relevant in the context of adverse drug
reactions (ADRSs), which refers to the unintended or harmful effects attributed to the use of
medicines, and are vital for pharmacovigilance across health sectors [298,299]. Thus, such
targeted characterization of drug-like compounds can help uncover their side effects, and
can eventually aid in the development of ADR prediction strategies [300—302]. Although
skin-specific transcriptomics studies were limited for these chemicals, we were still able
to gain some insights into the potential mechanisms through which these chemicals may
contribute to the etiology of vitiligo. Therefore, focused omics-based characterization of

these chemicals can further enrich our understanding of the chemical-induced etiology of
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this disease. Furthermore, ViCEKDb has already served as a positive dataset to characterize
other potential triggers of vitiligo [303]. Such approaches can further aid in the better
screening and prioritization of chemicals, especially cosmetics, and assist in designing
personalized recommendation systems regarding the vitiligo-triggering effects of chemicals

on individuals.

In Chapter 3, we presented DEDuCTVv3.0, an updated FAIR-compliant version of
DEDuCT that integrates toxicological data from diverse sources, providing a single point
of access to all information associated with EDCs. Such an integrated resource can serve
as a valuable tool to drive future research towards their management and mitigation. The
construction of EDC-AOP networks can provide a basis to organize known mechanisms of
toxicity associated with such EDCs, and help design better testing strategies. Although in
this chapter, we limited ourselves to developed AOPs within AOP-Wiki, computational
approaches can also be utilized to integrate EDC-specific toxicity data within DEDuCT,
and generate putative or computational AOPs, which can help capture more EDC-specific
mechanisms that are otherwise not present in AOP-Wiki [304, ]. In this update, we have
also constructed the first large-scale toxicological knowledge graph for EDCs by integrating
EDC-specific toxicological data from diverse sources. Such a construction also makes the
data well-suited for artificial intelligence (Al)-based research on EDCs [306, ]. For
instance, the graph embedding-based deep learning techniques can be utilized to expand the
scope of research, generate hypotheses, and predict newer associations that were otherwise

not evident from the data itself [308].

In Chapter 4, we utilized different network toxicology frameworks to systematically
organize inorganic arsenic- and cadmium-relevant data, gain an understanding of their com-
plete source-to-outcome pathways, and investigate their effects on human and ecosystem
health, thereby realizing the potential of computational approaches to go beyond human
health and aid in the characterization of One Health. Importantly, the developed workflow
can be extended to other environmental stressors, and help gain similar insights from a One

Health perspective. Integration of bioaccumulation information from stressor-species net-
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works, and subsequent analysis of biomagnification through food web networks [309,310],
can further highlight potential exposure pathways and risks associated with environmental
stressors. Moreover, enriching AEP networks with additional exposure data can potentially

help uncover organism-specific co-exposure patterns of various environmental stressors.

Overall, the systematic characterization and subsequent development of resources
presented in this thesis have made the results and insights easily accessible to the scientific
community, and support future efforts towards a more complete characterization of the
chemical exposome. The structured network toxicology investigation provides a basis for
characterizing environmental chemical stressors, and can be extended to other chemicals
to build a more comprehensive understanding of the chemical exposome and its links to

human and ecosystem health from a One Health perspective [30].
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