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Abstract

This deliverable report provides the first formal public update on the activities in PARC Task 7.3 which
explores innovative ways to (i) integrate and harmonize data, extract data from non-machine readable
forms, (ii) enrich data, (i) evaluate the uncertainty in data and how the uncertainty propagates, and (iv)
apply these methodologies to a series of case studies identified and developed with partners / projects from
across PARC WP5, WP6, and WP8 thus spanning the breadth of data types for chemical risk assessment
(CRA).

This report describes the development and implementation of a set of innovative analytical approaches and
uncertainty assessment approaches that have been identified and evaluated in specific use cases and
provides recommendations for their use in the CRA domain. The report contains descriptions of the novel
methods for combined analyses of heterogeneous data, computational methods for integrating and
extracting knowledge from non-structured data, and approaches from network biology and machine
learning to predict chemicals exposure or adverse effects at the level of the biological system. Collectively,
these approaches support the wider WP7 efforts of making data Findable, Accessible, Interoperable and
Re-usable (FAIR) thereby helping to build stakeholder (regulators, researchers and industrial users)
confidence in their robustness and reliability for utilisation in CRA. The activities are designed to support
the scientific and regulatory communities to unlock the fransformative potential of next generation risk
assessment (NGRA), enabling more efficient, ethical, and scientfifically robust chemical safety assessments.

The bulk of the report consists of a description of the case studies and how these are being ufilised to
showcase and refine the various innovative approaches, and their connection to making PARC data, and
data curated and harmonised for use in PARC, FAIR. Key developments include the integration of multi-
omics workflows (utilising for example liquid chromatography — mass spectrometry (LC-MS) and nuclear
magnetic resonance (NMR) based metabolomics, transcriptomics) with human biomonitoring (HBM) data,
federated learning pipelines for privacy-preserving cross-cohort analysis, and Neo4j-based knowledge
graphs linking environmental exposure data with ecotoxicological thresholds. Uncertainty quantification
methodologies employing Bayesian meta-regression, high-dimensional mediation analysis, and conformal
prediction fechniques are demonstrated as an effective approach to assess variability in PFAS
pharmacokinetics and bioassay responses. Additionally, advanced information extraction tools, such as
AOP-helpfinder version 2 and hybrid information extraction frameworks such as Semantic, Syntactic and
contextual information extraction (S2CIE) and ontology-aligned knowledge graphs (AOP-Wiki Explorer) and
the PARC-developed AOP NetworkFinder, have been developed and/or optimised to facilitate automated
literature mining and bridge external data sources with adverse outcome pathways (AOPs).

Case studies spanning PARC Work Packages 5-8 demonstrate practical applications of these innovations.
Highlights include vertical integration of metabolomic-lipidomic analyses for PFAS immuno-
cardiometabolic risk assessment, mediation models for PCB180-thyroid/metabolic hormone interactions,
and uncertfainty visualization tools like the STOPredictor Bayesian network dashboard. Tangible outputs
include open-source tools and community-managed source codes, regulatory-compliant mediation
analysis pipelines, and peer-reviewed methodologies for adoption in EU chemical safety frameworks.

By integrating the FAIR data principles with emerging Al/ML techniques, Task 7.3 advances the
reconciliation of heterogeneous exposure data, enhances uncertainty quantification, and franslates
mechanistic insights into actionable AOP networks. These innovations contribute to the implementation of
Next Generation Risk Assessment (NGRA), supporting evidence-based regulatory decision-making for
chemical safety.
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1. Introduction

This deliverable report provides the first formal public update on the activities of Task 7.3, which explores
innovative methodologies for addressing key challenges in chemical risk assessment (CRA). Specifically, it
focuses on integrating and harmonizing heterogeneous data, extracting and enriching information from
non-machine-readable sources, evaluating uncertainty and its propagation, and applying these approaches
to case studies spanning the breadth of data types across PARC Work Packages 5, 6, and 8. The insights
and recommendations presented aim to advance the state-of-the-art in CRA by leveraging modern
computational techniques and uncertainty analysis to inform risk evaluation and decision-making.

One of the central challenges in CRA lies in managing heterogeneous data. These data, which originate
from diverse disciplines such as chemistry, biology, medicine, and environmental science, often vary in
format, quality, and levels of uncertainty. Such diversity creates barriers to integration and harmonization,
limiting the effective use of the data in CRA. Task 7.3 in PARC addresses these challenges by proposing
novel analytical techniques to overcome the fragmentation of datasets and improve interoperability, thus
ensuring that data from disparate sources can be integrated for comprehensive analyses. The current
deliverable report summarises the analyses completed so far in terms of scoping reports and highlights the
progress in the Use Cases over the first 3 years of activity. Note that most of these Use Cases are ongoing
and thus report on current status and indicate future plans also. The Use Cases explore a number of novel
computational methods, including ontology-based text mining, natural language processing (NLP) models,
and data mining approaches. These cutting-edge techniques facilitate the extraction and integration of
knowledge from non-structured and heterogeneous data sources, enabling better predictions of chemical
exposures and adverse biological effects. However, the adoption of such tools, particularly "black box"
models like machine learning, introduces new challenges related to uncertainty propagation and
transparency, which must be addressed to build frust in their outputs.

Uncertainty is an inherent feature of all scientific measurements, stemming from various sources such as
limitations in measurement precision and accuracy, human error, procedural inconsistencies , external
influences (e.g., temperature fluctuations, matrix effects) and the limitation of tools used for data collection..
While some uncertainty can be reduced by improving methods or collecting more data, it can never be
entirely eliminated. In contrast, variability refers to the natural diversity or spread within a set of data values
and is a quantitative description of this range (US EPA, 20T11). Both uncertainty and variability must be
carefully considered in CRA to ensure that conclusions are scientifically sound and transparent. yyyy 4A
critical component of uncertainty in CRA is introduced by analytical limitations, particularly the limit of
detection (LOD) and the limit of quantification (LOQ). The LOD represents the lowest concentration of a
substance that can be reliably detected, while the LOQ defines the smallest concentration that can be
guantitatively measured with acceptable precision and accuracy. These thresholds are particularly relevant
at low concentrations, where measurement reliability is most challenged. Analytical parameters such as
LOD and LOQ can vary widely, especially when chemical analyses are conducted using different methods
or instruments with varying sensitivities. This variability often leads to left-censored data, where true values
fall below the LOD and cannot be precisely quantified. To address this, standard substitution methods are
employed, such as replacing non-detects with zero, half the LOD, or the LOD itself (EFSA, 2018). The choice
of substitution method can significantly influence exposure and risk estimates, highlighting the importance
of transparent reporting and sensitivity analysis. These analytical thresholds, while essential for ensuring
data quality, introduce additional variability and propagate uncertainty throughout the risk assessment
process. As such, systematic uncertainty analysis is crucial for deriving credible and robust conclusions.
Uncertainty analysis not only measures confidence in results but also provides valuable insights into the
limitations and implications of the assessment, enabling decision-makers to better understand the reliability
and scope of the findings (EFSA, 2018).

lD_I_\_ID_r\ Co-funded by
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A significant focus of Task 7.3—and consequently, this deliverable report—is the development of tools to
support uncertainty analysis and evaluate the propagation of uncertainty. These efforts are critical for
enhancing the transparency and reliability of risk assessments. Further details regarding sources and
treatment of uncertainty are provided in Section 1.3.

Finally, the report includes a dedicated section on horizon-scanning for innovative approaches emphasizes
the need for PARC to remain at the forefront of advancements in this rapidly evolving field. To effectively
address the growing complexity of chemical risks, it is essential that chemical risk assessment (CRA)
continually adopts the latest computational and analytical tools. This horizon-scanning activity identifies and
evaluates emerging methodologies with their potential to improve data integration, uncertainty
management, and risk characterization. It is important to note that horizon scanning is an ongoing activity
; therefore, some innovations highlighted in this report at the end of year 3 may already be in the process
of being integrated into PARC activities. For this reason, particular attention is also given to the
methodologies and processes underpinning horizon scanning itself.

Collectively, this report provides a comprehensive framework for addressing the challenges associated with
heterogeneous data, uncertainty analysis, and the integration of novel computational methods in CRA. It
also demonstrates how these state-of-the-art approaches are already being embedded in the ongoing work
of PARC partners across WPs 4-9. By prioritizing innovation and leveraging interdisciplinary expertise, the
recommendations set forth aim to strengthen the effectiveness and reliability of CRA methodologies,
ultimately supporting informed decision-making and improved risk management.

1.1 Data as a driver of Next Generation Risk Assessment

Next Generation Risk Assessment (NGRA) is an innovative, science-driven approach to chemical risk
assessment that aims to modernize and improve traditional risk assessment methods. It leverages advances
in toxicology, computational modelling, and data science, so called new approach methodologies of NAMs,
to provide a more mechanistic, efficient, and ethical evaluation of chemical hazards and risks (Carmichael
et al., 2022; Hartung, 2009). NGRA is designed to address the limitations of conventional approaches,
such as reliance on animal testing, by integrating cutting-edge tools and methodologies. NGRA combines
data from multiple sources, including toxicogenomics, high-throughput screening, computational
modelling, and traditional toxicology, to provide a comprehensive assessment of chemical hazards. By
focusing on understanding the biological mechanisms by which chemicals cause adverse effects, rather
than relying solely on observational data from animal studies, NGRA allows for more accurate predictions
of human-relevant outcomes that those arising from traditional animal-based testing. NGRA emphasizes
predictive foxicology, using advanced tools like arfificial intelligence (Al) and ML to forecast potential
hazards before they are observed in traditional tests.

Key data intensive components of NGRA include:

1 Adverse Outcome Pathways (AOPs) which are conceptual frameworks that describe the sequence of
biological events leading from a molecular initiating event (e.g., binding of a chemical to a receptor)
to an adverse outcome (e.g., organ toxicity). AOPs provide a structured way fo understand and
predict chemical toxicity, supporting the development of NGRA.

1 Computational toxicology models, including quantitative structure-activity relationship (QSAR) models
and physiologically based pharmacokinetic (PBPK) models, are used to predict chemical behaviour
and toxicity. Al and ML are increasingly important for analysing large datasets and identifying
patterns that may not be apparent through fraditional methods, as discussed in this report.

1 Integrated Approaches to Testing and Assessment (IATA) combine data from multiple sources (e.g., in
vitro, in silico, and existing toxicological data) using a weight-of-evidence approach to assess
chemical hazards.

lD_I_\_ID_r\ Co-funded by
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The lack of integrated and heterogeneous data is a significant barrier to achieving NGRA, as the innovative
approaches that underpin it rely on the seamless integration of diverse data types to provide a
comprehensive understanding of chemical hazards and risks. The next section discusses challenges
presented by the lack of integrated and heterogeneous data, and the remainder of the deliverable
addresses the various approaches being taken within PARC WP7 to addressing these challenges, to support
the scientific and regulatory communities to unlock the transformative potential of NGRA, enabling more
efficient, ethical, and scientifically robust chemical safety assessments.

1.2 The challenges of heterogenous data: a barrier to data integration

Fragmented data sources, inconsistent standards, and variable data quality hinder the ability to generate reliable,
comprehensive, and mechanistically informed risk assessments. Addressing these challenges requires a
concerted effort to harmonize data standards, promote data sharing, and invest in advanced tools and
infrastructure. We group the key challenges being addressed by PARC WP7 on FAIR Data into four major
categories:

1 Fragmentation of Data Sources and diverse data types: NGRA requires the integration of data from
multiple sources, including in vitro assays, in silico models, omics data (e.g., franscriptomics,
proteomics), physicochemical properties, and traditional toxicological studies. These data types are
often generated using different methodologies, formats, and standards, making integration difficult.
An additional complication is that data are frequently stored in isolated databases or repositories,
often managed by different organizations or research groups. This siloed nature hinders the ability
to access and combine data effectively, limiting the holistic view needed for NGRA.

1 Inconsistent Data Standards and Formats leading to lack of harmonization and interoperability Issues:
Data generated from different studies or platforms often lack standardized formats, metadata, or
ontologies. For example, omics data may use different gene identifiers or normalization methods,
while in vitro assays may report results in varying units or formats. Without consistent standards, it
becomes challenging to ensure interoperability between datasets, which is essential for combining
data from different sources and applying advanced computational tools like Al.

1 Variable Data Quality and Completeness: Heterogeneous data often vary in quality due to differences
in experimental protocols, instrumentation, or reporting practices. Poor-quality data can lead to
unreliable predictions and undermine the credibility of NGRA. In parallel, gaps in data coverage,
such as missing endpoints or limited coverage of the chemical space', can restrict the applicability
of Al models or AOP frameworks. For example, a lack of toxicogenomics data for certain chemical
classes may limit the ability o predict molecular mechanisms of toxicity.

1 Challenges in Data Integration for Al Modelling: Al and ML models, require large, high-quality, and
well-curated datasets for training and validation. Integrating heterogeneous data into a unified
format suitable for Al modelling is a complex and resource-intensive process. Heterogeneous data
may introduce bias or noise into Al/ML models, particularly if the data are not properly curated or
normalized, reducing the accuracy and generalizability of predictions.

From a FAIR (Findable, Accessible, Interoperable, and Reusable) perspective, achieving data FAIRness
requires addressing technological barriers and resolving compatibility issues, such as access restrictions,

! Chemical space refers to all possible chemical compounds and molecules that can exist, i.e., every possible
combination of atoms, bonds, and structures, ranging from small molecules to large, complex compounds, with
estimates suggesting it contains anywhere from 10% to 102°° possible molecules.
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varying database management systems, and incompatible data exchange protocols. Ensuring that data
adheres to the FAIR principles means ensuring that data are:

Findable: metadata and unique, persistent identifiers must be utilised to make data easily discoverable by
both humans and machines.

Accessible: Data must be retrievable using standardized communication protocols (e.g., https), while
respecting legal and ethical constraints especially around personal data (e.g. from human
biomonitoring studies).

Interoperable: Data should seamlessly integrate with other systems, requiring compatible formats,
vocabularies, ontologies, and protocols for data sharing / data visiting etc.

Reusable: Data must be accompanied by detailed documentation and usage licenses to support future re-
use.

PARC Deliverable Report D7.3 describes in detail the tools and approaches being developed in PARC to
support the FAIRIification of PARC-generated and PARC-curated data to support CRA. This process
includes the retrieval and analysis of non-FAIR data to defining a semantic model to link the data, followed
by assigning the license, defining the metadata for dataset and then deployment of the FAIR data source
(Jeliazkova et al. 2023). Here, the focus is on the tools and workflows to harvest and harness existing data,
with an increase in the FAIRness of the resulting harmonised and integrated datasets being an outcome of
the data integration activities but is not itself the core goal of the data harmonisation activities.

1.3 Understanding uncertainty propagation when integrating data

Heterogeneous data refers to collections of diverse and dissimilar types, formats, or structures, originating
from various sources such as textual and numerical data. This diversity highlights the need for sophisticated
methods to achieve meaningful integration of such data. One primary challenge is data compatibility, which
stems from diverse formats—including numerical, textual, structured, and multimedia data—collected from
disparate sources. Combining these seamlessly while minimizing uncertainty remains a significant hurdle.

CRA plays pivotal roles in evaluating the risks posed by human exposure to potentially toxic chemical
substances found in environmental media (e.g., air, water, soil), food, consumer products, and materials
(WHO, 2021). As a multidisciplinary field, CRA integrates knowledge from diverse domains such as
chemistry, toxicology, biology, physiology, medicine, and mathematics to assess the release, dynamics,
fate, and behaviour of contaminants. The process of integrating large, heterogeneous datasets for CRA
presents both conceptual and practical challenges. Advances in science and technology have enabled the
collection and aggregation of high-dimensional datasets, yet these data often vary significantly in size (from
hundreds to thousands of individuals), structural complexity, research domains (e.g., epidemiology,
toxicology, human biomonitoring), completeness, measurement methods, quality standards, and overall
complexity. Uncertainty related to data sources is a critical consideration, impacting not only the analysis of
heterogeneous data but also the overarching CRA Incompatibility issues frequently arise due to variations
in data models used during design, as well as inconsistencies in terminology, units of measurement, and
data quality. Uncertainty is thus an inherent feature of all stages of CRA, that may be influenced by factors
such as measurement limitations, data gaps, model assumptions, and parameter variability (IARC, 2014).

Integrating data with varying degrees of uncertainty into IATA and NGRA presents additional challenges,
as differences in experimental methods, datasets, and quality can lead to inconsistent results. These
challenges become even more pronounced when using these data in computational models to predict
chemical behaviour, exposure scenarios, or health outcomes. Modern approaches, including ML and other
so-called "black box" models, while powerful, introduce new and challenging complexities. Such models
often lack transparency regarding how uncertainties are propagated or managed, which can reduce
confidence in their predictions and hinder their regulatory application.

lD_I_\_ID_r\ Co-funded by
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In the regulatory context, emphasis on preventative and precautionary approaches to chemical risk
management underscores the importance of addressing uncertainties systematically. The Precautionary
Principle, adopted as a guiding framework by the European Union (EU, 2000), highlights the need to act
even in the presence of uncertfainty, particularly when potential risks are significant. This principle
underscores the importance of effectively communicating uncertainty to stakeholders, ensuring informed
decision-making and enhancing public trust in the risk assessment process.

Ultimately, improving CRA requires robust methods to characterize and propagate uncertainties across all
stages of risk assessment, from data integration to modelling and decision-making. As risk assessments
increasingly rely on probabilistic or possibilistic estimates to address variability and uncertainty in exposure
or susceptibility, addressing these challenges is crucial for deriving scientifically sound and socially
acceptable conclusions. This approach is also consistent with the PARC FAIR data policy (deliverable D7.2)
which proposes to embrace transparency to foster risk assessment. Documenting (statistical) uncertainty in
datasets via metadata (e.g., stafistical methods used, sample sizes, confidence intervals, and error margins),
datasets become more trustworthy and easier to locate in repositories, as users can confidently search for
data that meets their precision requirements (Findability). Transparency in statistical processes (through
provision of access to raw data, statistical scripts, and detailed methodological metadata) ensures that users
can verify and reproduce the results reduces barriers to accessing and understanding the data
(Accessibility). When statistical uncertainty is minimized and clearly communicated using standardized
statistical methods, reporting formats, and metadata schemas, datasets from different sources can be more
easily combined and analysed together (Interoperability). Explicitly addressing uncertainty increases user
confidence in the data for new analyses, models, or applications, knowing that the data is reliable and well-
characterized (Re-usability).

1.4 Novel computational methods to support data harmonisation

Data harmonization is a critical process for integrating and standardizing data from diverse sources,
ensuring it adheres to the FAIR principles. Several computational approaches have emerged to address the
challenges of harmonizing heterogeneous datasets. Among these, ontology-based harmonization, large
language models (LLMs), ML and deep learning (DL) techniques stand out as key methodologies that will
be exploited in PARC:

Ontology-based harmonization leverages structured, standardized vocabularies and semantic
frameworks to align data across different sources. Mapping data to shared ontologies—such as those
available through BioPortal (https://bioportal.bioontology.org) or the Observational Medical Outcomes
Partnership (OMOP) Common Data Model (https://www.ohdsi.org/data-standardization/)— ensures
semantic consistency and interoperability. This approach is particularly powerful in domains like healthcare
and life sciences, where precise terminology is essential for integrating data from clinical trials or human
biomonitoring studies, and multi-omics studies. Ontologies also facilitate automated reasoning and
querying, enabling more efficient data discovery and reuse.

Large language models (LLMs), such as GPT and BERT both of which are transformer based pre-trained
models widely used in natural language processing (NLP) tasks, are increasingly being used to harmonize
unstructured or semi-structured data, such as clinical notes, research articles, or metadata. These models
excel at extracting and standardizing key information from text, enabling the integration of disparate
datasets. For example, LLMs can identify and map synonymous terms, resolve ambiguities, and generate
structured representations of unstructured data. Their ability to understand context and semantics makes
them particularly valuable for aligning data that lacks a predefined schema or ontology.

Machine learning (ML) and deep learning (DL) approaches offer powerful tools for harmonizing data by
learning patterns and relationships within and across datasets. Techniques like transfer learning and domain
adaptation enable models trained on one dataset to be fine-tuned for another, reducing the impact of
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domain shifts. Autoencoders and generative adversarial networks can learn latent representations of data,
mapping disparate datasets into a common feature space. Additionally, dimensionality reduction methods
like principal components analysis (PCA), t-distributed stochastic neighbour embedding (t-SNE), and
uniform manifold approximation and projection (UMAP) help align datasets by projecting them into lower-
dimensional spaces. These ML/DL methods are particularly useful for handling complex, high-dimensional
data, such as genomic or imaging data.

A core activity of Task 7.3 of PARC is horizon scanning of such emerging approaches, as part of a proactive
strategy for emerging technologies, methodologies, and scientific trends in CRA for the future. By
systematically tracking ML, predictive toxicology, and exposure science developments, PARC will
understand, and implement where relevant, the latest tool sets for chemicals' safety assessment and thereby
apply the newest approaches to maximize efficiencies and accuracy, without reliance on insensitive or
resource-intensive conventional approaches. With the pace at which Al-driven models and data-driven risk
assessment techniques are improving, it is important that PARC be forward-looking, integrating state-of-
the-art available tools to sharpen regulatory decisions and support sustainable innovation in chemical
safety.

2. PARC approach to harmonization of heterogeneous
data

The primary steps involved in overcoming the challenges of heterogeneous data integration (as noted in
Section 1.2, including data fragmentation, inconsistent standards, variable data quality and completeness
and challenges in data integration for Al, o enable a move to data-drive CRA can be categorized into three
main areas:

1. Data Identification is the foundational step in the integration process and involves several complexities
in terms of data wrangling including (i) understanding the impacts of the diverse characteristics and
attributes of the data, which may include multiple formats, units, and terminologies, making it challenging
to discern relevant patterns or align data; (i) understanding the specifics of data from various sources with
consequent differences in resolution and certainty, such as laboratory results, field monitoring,
observational studies, clinical frials, and public health databases, each with unique features, and (iii)
assessing the relevance, accuracy, and reliability of the data and thus its suitability for user/re-use in CRA.
Identifying data that is not only relevant but also accurate and reliable is challenging and requires
specialized knowledge of both the subject matter and the data landscape.

2. Data Extraction from diverse sources and formats introduces its own set of challenges, including (i) the
need fo tailor data extraction techniques to work with a diversity of data formats including unstructured (e.g.,
text), semi-structured (e.g., XML, JSON), or structured formats (e.g., relational databases); (i) ensuring data
quality control and the reliability of extracted data involves dealing with inconsistencies, missing values, and
conflicting information; and (jii) aligning data to a common framework or standard is critical for integration.
Normalization ensures compatibility across datasets, while the FAIR principles emphasize machine-
actionability and accessibility (see below also).

3. Data Aggregation to create a unified, coherent system presents another layer of complexity, as (i)
building a robust, scalable system that can integrate diverse data types and formats requires sophisticated
computational tools and frameworks; (i) it is essential to select the appropriate models and techniques when
combining data in order to maintain statistical validity; (iii) strategies to address missing or incomplete data—
such as imputation methods, sensitivity analysis, or exclusion criteria—must be carefully chosen to minimize
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bias; and (iv) aggregated data must account for uncertainties inherent in the datasets and their integration,
using sensitivity analyses to quantify and manage potential risks.

Addressing these challenges requires multidisciplinary approaches, combining expertise in data science,
domain knowledge, computational tools, and rigorous adherence to best practices in data management.
Effective solutions not only enhance the integration of heterogeneous data but also improve the reliability
and applicability of CRA outcomes. One of the first activities undertaken within sub-task 7.3.1 on data
harmonisation was to perform a literature review on the various approaches available for automated data
curation, starting from data mining and data clustering (S*CIE).

Data mining refers to the process of extraction of useful and interpretable information from large volumes
of data. Data mining applications typically involve structured data, such as data tables with a large number
of observations and variables. Data mining techniques help summarize such data by filtering out irrelevant
features and uncovering previously unknown associations and patterns in data, which is especially
important when there is no reliable prior expert knowledge. Consequently, in addition to being used as a
technique for describing the data, the results of a data mining process can also serve to generate new
hypotheses to be later tested in carefully designed studies.

Clustering (identifying groups of similar observations), association analysis (finding dependencies in data),
regression (building prediction models for specified outcomes), classification (predicting class membership),
and anomaly detfection (identifying outlier observations in data) are the main types of problems that data
mining tfechniques are used fo address. Classical and commonly used techniques include various clustering
algorithms, broadly classified as variants of hierarchical clustering, density clustering, grid clustering, and
partition clustering (Chaudhry et al., 2023), correlation tests, regression models, dimensionality reduction
techniques such as principal component analysis and factor analysis, classifiers using estimated probability
density functions, fuzzy classification, support vector machines, decision trees, random forests, and arfificial
neural networks (Bartschat et al., 2019). The state-of-the-art in data mining software was recently reviewed
by Bartschat et al. (2019).

In PARC, data mining and data clustering techniques have used in numerous ways as highlighted in this
section of the Deliverable report. For example, a study investigating whether the inclusion of
pharmacophoric features improves the accuracy of prediction of blood-brain barrier permeation of
xenobiotics (Kumar et al., 2022), utilised two types of neural networks, graph convolution network and
graph attention network, support vector machines, random forest, and naive Bayes as classifiers, in addition
to PCA for dimensionality reduction. Other recent examples in the literature include toxicogenomics data
mining applied to identify associations and molecular pathways linking exposure to chemicals with health
outcomes, e.g., per- and polyfluoroalkyl substances (PFAS) exposure and polycystic ovary syndrome (Xu et
al., 2024), pesticide exposure and Parkinson’s disease (Paul and Ritz, 2022), a hydrocarbons mixture with
breast and lung cancer (Abu-Bakar et al., 2024), and multiple classes of chemicals with preterm birth (Harris
et al., 2022). Wu et al. (2025) explored associations between phthalate esters and diseases of the
musculoskeletal, cardiovascular, digestive and urinary systems. Method developments include a novel
classification method based on a random forest algorithm to predict peroxisome proliferator-activated
receptor-9 ligands and modifying chemicals (Kim et al., 2021) and an approach based on neural networks
to predict chemical toxicity at different doses (Limbu et al., 2022).

2.1 Overview of data mining and data clustering approaches

Text mining is a crucial component of data mining that focuses specifically on unstructured text data. It
employs natural language processing (NLP) techniques to extract useful information and insights from large
amounts of textual data, serving either as a preprocessing step for data mining or as a standalone process
for specific tasks. Several approaches are pivotal in text mining, including ontology-based text mining,
which integrates structured knowledge representations to enhance the text mining process, as described
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for example in Durmaz et al. (2024). Ontologies help end users navigate complex database searches by
understanding both the structural and semantic links between stored data.

Several systems such as Textpresso utilize ontology to categorize terms and enhance the retrieval of
biological data, which improves the search efficiency and recall significantly (Muller et al., 2004, Muller et
al., 2018). Similarly, PubMine employs bio-onfologies to enable advanced search capabilities and
relationship extraction among biological entities, such as genes and diseases (Kim et al., 2025). Ontologies-
based approaches significantly improve the retrieval and extraction of information from biological text. By
using ontologies, systems like BIO-LSTM can enhance the detection and classification of relations, such as
drug-drug interactions, even in the dataset with limited annotations. This system utilizes ontologies to
provide a sematic framework for the accuracy and efficiency of information retrieval tasks (Lamurias, et al.,
2019).

Hybrid approaches that combine rule-based systems with deep learning models also play a significant role
in text mining. Rule-based systems can complement deep learning by providing precise entity recognition
for nested entities and handling domain-specific jargon through curated ontologies (Cohen et al., 2008).
For instance, the LexMapr tool exemplifies a rule-based system that maps and classifies ontology terms to
improve text mining accuracy (https://github.com/Public-Health-Bioinformatics/LexMapr). Similarly, the
Odinson framework offers a powerful and optimized open-source rule-based information extraction system.
It combines a versatile pattern language capable of operating over multiple text representations with a near
real-fime runtime system, significantly enhancing query precision and coverage (Gosal et al., 2019).

Further advances in text mining have been achieved through the integration of syntactic information, which
refers to the grammatical structure of a sentence or text and involves understanding how words are
organized and related to each other in a sentence (e.g., subject-verb-object relationships, dependencies,
or phrase structures), with semantic information which refers to the meaning of words, phrases, or sentences
and involves understanding the context and the relationships between concepts, as shown schematically
in Figure 1. A Graph Convolutional Network (GCN) is a type of neural network designed to operate on graph-
structured data, in which a graph consists of nodes (vertices) and edges (connections between nodes).
Nodes represent entities (e.g., words in a sentence, or atoms in a molecule), and edges represent
relationships or interactions between entities (e.g., syntactic dependencies, or chemical bonds). GCN
extends the concept of convolutional neural networks (CNNs), which are traditionally used for grid-like data
(e.g., images), to handle data represented as graphs. GCNs are particularly useful for tasks where
relationships between entities (nodes) are as important as the entities themselves. GCNs aim to learn
meaningful representations (embeddings) of nodes, edges, or the entire graph by leveraging the graph's
structure and features. These representations can then be used for tasks like node classification, link
prediction, or graph classification. GCNs are thus particularly effective in representing both syntactic and
semantic features in ontology-based text mining. Studies have shown that GCNs can enhance syntactic
and semantic feature representation, thereby improving the accuracy and contextual understanding of text
mining systems (Bastings et al.,2017).
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Figure 1: Schematic of a text similarity model combining semantic and syntactic Information *Zhou et al.,
2023.

2.2 Approaches for integrating heterogeneous datasets

Heterogeneous data in CRA exhibits significant variability in several dimensions, including size (ranging from
hundreds to thousands of entities), data element sfructures, research domains (e.g., epidemiological,
(eco)toxicological, human biomonitoring (HBM) data, environmental monitoring data), completeness,
measurement approaches, quality standards, and overall complexity. Significant variation both within and
between datasets can come as a consequence of changing practices, stakeholders, priorities, funding, and
available tools. Data are rarely stored or organized in line with existing best practices, and contextual
knowledge and metadata is rarely documented or stored in machine-readable formats. These variations
create conceptual challenges and practical difficulties when attempting to integrate such data effectively.

Combining heterogeneous data for CRA requires advanced quantitative methodologies to account for data
variability and heterogeneity across studies. Below we highlight several techniques and approaches for
effective data integration, enabling a more comprehensive understanding of exposure-health relationships.

Meta-Analysis, Meta-Regression, and Pooled Analysis

Meta-Analysis synthesizes results from multiple studies to derive overall estimates of group differences (e.g.,
risk ratios, odds ratios). It is commonly affected by publication bias and heterogeneity but includes tools like
Cochran’s Q and |2 statistics for heterogeneity assessment.

Pooled Analysis combines individual-level data from multiple studies, allowing for detailed subgroup
analysis and standardized variable assessments, improving precision and statistical power.

Meta-Regression extends meta-analysis by exploring the effects of study-level variables on pooled
estimates, addressing between-study heterogeneity using random-effects models.

Structural Equation Modelling (SEM)
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SEM integrates multiple variables into a unified framework, accommodating measurement errors and latent
variables. Techniques include:

1 Path Analysis which examines causal relationships using regression-based models. This can help to
develop new, expand on existing models and quantify Aggregate Exposure Pathways (AEPs) and
Adverse Outcome Pathways (AOPs) and complex AEP and AOP networks.

1 Confirmatory Factor Analysis which is a method that validates hypothesized models for latent
constructs.

1 Mediation Analysis which explores direct and indirect effects between variables. SEM variants, such
as multilevel and Bayesian SEM, address complex research questions and designs like longitudinal
studies.

1 Other types of SEM used to address more complex research questions (hierarchies, subpopulations)
or designs (e.g., longitudinal studies), other types of SEM can be used, such as latent growth curve
modelling, multilevel SEM, and Bayesian SEM.

Bayesian Meta-Analysis and Meta-Regression

Bayesian approaches incorporate prior knowledge into data synthesis, effectively handling heterogeneity
and parameter uncertfainties. Bayesian meta-regression excels in synthesizing cross-domain evidence by
combining, for example, epidemiological and toxicological data.

Network Analysis

Network analysis visualizes relationships and interactions among variables, offering insights into
interconnected biological systems. Applications include multi-layered biological networks and algorithms
like matrix factorization and random walks. AOPs as accumulated in the AOP knowledgebase and readily
accessible through the AOP-Wiki (https://aocpwiki.org, accessed 2025-MM-DD) as well as AOP networks,
once established qualitatively or quantitatively, can facilitate the characterization of a stressor’s mode of
action by suggesting likely causal relationships between events that can be captured at different levels of
biological organisation within an organism.

Beyond ftraditional network analysis, knowledge graphs offer a structured and scalable approach to
integrating data from diverse sources, sizes, and quality levels. Storing relationships between chemicals,
biological effects, and environmental exposure metrics within a graph database enables dynamic querying,
advanced analytics, and cross-domain insights beyond static network visualizations. Implementation of
network analysis to identify relevant chemicals, AOPs, AOP events and combine these info integrated
analyses involving hazard characterisation and risk assessment would ensure more mechanistically-
informed approaches in several PARC WPs, and in T8.3 Integrated analysis.

Combining data from genomics, transcriptomics, proteomics, and other omics provides a holistic view of
biological mechanisms. Multi-omics integration employs methods like joint pathway analysis, similarity
networks, and Bayesian models. Tools like MultiZDmics Factor Analysis (MOFA, Argelaguet et al., 2018) and
mixOmics (Rohart et al., 2017) facilitate integration and visualization, while federated analysis enables
decentralized data integration, protecting sensitive information.

Federated Analysis

Federated Analysis is a decentralized data analysis technique that allows multiple organizations to
collaborate on joint projects while maintaining data security and privacy. It is particularly valuable in
chemical hazard and risk assessment, where data sharing between entities such as government agencies,
research institutions, and industry partners is often restricted. A key application of this approach is federated
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learning, which enables multiple parties to train a shared predictive model without exchanging raw data,
improving model performance while preserving confidentiality.

Although not widely used in chemical safety assessment yet, federated analysis has been successfully
applied in healthcare (Nguyen et al., 2022) and is gaining recognition as a promising tool for future human
biomonitoring (Schmitt et al., 2023) and environmental health research (Beriwal and Ayeelyan, 2025). As
outlined in the PARC FAIR data policy, confidentiality of sensitive personal data is essential when
considering federated analysis approaches.

Handling Missing Data
Techniques for managing missing data include:

Imputation Methods such as median imputation, random forests, and ML techniques like Multiple Imputation
by Chained Equations (MICE) and Quantile Regression Imputation of Left-Censored Data (QRILC) which
are commonly applied in “omics” data preprocessing to impute (fill in) missing values (Gardner & Freitas
2027). MICE is a statistical method for imputing missing data by creating multiple plausible values for each
missing entry. It works by modelling each variable with missing data as a function of other variables in the
dataset, using a series of regression models, in an iterative process with imputations updated in a "chained"
manner until convergence. QRILC was specifically designed for imputing missing values in left-censored
data, where values below a certain threshold are missing or unreported, for example with concentrations
below a detection limit in chemical measurements (Gardner and Freitas, 202]1). It uses quantile regression
to estimate the distribution of the missing data and imputes values based on this distribution.

Systematic Missing Data which uses multiple imputation and non-imputation methods to address
unmeasured variables across datasefs.

Toxicological Prioritization Index (ToxPi, https://toxpi.org/) is a method which integrates heterogeneous
toxicological data into visual, ranked scores. It handles diverse data formats and incorporates uncertainties,
facilitating stakeholder decision-making in chemical safety and environmental monitoring (To et al., 2018).

These methodologies, which are summarised in Table 1, enhance the reliability and interpretability of
heterogeneous data integration, supporting evidence-based decisions in CRA and beyond.

lD_I_\_ID_r\ Co-funded by
| /I V1IN No the European Union 19


https://dl.acm.org/doi/full/10.1145/3501296?casa_token=yaZ9jSdFNfUAAAAA%3AW1XigcmCMB5f7u-ytLdZXOmuV8EYKzDRlfGrKu3oFzVnZOnKKB0EOFetwI-lo-vCvrdcALKM3bAtiw
https://toxpi.org/

DELIVERABLE

Table 1 Commonly used methods in data integration. Table prepared as part of the systematic review of the field undertaken in PARC Task 7.3.1. Manuscript

in preparation.

Methods Description Advantages Disadvantages Available software/package Reference
A research process to (0 Accounjr for dlfferenc.esuln . (a) Excel plugins MetaXL, (b) Mix (Barendregt et al., 2013, A.
svstematicall sample size and variability (1) The potential for 20 © Revman d) Shorten and B. Shorten,
Meta analysis (& y . yo o (heterogeneity) of study publication bias, and (2) . ’ -~ 2013, Akobeng, 2005,
. synthesize the findings - . . Comprehensive  Meta-Analysis .
pooled analysis) . approach and findings, and (2) balance of studies selection McKenzie et al., 2013,
or data of independent . .. . Software (CMA), (e) JASP, (f) . L
improve precision and strength of ~ criteria Mikolajewicz and

studies

evidence

MetaFOR library for R

Komarova, 2019a)

Structural
equation
modelling (SEM)

A multivariate stafistical
analysis technique that
is used to analyze
structural relationships

(1 A more precise evaluation of
the  potential  sources  of
measurement error, 2
estimating unobserved variables,
and testing the appropriateness
of a given model structure in
terms of its ability to capture the
underlying data patterns

(1) SEM is often based on the
empirical covariances instead
of raw data, (2) based on
certain  assumptions like
multivariate normal
distribution and large sample
size
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