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Abstract 

Computational tools will be critical in an effective early warning system (EWS) to enable 

identification of new emerging risk chemicals (NERCs). In several areas of chemical risk 

assessment, tools are well developed and mature to be applied in an EWS whereas in 

emerging fields including non-target screening, omics, and natural language processing of 

social media, tools are under rapid development. A majority of chemicals in commerce 

lack data to complete hazard screening for early warning and in silico-based methods can 

serve to fill data gaps and increase throughput of an EWS. Current report reviews existing 

computational tools with a focus on those that are available and maintained, and that 

could be implemented and applied in a first version of an in silico driven EWS. The first 

step in a systematic search for NERCs is automatic data mining and curation of any source 

and inventory aiming at delivering molecular structure information for further processing 

and if available experimental data. Next step covers parallel assessment of exposure and 

effects that will feed information for a weighing of an overall score of hazard and 

ultimately identification of potential NERCs. Several challenges are identified and 

discussed including integration and scoring of hazard data of various kinds from fate and 

distribution of chemicals towards subtle effects in certain species and tissues. A large 

number of computational tools exist, and it is already today possible to apply these as a 

starting point in an integrated EWS workflow for automatic identification of NERCs.  
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1.  Introduction  

With an increasing number of chemicals being produced and released into the environment, 

the need for early warning systems (EWS) has become apparent, to flag chemicals of potential 

concern at an early stage. Previous deliverables of WP8 in PARC have highlighted the need for 

an EWS and identified its potential components (D8.1 and D8.2). The deliverable D8.2 included 

information on EWS developed by various national agencies. This includes projects such as 

those presented by the Swedish toxicological council for identifying new emerging risk 

chemicals (NERCs) in products (Bruks et al., 2021, 2022), by the NORMAN network (NORMAN, 

2016) for identifying hazardous chemicals in the environment or for identifying NERCs in 

human serum (Weiss et al., 2022). The European Commission recently reviewed this field and 

highlighted the need for EWS to detect NERCs (European Commission, 2021). EWS have also 

been discussed in the field of occupational exposure aiming at a healthy and safe working 

environment e.g., clinical watch systems, or systems relying on epidemiological databases and 

biomarkers (Palmen, 2016) EWS for food safety have been developed that apply 

computational tools such as machine learning (Geng et al., 2017; N. Liu et al., 2022). Although 

existing EWS are very different in their approaches and aims, several utilize computational 

tools in the process for either data storage, collection, analysis, or property predictions. This 

highlights the key role of computational tools in developing a robust EWS for detection of 

NERCs. 

1.1 Computational tools for EWS 

Computational tools have become an important cornerstone in toxicology research with new 

approach methodologies (NAMs) and next generation risk assessment (NGRA) focusing on 

their continued development. In silico approaches have proven to be useful for a multitude of 

purposes, which makes them crucial for the development of early warning systems. 

Supervised machine learning approaches have been used for information gathering including 

cases of text mining, predictions of environmental fate and hazard properties using 

quantitative structure-property relationship (QSPR) or quantitative structure-activity 

relationship (QSAR) models and predictions of transformation products. Furthermore, they 

have supported the interpretation of complex multivariate biological effect data in the field 

of bioinformatics and systems biology. Additionally, unsupervised methods such as clustering 

have been employed to infer chemical and toxicological similarities between emerging 

chemicals and those with known properties and risks. Furthermore, mathematical models 

have been developed to simulate internal exposure and dose at target using physiologically 

based kinetic (PBK) models. It is important to note that many of these computational tools are 

developed for very specific purposes and these may thus have narrow applicability domains. 

In a first phase of the development of a computational EWS, models with large applicability 

domains will be in focus that would cover a variety of potential NERCs. Therefore, this report 

https://www.zotero.org/google-docs/?Eorxhc
https://www.zotero.org/google-docs/?fToyZx
https://www.zotero.org/google-docs/?fToyZx
https://www.zotero.org/google-docs/?ujdPPY
https://www.zotero.org/google-docs/?4zqeoY
https://www.zotero.org/google-docs/?ndiRlB
https://www.zotero.org/google-docs/?m0OlB3
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mainly describes more generic models as well as freely available tools that can be easily 

incorporated into an automated computational workflow. However, it will be critical over time 

to include novel and specific tools and thus also emerging technologies and related activities 

ongoing in PARC are being briefly presented, that have the potential to be incorporated in 

EWS. Combinations of global and local models would also enable refinement in predictions 

and identification of NERCs with confidence. Another emerging field is natural language 

processing which can be applied to identify early signals of chemical hazards discussed in social 

media and related platforms. 

1.2 Workflow for the integration of computational tools into an 

EWS 

The computational EWS is conceptualized in Figure 1 including data collection and curation 

signals towards scoring exposure and effect potential to an integration of signals and 

notification of potential NERC. The EWS starts with 1) an ad hoc expert based reporting of 

findings from omics, non-target screening or alike, or 2) from a wide scope horizon scanning 

undertaken on regular basis of e.g., grey literature including social media, patent information, 

environmental occurrence and human exposure data bases covering non-target screening, 

and effect directed analysis data aiming at identifying novel entities (Figure 1, I). Critical in 

scanning data systematic and automatic will be using natural language processing methods 

and thorough curation approaches aiming at reaching chemical structure information for use 

in next steps. This step will also gather existing experimental data, if available, on all hazard 

aspects. If experimental data is available for hazard scoring, this entry could go directly to data 

integration and scoring NERC. However, as data for NERCs are sparse, computational 

predictive tools are needed to estimate various fate and effect properties and thus a curated 

chemical structure is the essential output of step I. The next steps in the EWS workflow are to 

predict data on exposure potential (Figure 1, II) and effect potential (Figure 1, III). Exposure 

can be assessed in silico by predicting the potential environmental fate of a compound, 

including, for example, its accumulation in biota or specific tissues. It also aims at predicting 

dose at target, i.e., the internal exposure. Predicting exposure potential will overall require 

scenario settings on emissions related to use and production information, and potential 

transformation reactions and their kinetics. Predictive models for assessing effects can be 

used within an adverse outcome framework. Models will be required covering various types 

of effects, species, biological complexity and including for example omics data. Overall, several 

computational tools exist that can be incorporated into the EWS for assessing exposure and 

effect potential. 
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Figure 1. Conceptual workflow for a model assisted early warning system from I) Data 

collection and curation using text mining and automatic data curation, II) external and internal 

exposure modelling, III) effect modelling from system biology to bioinformatics, to IV) 

integration of signals for identification of potential NERC. 

Signals from both experimental data and computational predictions can be combined in a 

matrix of exposure and effect indicators. Here, each compound can be scored in terms of their 

potential hazard properties or other criteria (Figure 1, IV). Complementary grouping methods 

can be used applying known hazardous chemicals as anchors and positive controls for 

identification of NERCs. An example of a scoring matrix is given in Figure 2. A scoring system 

could be based on specific cut-off values in existing regulations, for example a 

bioconcentration factor of 2000, which defines bioaccumulation in REACH. Such a scoring 

matrix would allow for a variety of data sources to be integrated. It would also allow to merge 

multiple models targeting the same endpoint in a consensus approach. Additionally, weighting 

factors can be introduced to account for data uncertainty, i.e., experimental data could be 

assigned a higher weight than predicted data. Lastly, dependency weights can be assigned to 

account for the added risk of two concerning properties being additive. For example, a 

compound with predicted high liver accumulation is more concerning if it is also predicted as 

hepatotoxic and thus this dependency needs to be programmed into the final score. The EWS 

workflow proposed in this report is suggested as a screening tool especially in the case of data 

scarcity and could be complementary to other EWS that have been suggested (e.g. European 

Commission, 2021). 

 

I. Data collection 
and curation

II. Exposure potential

III. Effect potential

IV. Signals of potential 
NERCs

Ø Data sources
§ Databases incl patents
§ Scientific and grey 

literature
§ Social media data
§ Monitoring data incl 

non-target data
§ Cohort measurements
§ EDA data

Ø Text/data mining
Ø Data curation

§ Structure formating
§ Data cleaning

Chemical structure

Ø Environmental fate models
Ø Predictive models
Ø Mathematical exposure models

Ø Internal exposure models
Ø BCF models
Ø Compartmental models
Ø PBK models

Ø Transformation models (biotic/abiotic)

Ø System biology models
Ø AOPs

Ø qAOPs
Ø QSAR/QSPR models
Ø Molecular dynamics
Ø Bioinformatics

Ø Omics 
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effect data (measured and
predicted)

Ø Scoring
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Ø Multicriteria decision
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Predicted effects
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https://www.zotero.org/google-docs/?i2BrFO
https://www.zotero.org/google-docs/?i2BrFO
https://www.zotero.org/google-docs/?i2BrFO
https://www.zotero.org/google-docs/?i2BrFO
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Figure 2. Example of a scoring matrix to identify NERCs within the EWS where red indicates 

that a set threshold has been reached or the value indicates an alarming property, orange 

indicates that a hazardous property is likely, and green no indication of hazard. In such an 

approach, fields can be left empty to indicate data gap or compound outside applicability 

domain. The matrix is exemplified with a few predicted hazard properties with indicated 

potential model platforms. 

1.3 Aims 

This report builds on the PARC deliverable D8.2 entitled “Report on the conceptual design and 

development guidelines of the PARC EWS”. D8.2 highlights the need to develop EWS that 

move away from expert judgements towards an automated process, which can scan literature 

for existing data and make use of computational tools, to fill data gaps but also to analyze and 

incorporate data from effect-direct analysis and non-target screening. Here we aim to 

describe the concept of a computer driven EWS for identification of NERCs in various matrices 

and data sources including databases, grey and scientific literature, and social media. The 

specific aims are to (i) present the role of computational tools in the conceptual structure of 

an EWS including strengths and weaknesses, (ii) describe computational tools that are generic, 

practical to implement and suitable for an automated EWS, (iii) discuss how an automated 

EWS, handling multiple data sources and types, will identify NERCs, and (iv) present emerging 

techniques that could be implemented in an EWS as they mature including local and specific 

models. Note that this report is not focused on user perspectives, long term governance and 

maintenance of the EWS. 
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2. Data collection and curation  

The initiation of the process of identification of NERCs could be as described above a broad 

scanning on a regular basis or data provided by any party indicating a potential risk of hazard. 

The first step is data collection and with data we refer to any information about the compound 

such as molecular structure, physical-chemical properties, measured biological effects, 

production volume, use patterns in products or detection in the environment or humans.  

2.1 Data sources 

There are over 900 different databases which can be used to extract chemical information, 

build computational tools, or parameterize models (Pawar et al., 2019). Pawar et al., (2019) 

categorized these into 13 different classes according to the information each database 

provides. Databases of relevance include e.g., those including information on physicochemical 

properties, toxicological information, omics data, product and material use and 

characteristics, patents, environmental and human monitoring data, and data on adsorption, 

distribution, metabolism, and excretion (ADME). In addition, social media platforms including 

X (twitter), Facebook, and alike could provide valuable information where potential new 

chemical threats are being discussed on new use of chemicals, new products, effects, and 

occurrence in various human and environmental samples. Data from social media has great 

potential as it could provide real-time information with geospatial and demographic 

resolution. In addition, social media could contribute to identifying trends or emerging risks, 

by providing information not only on actual use, but also of misuse of, and exposure to, 

chemicals. However, such data requires elaborate and careful treatment using natural 

language processing to handle issues of bias, reliability, etc. 

Large chemical databases or chemical registry databases such as PubChem 

(pubchem.ncbi.nlm.nih.gov), ChEMBL (ebi.ac.uk/chembl), ChemSpider (chemspider.com) or 

CAS SciFinder (cas.org) are the most suitable databases to screen for new compounds. Other 

chemical databases are summarized by Pawar et al., (2019) and Wang et al., (2020). The EPA 

CompTox Dashboard is one of the databases providing toxicity data 

(comptox.epa.gov/dashboard) and includes over 1.2 million entries with structure information 

and experimental data on properties and toxic effects. Environmental toxicity data and 

reference values for a variety of species are included in databases such as the ECOTOX 

database (cfpub.epa.gov/ecotox) or IRIS (epa.gov/iris) of the U.S EPA. 

Many ADME databases such as Pharmapendium (pharmapendium.com) are commercial and 

focus on pharmaceuticals, which limits their applicability to identifications of a broad 

spectrum of NERCs. However, this information may still be useful for training or 

parameterizing models or identifying emerging compounds that may have ADME properties 

similar to a compound in the database. Omics databases, such as ArrayExpress 

(ebi.ac.uk/biostudies/arrayexpress) or BiGG (bigg.ucsd.edu) contain data on metabolomics, 

https://www.zotero.org/google-docs/?8Cxe5q
https://pubchem.ncbi.nlm.nih.gov/
https://www.ebi.ac.uk/chembl/
http://www.chemspider.com/
https://www.cas.org/
https://comptox.epa.gov/dashboard/
https://cfpub.epa.gov/ecotox/
https://www.epa.gov/iris
https://pharmapendium.com/
https://www.ebi.ac.uk/biostudies/arrayexpress
http://bigg.ucsd.edu/
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genomics or proteomics for a variety of compounds which may be of use when investigating 

and comparing chemical responses. How this type of data can be used in an EWS will be 

discussed later in this report. 

Patent information is relevant for identifying chemicals that may be of concern even before 

their commercialization and to predict potential sources and exposure routes. Some national 

registry databases contain patent information (Wang et al., 2020). However, it may be more 

efficient to make use of larger databases such as those of the Derwent World Patents Index ( 

DWPI) (clarivate.com). Additionally, the EPA CompTox Dashboard also provides information 

categorizing usage or function of chemicals in consumer products. Patent or usage data may 

have to be processed and divided into larger classes for exposure predictions. Such classes 

could then be used to calculate an exposure index (Swedish Chemicals Agency, 2020, 2022; 

Weiss et al., 2022).  

Human biomonitoring data is another type of information that may be useful for identifying 

chemicals of risk, although it often focuses on well-studied compounds rather than NERCs. In 

a context of identification of NERCs, suspect and non-target screening data will be more useful 

as digital archiving systems are being developed. However, biomonitoring data may indicate 

unexpected exposure patterns or trends and might also allow extrapolations to lesser-known 

emerging chemicals. The EU HBM Dashboard (hbm4eu.eu) provides summarized statistics of 

biomonitoring data of eight substances, which is a limited data amount for uses in EWS. The 

IPChem Portal (ipchem.jrc.ec.europa.eu) offers the possibility to access a variety of monitoring 

data including environmental and human matrices, food, and products for a variety of 

compounds. Outside of Europe, the National Center for Health Statistics 

(cdc.gov/nchs/nhanes) provides US human biomonitoring data for a limited number of 

compounds. Regarding environmental monitoring databases, the NORMAN Network 

(norman-network.com) provides monitoring data on emerging substances in a variety of 

matrices, such as water, sediments, biota, SPM, soil, sewage sludge and air. 

2.2 Data extraction 

Automation of data collection from databases, scientific literature or gray literature, is a 

crucial component in building an automated EWS. Natural language processing (NPL) and 

machine learning have been used for this purpose in applications such as systematic reviewing 

(Khalil et al., 2022). The tools ExaCT (Kiritchenko et al., 2010), EPPI Reviewer (Park & Thomas, 

2018) and Robot Reviewer (robotreviewer.net) have been developed to extract information 

from scientific literature in an automated way and have been suggested as suitable tools for 

systematic reviewing.  

Although these tools are useful for data extraction in systematic reviews, they may not be 

applicable for extracting information from databases. In principle, text mining tools could be 

developed for the specific purpose of data extraction from literature. While NLP is generally 

https://www.zotero.org/google-docs/?tUUlDc
https://clarivate.com/products/ip-intelligence/ip-data-and-apis/derwent-world-patents-index/
https://www.zotero.org/google-docs/?uVfcnD
https://www.zotero.org/google-docs/?uVfcnD
https://www.hbm4eu.eu/what-we-do/european-hbm-platform/eu-hbm-dashboard/
https://ipchem.jrc.ec.europa.eu/
https://www.cdc.gov/nchs/nhanes/index.htm
https://www.norman-network.com/nds/empodat/
https://www.zotero.org/google-docs/?OPY6MH
https://www.zotero.org/google-docs/?3VPMPp
https://www.zotero.org/google-docs/?L0hPbn
https://www.zotero.org/google-docs/?L0hPbn
https://www.robotreviewer.net/
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considered most suitable for processing text, searches in databases may require less complex 

language models, since the information is highly structured and not part of sentences. In this 

case, a simple script to automatically retrieve data from a database can be written. 

Within the PARC project, a tool (AOP-helpFinder) has been developed in a collaboration of 

WPs 5, 6 and 8, to build AOPs. This tool combines text mining (Natural Language ToolKit) and 

graph theory (Dijkstra algorithm) to identify, extract and score knowledge published in 

scientific articles (i.e., the PubMed database), such as chemical-biological event relationships. 

A new version of the AOP-helpFinder was released in June 2023 with a new module to search 

for event-event linkages, and with visualization options to interpret the results. It is planned 

to adapt AOP-helpFinder 2.0 to characterize emergence in the EWS. AOP-helpFinder 2.0 can 

be accessed via aop-helpfinder.u-paris-sciences.fr (Jaylet et al., 2023).  

2.3 Use of non-target analytical data, digital archiving and 

retrospective suspect screening  

High resolution mass spectrometry (HRMS), combined with liquid chromatography (LC-HRMS) 

and gas chromatography (GC-HRMS), has improved our ability to create precise mass spectra 

of organic chemicals across various matrices. These advanced methods generate vast amounts 

of data, capturing almost all the chemicals contained in a sample subject to the inherent 

limitations in analytical procedures (e.g., sampling techniques, enrichment methods, and 

solvents used) and instrumental analysis (e.g., ionizability, selectivity, sensitivity, and 

resolution). The datasets obtained from these techniques can include thousands of chemicals. 

Analyzing these extensive data can be challenging and call for automated approaches to 

search for the occurrence of chemicals. In addition, re-visits of these chromatograms should 

be possible for retrospective screening as science progresses and for example, new standards 

become available. The NORMAN network has undertaken significant efforts in this regard, 

systematically archiving data from environmental monitoring campaigns in the NORMAN 

Database System (link.springer.com). Especially, a digital sample freezing platform (DSFP; 

dsfp.norman-data.eu) for LC- and GC-HRMS data features an Application Programming 

Interface (API) that enables the automated retrieval of exposure information for any chemical, 

along with their semi-quantitative concentration levels (sciencedirect.com). This retrospective 

suspect screening of any chemical within the digitally archived data opens up possibilities for 

utilizing these tools in an EWS. This tool has already been used by regulators (e.g., ECHA, UBA, 

HELCOM) to collect evidence for potentially hazardous chemicals (echa.europa.eu).  

2.4 Data curation  

To enable generation of high-quality computational data, according to the EWS workflow in 

Figure 1, correct and readable structural information is critical. After data collection a 

methodology is required to unambiguously identify chemicals and relate a chemical structure 

to the collected information. If only names are available for a new compound, CAS number 

http://aop-helpfinder.u-paris-sciences.fr/index.php
https://link.springer.com/article/10.1186/s12302-020-00375-w
https://dsfp.norman-data.eu/
https://www.sciencedirect.com/science/article/pii/S0165993619300354
https://echa.europa.eu/-/echa-adds-two-hazardous-chemicals-to-candidate-list
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verification is required. This can be achieved with various computational tools, such as the 

stdnum library available in various scripting environments including Python 

(arthurdejong.org/python-stdnum) or Java (metamolecular.com) as well as other tools (Wang 

et al., 2020).  

Although CAS numbers are unique identifiers, they do not describe the chemical structure and 

the same compound may be related to multiple CAS numbers. Structural information can be 

obtained from CAS numbers using the USEPA Chemistry Dashboard; the NCI/CADD Chemical 

Identifier Resolver (cactus.nci.nih.gov/chemical/structure) implemented for Python 

(cirpy.readthedocs.io) or KNIME which are both suitable interfaces for an EWS. This structural 

information can be presented in a variety of formats depending on the computational tool to 

be applied for these structures. Simplified Molecular Input Line Entry System (SMILES) is the 

most commonly used format for representing the chemical structure of a compound using 

only a line of letters and symbols. Most in silico tools require SMILES to make predictions. 

Although they can accurately describe 2D molecular structures, this format does not possess 

3D information. Additionally, SMILES can be formatted in different ways and still refer to the 

same structure, causing a risk of duplication. InChiKeys on the other hand are not commonly 

used as input for models but they provide precise information on chemical structure and can 

only be presented in a specific way, thus are useful for identifying duplicates. After identifying 

chemical structures, the data have to be curated to enable comparable model predictions. 

Structure curation may include “washing” of ions, i.e., representing explicit or implicit 

hydrogens or merging duplicates (Fourches et al., 2010). It should also be able to identify 

chemical mixtures, polymers, chemicals with rare elements or substances of unknown or 

variable composition, complex reaction products or biological materials (UVCBs), all of which 

may not be compatible with computational hazard tools. Both obtaining, formatting and 

curating of chemical structures could be part of an automated workflows in an EWS context 

(Bruks et al., 2021, 2022; Chelcea et al., 2020; Gadaleta et al., 2018).  

3. Exposure-based warning systems 

Besides, effect-based indications, environmental and/or human exposure is an important 

piece of information in an EWS. Here we present approaches to determine external and 

internal exposure based on human and environmental models. Overall external exposure can 

be assessed by evaluating the potential of chemicals to distribute, accumulate and persist in 

various environmental compartments and matrices from which organisms can take up 

chemicals, such as air, water or soil. For human exposure, food is an important exposure 

pathway, but others exist as well, e.g., indoor dust and air, dermal contact to consumer 

products etc. Internal exposure modeling aims at determining dose at target and can take on 

different levels of complexity of modeling. In order to determine internal or external exposure 

of emerging contaminants, many computational tools are available for various matrices, 

https://arthurdejong.org/python-stdnum/
https://metamolecular.com/blog/2013/10/11/validating-cas-numbers-in-javascript/
https://www.zotero.org/google-docs/?1wQavk
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https://cirpy.readthedocs.io/
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including both empirical models based on machine learning and existing data as well as 

mechanistic models. 

3.1 External exposure models 

Understanding the potential of emerging chemicals to distribute into various environmental 

matrices is relevant for identifying NERCs as it gives an indication of potentially exposed 

species as well as of possible exposure routes. This information can then be used to 

parameterize the exposure routes of these models, select relevant species for internal 

exposure modeling, and increase our understanding on sensitive species and targets of 

effects.  

3.1.1 Human exposure models 

Humans can be exposed to NERCs via food, water, air, or through reproduction or dermal 

uptake. In addition to exposure routes, the extent of exposure can vary depending on whether 

it occurs to workers, consumers or the general population. Thus, simple screening models for 

dietary intake, inhalation and skin exposure are discussed below while more complex 

toxicokinetic models with multiple exposure routes and different populations are detailed 

under internal exposure models. Exposure measurements and assessment via monitoring 

data are the subject of other work packages in PARC. 

High-throughput exposure (HTE) models may be suitable for screening for human exposure to 

NERCs as they are generic, cover multiple exposure routes and allow for integration in an EWS 

workflow (Wambaugh et al., 2019a,b). The SHEDS-HT model (Isaacs et al., 2014) for indoor 

environment is an example that has been implemented in R and offers chemical screening 

capability with limited need for parameters. It includes various routes of exposure and is 

maintained by the USEPA. RAIDAR-ICE is another indoor exposure model adapted for use in 

Excel and actively maintained, which would be suitable for screening, including a 

physiologically based kinetic (PBK) model for various exposure routes (Li et al., 2018). The 

EUSES tool (echa.europa.eu) includes several exposure scenarios including ConsExpo for 

consumer exposure or SimpleBox for environmental multimedia fate modeling. 

Models have also been developed for specific exposure pathways such as exposure from food 

contact material or cosmetics (Biryol et al., 2017; Csiszar et al., 2016). However, these 

approaches may conflict with the overall idea of a broad approach to the identification of 

NERCs, to avoid overlooking compounds of significance. A few models aiming to predict 

occupational exposure have been developed (Daniels et al., 2003; U.S. Occupational Safety 

and Health Administration, n.d.), but are still limited in their applicability to screen many 

compounds simultaneously, making them not yet suitable for incorporation in an EWS.  

EFSA has developed the Dietary EXposure (DietEX) tool to estimate dietary exposure to 

substances present in food (e.g. intentionally added or naturally present chemicals, 

contaminants, proteins, novel food ingredients). Individual consumption data from the EFSA 

https://www.zotero.org/google-docs/?UxiYvI
https://www.zotero.org/google-docs/?PugNwV
https://www.zotero.org/google-docs/?KRCkQC
echa.europa.eu
https://www.zotero.org/google-docs/?8GPEyK
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https://www.efsa.europa.eu/en/science/tools-and-resources/dietex
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Comprehensive European Food Consumption Database are used to estimate the mean and 

the 95th percentile exposure for different age classes and specific population groups in several 

EU countries. Consumption records are codified according to the FoodEx2 food classification 

and description system. Macronutrients and micronutrients, including many chemical 

compounds and constituents that are added to food for flavor, color, taste, texture and aroma 

can be identified in the FoodDB database (foodb.ca).  

The Rapid Assessment of Contaminant Exposure (RACE) tool provides exposure estimates 

(mean, median and 95th percentile) of different population groups to chemical contaminants 

from single food items and compares the result to the health-based guidance value or other 

relevant toxicological reference values. RACE evaluates and characterizes the risk to 

consumers for the substance under evaluation, based on the assessment of toxicological 

properties and dietary exposure. 

The main differences between the two EFSA’s tools are the following: (i) in DietEX several 

food/food categories can be considered in the exposure estimation while in RACE, dietary 

exposure estimates are only possible for a single food item, and (ii) the RACE tool is limited to 

chemical contaminants that EFSA has assessed while DietEX does not present that limitation, 

and (iii) RACE evaluates and classifies risk for evaluation of contaminants in food while DietEx 

ends at exposure estimation.   

3.1.2 Environmental fate models 

The UN Stockholm Convention for POPs classifies POPs according to persistence, 

bioaccumulation, long-range transport and toxicity (pops.int). Similarly, but with slightly 

different quantitative criteria, REACH includes a PBT assessment, reflecting persistence, 

bioaccumulation and toxicity. Recently, an analogous concept of persistence, mobility and 

toxicity (PMT) has been discussed, which is now being implemented in the EU classification, 

labeling and packaging (CLP) legislation (echa.europa.eu).  

Assessing the environmental fate of compounds using computational tools is an important 

step in the EWS since it gives an indication of risk of exposure. Fate models aim at determining 

the distribution of a chemical between defined compartments and can be used to estimate a 

predicted environmental concentration (PEC). However, specific emission scenarios for 

compounds present a challenge for an automated tool since expert judgment is needed. 

Generally, emission data are sparse and usually non-existing for NERCs. Spatially resolved fate 

models have been developed to describe atmospheric or multi-media transport (Ciffroy et al., 

2016; Falakdin et al., 2022; M. Armitage et al., 2007). Software platforms exist for fate 

modeling including the BETR North America (MacLeod et al., 2001), EpiSuite (usepa.gov), 

SimpleBox (Hollander et al., 2016), CoZMo-POP (Wania et al., 2006), SoilPCA (Kim et al., 2018), 

NEM (Breivik et al., 2021), USEtox (Rosenbaum et al., 2008), and the PiFs model (Fantke et al., 

2016). The Merlin-Expo tool (Ciffroy et al., 2016) also provides several multi-media models 

which can be used to predict environmental fate. The latest version of the SimpleBox tool 

http://www.foodb.ca/
https://www.efsa.europa.eu/microstrategy/race
https://echa.europa.eu/new-hazard-classes-2023
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(Hollander et al., 2016) shows good potential for use in an EWS, since it is designed to be 

generic in chemical applicability, has been implemented in R, making it easy to integrate in a 

larger workflow and is actively being upgraded and maintained. Some of the challenges with 

incorporating such models into an EWS include the specific simulation scenarios required for 

some models, the limited amount of data available to validate these models and the lack of 

applicability domain (AD) assessment. 

Empirical persistence models have been used in previous attempts to develop EWS or identify 

possible chemicals of concern (Arp et al., 2017; Bruks et al., 2021, 2022; Holmberg et al., 2021). 

One frequently applied model is the EpiSuite BioWIN3 model that can be used to estimate 

aerobic and anaerobic biodegradability and thus indicate potential for persistence in the 

environment (epa.gov). This tool has been widely used in environmental research and by 

agencies to prioritize chemicals. The model does however not distinguish between persistence 

in various environmental matrices and does not include an AD assessment. In contrast, the 

VEGAHUB offers a selection of qualitative and quantitative persistence models for sediment, 

soil, water and air. In addition, this tool provides reliability estimates based on AD which can 

be used to adjust the weights and influence the scores of each compound in the EWS. 

Intrinsic physico-chemical properties determine the fate of chemicals including their 

environmental transport and distribution. Mobility is related to water solubility as well as 

distribution between water and organic matter (Neumann & Schliebner, 2019). Other fate 

related key properties include vapor pressure, partitioning coefficients, half-lives in various 

media etc. Both EpiSuite and VEGAHUB provide models for predicting these properties. 

3.2 Internal exposure models  

Models that predict internal concentrations in organisms are important tools for identifying 

potential risks of chemicals since estimated concentrations in an organism or target tissue 

indicate exposure at targets of toxicity in contrast to environmental fate models predicting 

environmental concentrations or levels in exposure media. There are various approaches to 

estimate internal exposure including predictive models for bioconcentration or 

bioaccumulation as well as compartmental models. 

3.2.1 Bioconcentration and bioaccumulation models 

Bioaccumulation is commonly quantified using metrics of bioconcentration factors (BCFs), 

bioaccumulation factors (BAFs) and n-octanol-water partition coefficients (Kow). The BCF is 

the concentration of the chemical in the organism's tissue relative to the concentration in the 

surrounding water or soil, while the BAF measures the concentration of the chemical in the 

organism's tissue relative to the concentration in the organism's food or other external 

sources. BCF, BAF and Kow are suitable for characterizing bioconcentration and 

bioaccumulation in aquatic organisms, but may not be as relevant for assessing 

bioaccumulation in some terrestrial organisms where biota-to-soil accumulation factors and 

https://www.zotero.org/google-docs/?uOAZSw
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octanol-air partition coefficients may be important. (Gobas et al., 2016; Gobas et al., 2003; 

Kelly & Gobas, 2001).  

BCFs or BAFs are typically estimated using empirical data or models that take into account 

various physicochemical properties of the chemical and biological information on the 

organism. Several BCF/BAF models have been published for various organisms, such as fish, 

birds, and invertebrates. Bioaccumulation models for terrestrial species were reviewed by 

Gobas et al., (2016). Few empirical models exist for predicting BCF in other species than fish, 

which is in part due to lack of experimental data to build such models. The few existing 

empirical BCF models for terrestrial species generally display limited AD focusing on mainly 

non-ionic organic compounds, which makes them less suitable for an integration into an EWS. 

A widely used model for BCF and BAF predictions in the field of environmental toxicology, is 

the BCFBAF model in EpiSuite developed by the US EPA. The BCFBAF model uses two 

approaches to estimate these properties. The first method employs a linear regression model 

based on log Kow as well as correction factors for various functional groups. It includes 

empirical data for the bioconcentration and bioaccumulation of chemicals in fish and other 

aquatic organisms. The second approach estimates BCF and BAF at several trophic levels using 

predicted metabolic half-lives in fish with the Arnot-Gobas method. The VEGAHUB platform 

offers four BCF models which include CAESAR, Meylan, Arnot-Gobas and KNN-Read-across. 

The platform includes a variety of exposure (and effect) models. Some of these models have 

been used to predict properties of potential risk chemicals under the Annex III criteria of 

REACH. The advantages of the VEGAHUB platform compared to many other software or 

published models include the selection of many different models and the assessment of an 

AD. A reliability score indicates whether the predicted compound falls within the AD of the 

model or not. This kind of reliability assessment can be considered in a potential weighting of 

results as described in section 1.2. 

Both EpiSuite and VEGAHUB BCF models have been used in EWS (Bruks et al., 2021) and for 

prioritization of NERCs. They both allow a relatively rapid calculation of data on large numbers 

of chemicals. In addition, VEGAHUB is available as an implementation in KNIME, a software 

which has been previously used to build automated workflows for data collection, curation 

and analysis. Empirical BCF and BAF models are useful tools for quickly identifying the 

bioaccumulation potential of a compound, primarily for fish. However, they can be inaccurate 

as they do not consider species-specific physiology or ADME properties. In order to predict 

internal exposure to emerging compounds, empirical models may not be sufficient and 

mechanistic models may be required for the EWS. 

3.2.2 Compartmental models 

Simple one-compartment models can be used to predict internal concentrations in organisms. 

These models assume that the organism is represented by a single compartment and that the 

chemical is uniformly distributed throughout the compartment. The concentration of the 
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chemical in the compartment is predicted using equations that take into account the 

chemical's physicochemical properties, the organism's metabolic rate, and the rate of 

chemical elimination. One-compartment models are relatively simple and easy to use, but 

they have limitations in predicting the distribution of chemicals in more complex organisms 

with multiple compartments. 

The high throughput toxicokinetic (HTTK) package maintained by the USEPA has shown great 

potential as a screening tool for identifying compounds of concern. HTTK offers a one-

compartment and a three-compartment model for hundreds of compounds, thus providing a 

way to quickly simulate internal exposure in humans, rats, mice, rabbits and dogs. However, 

parameters such as oral uptake rate and intrinsic clearance rate are needed from in vitro 

measurements, limiting the applicability of the model for less-studied compounds. These 

models are available through R script and can therefore be incorporated both in a script-based 

computational workflow or in a software such as KNIME where a scripting node can be part 

of the workflow. 

Wiecek et al., (2019) presents a generic human one-compartment model and PBK model with 

the aim of performing forward dosimetry for human health risk assessment of chemicals 

(contaminants) in food. It is presented as case study XIII in the OECD guidance for PBK 

modeling, Annex 4 (one.oecd.org) together with the code which is available via the EFSA 

knowledge junction (zenodo.org). As for HTTK, the main uncertainty regards data availability 

for metabolic parameters which need to be measured in vitro. Furthermore, these presented 

models focus on humans and a few laboratory animals, thus they do not provide information 

in a broader environmental context. 

A compartmental model presented by Hendriks et al., (2001) was developed to simulate 

accumulation of chemicals for different trophic levels based on Kow as well as a few species-

specific parameters. This model can be incorporated in an EWS. Although the model aims to 

be generic, the AD does not include extremely hydrophobic or hydrophilic compounds, nor 

exposure through air. Nonetheless, the model showed good performance even when 

compared to more recent and more complex PBTK models for fish (Stadnicka et al., 2012) and 

could be useful for a large variety of species in the EWS. 

Another type of compartmental models are in vitro kinetic models aiming at describing 

kinetics of compounds in in vitro systems to better understand effective dose and therefore 

improve the accuracy of in vitro to in vivo extrapolation (IVIVE). The Armitage model (Armitage 

et al., 2014) and later the Honda model (Honda et al., 2019) have been incorporated as a 

function in R thus allowing for easy incorporation of these models into the designed EWS. 

Overall compartmental models are promising screening tools, requiring only few parameters 

to predict internal concentrations. However, they do need in vitro data for biotransformation 

parameterization. Furthermore, only few models exist for species other than humans and a 

https://one.oecd.org/document/ENV/CBC/MONO(2021)1/ann4/en/pdf
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few laboratory animal species. Additionally, these models can be used to predict internal 

concentrations in the whole body but the limited number of compartments does not allow for 

assessment of compound accumulation in targets of toxicity. 

3.2.3 Physiologically-based kinetic models 

Physiologically-based kinetic (PBK) models have been developed with the purpose to predict 

organ concentration of various compounds and understand their ADME properties. PBK 

models reconstructing exposure through quantitative in-vitro to in-vivo extrapolation are 

considered New Approach Methodologies (NAM) for improving human risk assessment 

(Cronin et al., 2022; Deepika & Kumar, 2023; Spinu et al., 2020). These approaches can reduce 

the need for animal testing and also predict risks at an early level. As discussed in Deliverable 

8.2, the use of PBK models shows great potential in identifying chemicals of risk in an EWS 

context.  

Many compound-specific PBK models have been developed which can be employed for better 

understanding dose at target. A recent overview of these chemical-specific PBK models 

highlighted that they had mainly been developed for low molecular weight compounds which 

generally follow Lipinski’s rule of 5 (Thompson et al., 2021). Consequently, there are large 

knowledge gaps in the chemical applicability domain of these specific models. Some of these 

models require large amounts of data including in vivo parametrization data for their 

development. As such, chemical-specific PBK models may not currently be suitable for 

application in EWS. Applying read-across from one chemical to another could be a way to use 

such models for new compounds. However, this would require similar chemical structure and 

properties as already parametrized chemicals.   

Generic PBK models would allow for the simulation of toxicokinetics of a wider range of 

emerging compounds and thus support the identification of NERCs based on dose at potential 

targets of toxicity. Additionally, developing PBK without the use of in vivo data is a goal for the 

next-generation PBK models which has been set by various governmental agencies (Paini et 

al., 2019). Generic models employing NAMs for parameterization could therefore be both a 

more suitable and more ethical choice for incorporation in EWS. It is also motivated by the 

lower use of data to predict ADME properties. Although some data is still required, much of 

the parameterization can be achieved using in silico and in vitro data when in vivo data are 

unavailable. Various generic models have been developed and employed in recent years with 

different applications in the field of risk assessment (Fragki et al., 2022; Jongeneelen & Berge, 

2011; Lautz et al., 2020; Paini et al., 2019; Tebby et al., 2020).  

The European Human Biomonitoring Initiative (HBM4EU) has collected human biomonitoring 

data for assessments of chemical exposure of the European population. It has also derived 

health-based guidance values. The HBM4EU report on PBTK models (Sarigiannis et al., 2018) 
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presents a variety of compound-specific and generic models including INTEGRA (Sarigiannis et 

al., 2014; Sarigiannis et al., 2019), IndusChemFate, MENTOR-3P (Georgopoulos & Lioy, 2006), 

and MERLIN-Expo tool (Brochot & Quindroit, 2018). This report concludes that efforts should 

be directed at generic, multi-compartmental and multi-route models with parameterization 

using in silico and in vitro data. The QSAR models for parameterization should be expanded to 

model chemico-biological interactions such as intestinal absorption or renal clearance. 

Additionally, further development of mixture PBK models would be an improvement for 

chemical prioritization and identification of NERCs. 

The OECD guidance document on the characterization, validation and reporting of PBK models 

for regulatory purposes highlight several case studies of PBK models with the potential to be 

used for identifying chemical risks (OECD, 2021). Among these, two generic PBK models are 

presented, including a model focusing on farm animals  (Lautz et al., 2020) and one for fish 

species (Grech et al., 2017). Since each animal in the farm and the fish model has multiple 

compartments, it may be computationally demanding to predict and incorporate all of these 

in an EWS. Instead, the EWS should be simplified and focus on key compartments of interest 

such as muscle for all animals used in the meat and fishing industry, milk for all the species 

used in the dairy industry and eggs for chicken. Both models use a combination of in silico, in 

vitro and in vivo data for model calibration and validation and face the same challenges in 

parametrization of absorption rates, clearance rates and plasma fraction unbound. 

Interestingly, Tebby et al., (2020) investigated the performance of this generic model using 

three different parametrization scenarios, based on QSAR models, additional in vitro data and 

further additions of in vivo data, respectively. These authors found that the first two scenarios 

performed similarly for predicting dose at targets while parameterization using in vivo data 

showed much higher accuracy. Nonetheless, they concluded that models that rely upon 

existing databases or simple QSAR models are more feasible when providing PBK models for 

a large number of substances in lower-tier calculations. Considering that EWS aim at 

identifying emerging issues at an early stage, higher uncertainty in model calculations can 

likely be accepted, possibly including refinements at later stages.  

The models presented in this section with provided scripts, such as HTTK can be easily 

incorporated in a computational workflow in an EWS context (Lautz et al 2020; Grech et al., 

2017). The on-line tools could potentially be automatically accessed provided the output files 

are consistently formatted in machine readable formats. Although generic PBK models are 

promising tools in the development of EWS, they still pose some challenges related to 

parameter estimates. Specifically, the estimations of  1) metabolic clearance rates in a quick 

high-throughput manner, and 2) oral and intestinal absorption as well as excretion rates have 

been identified as critical gaps and uncertainties in the identification of NERCs (Paini et al., 

2019; Punt et al., 2022). 
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3.2.3.1 Population models  

PBK models have also been used to simulate entire populations. Combined with calculated 

safety limits based on effect data, population models can be used to assess what proportion 

of the population and which sub-groups are exposed to levels above safety limits (Breen et al., 

2022; Paini et al., 2019; Ring et al., 2017; Testai et al., 2021). This offers indications of how the 

predicted or observed exposure and effect data may affect populations. One example is a 

lifetime PBK model developed for effects of PFAS compounds on humans where all age groups 

were included and which contained the flexibility of adding other specific population groups 

as well as variability within a group (Deepika et al. 2021). The previously discussed HTTK 

package offers the possibility to quickly simulate population kinetics using HTTK-Pop with 

already provided physiological parameters distributions (Breen et al., 2022; Ring et al., 2017). 

Ring et al., (2017) identified chemicals of risk based on hazard from in vitro screening assays 

and exposure via HTTK-Pop simulations, and used HTTK-Pop to identify demographic groups 

at higher exposure risk. The HTTK-Pop has also been used to determine age-refined 

toxicological points of departure in combination with effect data from in vitro assays (Silva & 

Kwok, 2023). Although HTTK-Pop can be widely applied in the risk assessment of chemicals, it 

may be more suitable for detailed investigation of compounds rather than NERC identification, 

for several reasons. Firstly, the chemical data variability and distribution that is required for 

population modeling is usually not available. Secondly, specific exposure scenarios need to be 

chosen for the simulation which may differ between compounds and thus may be challenging 

to automate within an EWS. Finally, the model outputs can be complex including interactions 

between physiological and chemical parameters and thus may require manual analysis for 

each compound. In summary, population models are an important computational tool for next 

generation risk assessment, but may not be practical for EWS. 

3.3 Transformation models 

Transformation products are of importance to consider in an EWS as they can be of higher 

toxicological concern than the parent compound. They can be the result of abiotic and biotic 

transformation processes. Biotransformation rates in the form of intrinsic clearance have 

been discussed in previous sections as a crucial and challenging parameter in predictions of 

internal exposure and bioaccumulation. Thus, in silico tools for predicting biotransformation 

rates and transformation products play an important role in several places of the EWS. 

Predicting transformation reactions in silico has proven to be challenging with existing models 

showing a great need for improvement in both applicability domain and accuracy. One of the 

challenges related to biotic transformation is the large inter-individual and inter-species 

variability in metabolic enzymes resulting in different products and rates. Existing tools focus 

on specific species or metabolic enzyme groups. 

Most models predicting intrinsic clearance rates are tailored for pharmaceuticals. These often 
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have a limited applicability domain and are thus likely not applicable for a large variety of 

compounds (Chang et al., 2009; Paixão et al., 2010). An exception is the kM/Half-life model 

incorporated in the VEGAHUB, which can predict primary biotransformation half-lives and rate 

constants in fish based on the work by Arnot et al., (2008a,b).  However, models for other 

species are lacking which highlights a major data gap and the need for developing in silico 

tools for this purpose. Being able to predict clearance rates would increase the use of 

compartmental and PBK models and their application to emerging chemicals for which in vitro 

and in vivo data are unavailable. 

Several open-source software aims at predicting transformation products (Zheng et al., 2021) 

including the OECD QSAR toolbox, CTS, BioTransformer and EAWAG-BBD/PPS as well as 

commercial software, such as Meteor Nexus. Among these, CTS, EAWAG-BBD/PPS and Meteor 

Nexus provide likelihoods of formation of a given transformation product while the others 

only predict products. These tools which do not provide likelihood of formation of specific 

metabolites are less suited for incorporation in an EWS, since they may predict unlikely 

metabolites that would increase computational efforts without identifying NERCs. This should 

be considered depending on the purpose and context of the EWS. Note also that here we will 

not focus on commercial software due to issues with their incorporation in an open EWS.  

For the purpose of predicting abiotic transformation products, the CTS platform can be used 

to predict likely transformation products for hydrolysis and reduction reactions. Additionally, 

microbial transformation products can be predicted using EAWAG-BBD/PPS. Degradability in 

the environment can also be assessed using the two models in VEGAHUB which predict ready 

biodegradability. One of these models has been applied for a national EWS (Bruks et al., 2021, 

2022). The JANUS tool automatically provides environmental degradation products (using > 

200 degradation pathways) and it generates predictions for degradation products as well. 

Biotransformation products in organisms are relevant for assessment of toxicity or ADME 

properties in addition to those of parent compounds. CTS can be used but it only includes 

phase I metabolism in humans. Although the QSAR Toolbox, BioTransformer and Meteor 

Nexus can predict phase II metabolites, the first two do not provide a likelihood score while 

the last one is a commercial software. Thus, there is a need for more comprehensive biological 

transformation models. 

Overall, the existing transformation models mainly focus on transformation products rather 

than rates. Structures of predicted products can be run through the EWS to estimate 

concerning properties. These results can be accounted for in the assessment of the parent 

compound, for example via a scoring system. However, one of the main challenges observed 

with exposure models remains, i.e., the determination of biotransformation rates. This is 

therefore a major data gap which needs to be filled in order to improve the accuracy of these 

models as well as their usability for EWS. 

https://www.zotero.org/google-docs/?uIPske
https://www.zotero.org/google-docs/?neC9Ag
https://www.zotero.org/google-docs/?AuIsxU
https://www.zotero.org/google-docs/?AuIsxU
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4. Effect-based warning systems 

NERCs can be identified either from the exposure or the effect side. Understanding the 

capacity of a chemical to elicit an effect which leads to an adverse outcome is a crucial part of 

a hazard identification. Additionally, the mechanism of action may provide information about 

sensitive target species or tissues. Predicting possible effects of compounds using 

computational tools, such as QSAR models, is a common procedure in research-, industry- and 

regulatory-based hazard identification. In addition, novel bioinformatic tools and their 

potential use in EWS are discussed in this section, along with systems biology models. 

4.1 Adverse outcome pathways (AOPs) 

Adverse outcome pathways (AOPs) have become an important part of next generation RA and 

are addressed explicitly in WP5 of PARC. AOPs provide a framework for characterizing effects 

and improving our understanding, starting from a molecular initiating event (MIE), via key 

events (KE) which can lead to an adverse outcome (AO) for individuals and populations. AOPs 

have a great potential for structuring effect data but they present a simplification of complex 

biological processes. This includes a better understanding of potential risks by connecting a 

predicted MIE to a potential AO. Furthermore, AOPs can combine experimental data from in 

vitro systems with in silico data. Ram et al., (2022) described how AOPs can be used as a 

structural framework to integrate multiple data sources. A recent EFSA report described a 

need for automation to integrate heterogenous mechanistic data for the purposes of risk 

assessment in an AOP-like knowledge network (Blümmel et al., 2023). Similarly, the EWS 

proposed in this report could use knowledge of AOPs to identify NERCs. Predictive models of 

MIEs could be linked with those that can predict KEs in order to identify NERCs. 

Additionally, the exposure models discussed in section 3 could be incorporated into an AOP 

framework. This would increase our understanding of which combinations of exposure and 

effects could lead to an added risk. For example, in an AOP framework, a compound can be 

predicted as antagonistic to ER which is an MIE leading to reproductive dysfunction in fish 

(aopwiki.org/aops/30). If the exposure modeling also predicts an environmental distribution 

of this compound with presence in water together with high liver accumulation, the main site 

of ER expression in fish, then this compound may be considered a potential risk. This approach 

could be taken a step further with the incorporation of quantitative predictions from PBK 

models in order to build quantitative AOPs (qAOPs). qAOPs have been discussed in the context 

of NAMS and RA as potential future in silico tools. Spinu et al., (2020) identified five 

probabilistic qAOPs and ten mechanistic ones developed for the purpose of ecotoxicological 

RA, four for human RA and one for screening and prioritization. Although more qAOPs have 

been developed in recent years, they remain complex, in particular regarding their 

requirement for calibration and validation data, and therefore limited in their applicability 

(Perkins et al., 2019; Spinu et al., 2020). Foran et al., (2019), however, proposed a modular 

approach for qAOP in order to facilitate the development of these networks for the purpose 

https://www.zotero.org/google-docs/?er6OOi
https://aopwiki.org/aops/30
https://www.zotero.org/google-docs/?IqdE8v
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of screening and prioritization of environmental pollutants. Thus, qAOP may be a valuable tool 

for EWS but may prove too complex and limited in their AD. Nonetheless, their potential for 

the future for animal-free RA as well as for computational EWS is evident (Cronin et al., 2022; 

Deepika & Kumar, 2023; Spinu et al., 2020). Existing AOPs could be incorporated in the EWS 

(Figure 1), possibly as part of the scoring step. 

4.2 QSAR models 

In silico models including QSARs can be used for a fast screening of substances and provide 

property values for a large number of endpoints and substances. Endpoints can be chosen to 

represent MIEs or KEs, which may give an indication of potential adverse outcomes. Although 

many promising models have been published in the scientific literature, this section will focus 

on openly available tools that are widely used to assess chemical hazards, including regulatory 

applications, and that are kept updated. 

It is an advantage if a variety of platforms and systems can be used in the EWS, since each has 

different collections of models, which can be complementary. Inventories exist where models 

have been collected, for example for predictions of properties of relevance for REACH (life-

concertreach.eu). There are several free platforms that could be useful including QsarDB 

(qsardb.org), VEGAHUB (vegahub.eu), EPISuite (epi-suite), QSAR TOOLBOX (qsartoolbox.org) 

and OPERA (ntp.niehs.nih.gov). In addition, the Danish (Q)SAR Database provides predictions 

from a large range of models (qsar.food.dtu.dk). 

Some tools integrate multiple models and predict a large range of properties simultaneously. 

JANUS (available from VEGAHUB and mainly used for prioritization) is an example that 

provides experimental data (when available) and predicted values for a series of substances 

processed in a batch. Property values can be given for carcinogenicity, mutagenicity and 

reprotoxicity (CMR), persistence, bioaccumulation and toxicity (PBT) and endocrine 

disruption. If available, multiple models are used for the same endpoint and the results 

integrated into a single value, considering the reliability of each value. Similarly, multiple 

experimental values are integrated. This approach results in a property value together with its 

uncertainty. The VEGAHUB currently includes 112 individual models related to human toxicity 

(50), ecotoxicity (26), environmental fate and distribution, physical-chemical properties and 

toxicokinetics. They allow predictions for a total of 48 endpoints, including acute and chronic 

toxicity, developmental toxicity, endocrine disruption, genotoxicity, and mutagenicity. These 

models are developed by different groups, organizations and projects and combined into a 

single software, making it a practical option for implementation into an EWS.  

4.3 Bioinformatic tools 

Bioinformatics provide tools and techniques for analyzing and interpreting large amounts of 

data related to exposure and hazards that could be useful in an EWS. Algorithms will provide 

the edges and nodes with other scientific disciplines (e.g., statistics, mathematics, biology, 

https://www.zotero.org/google-docs/?sauNBF
https://www.zotero.org/google-docs/?sauNBF
https://www.life-concertreach.eu/results/results-gateway/
https://www.life-concertreach.eu/results/results-gateway/
https://qsardb.org/
http://www.vegahub.eu/
https://www.epa.gov/tsca-screening-tools/epi-suitetm-estimation-program-interface
https://qsartoolbox.org/
https://ntp.niehs.nih.gov/whatwestudy/niceatm/comptox/ct-opera/opera
https://qsar.food.dtu.dk/
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physics, and chemistry) in a machine-readable format. Bioinformatics can contribute to an 

EWS via tools that scrutinize genetic information, as well as metabolic data which can provide 

indications that link a compound with an adverse outcome. In addition, the algorithms can 

also deliver the connections between a decision network that will evaluate a chemical and its 

terms of use. These techniques can also enable the development of new biomarkers for use 

in EWS. Effects can be explored across multiple scales of complexity, from molecular and 

cellular to tissue and organismal levels, to time and dose. Network sciences allow the 

integration of heterogeneous data sources and the quantification of their interactions. In this 

concept, the perception that human diseases are associated with a few dominant factors 

(reductionist) is replaced by the view of diseases as the outcome of many weak contributors 

(holistic). Therefore, they are sensitive approaches that can be of interest to consider. For 

example, entire pathways rather than single genes associated with diverse toxicity endpoints 

or adverse outcomes can be considered.  

In network sciences, features such as node, i.e., the entity on which the network is building up 

(chemical, genes, pathways, clinical outcomes), edges (that can represent physical 

interactions, functional interactions or simply connection between multi-scale data), degree 

of distribution around a node and the forming hubs, degree of clustering or betweenness 

centrality are usually considered to assess the properties of the biological network. The 

integration of omics data plays a key role in creating these connections. Omics technologies, 

such as genomics, proteomics, and metabolomics, provide data for a comprehensive and 

holistic assessment of the biological effects of chemicals, and thus indications of potential 

health risks at an early stage. For example, over the last two decades, a number of 

toxicogenomics studies have been performed taking advantage of the mature microarray 

technology and, more recently, the RNA sequencing technology. These approaches have 

enabled the identification of differentially expressed genes (DEGs) in cells or tissues exposed 

to more than 20 000 chemical substances, which can be accessed through public repositories 

(lincsproject.org). The DEG profiles can be used to suggest biological mechanisms related to 

toxicity endpoints and/or to biomarkers of toxicity. ToxicoDb is one of the major sources of 

harmonized toxicogenomics data, which allow researchers to evaluate the effects of toxicants 

by gene expression (doi.org/10.1093/nar/gkaa390). 

One of the advantages of using omics data in EWS is the ability to identify specific molecular 

mechanisms and pathways that are affected by a chemical (doi.org/10.1289/ehp.1409157). This 

information can be used to predict potential health risks, such as cancer or reproductive 

toxicity. Despite these advantages, there are also some limitations to using omics data in EWS. 

One limitation is that the data generated by omics technologies can be complex and difficult 

to interpret, requiring specialized expertise and advanced analytical tools (under development 

in PARC). Omics technologies can be directly connected to an EWS or retrieved from linked 

databases for meta-analysis or other data interpretation. Furthermore, bioinformatics also 

https://lincsproject.org/LINCS/tools/workflows/find-the-best-place-to-obtain-the-lincs-l1000-data
https://doi.org/10.1093/nar/gkaa390
https://doi.org/10.1289/ehp.1409157
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includes biostatistics, which can be an important component of an EWS. Statistics provide 

methodological tools to identify patterns and temporal trends in the data and to make 

predictions about the potential health risks associated with the exposure to a chemical. 

Biostatistics can also be used to determine the level of uncertainty associated with the 

predictions that will be provided by AI models, which is essential for making informed risk 

management decisions.  Tools such as score matching, regression analysis, and sensitivity 

analysis can be used to analyze these uncertainties. 

4.4 Other computational tools 

Other computational approaches are available in the literature, however, some of these 

methods are highly complex, chemical-specific and require much experimental information 

and manual processing, which may limit their applications in an automated EWS. Molecular 

dynamics simulations are one of these computational approaches which can be applied to 

analyze toxicodynamic interactions of emerging compounds with potential target receptors. 

However, it requires in-depth knowledge on specific receptors, 3D structures of compounds 

and is computationally expensive (Lu et al., 2018; Sakkiah et al., 2019).  

Another source of information that could be analyzed through bioinformatic approaches is 

the image-based high content screening technology. Cell painting assays use a mixture of 6 

fluorescent dyes to stain different compartments of a cell which are then represented by 

morphological features (i.e., shape, intensity, texture, among others). These assays allow the 

investigation of the morphological perturbation profiles induced by large sets of chemicals 

(more than 30 000) to study phenotypic changes associated with different modes of action. 

Combinations of these data with omics information could be promising, for example to assess 

the potential link between transcriptomic changes, the corresponding alterations in cell 

morphology and toxicology endpoints. 

Systems biology (SB) models are mathematical models that aim to simulate the complex 

interactions between different biological processes and systems (Figure 3). They are the 

missing link between genotype and phenotype incorporating multiscale biological networks. 

These models involve quantitative predictions and can be a relevant tool in EWS, as they can 

provide insights into potential health risks associated with chemical exposure. Chemicals can 

affect human health by alterations in cellular uptake and efflux controlled by membrane 

transporter proteins, interactions of chemicals and metabolites with tissue macromolecules, 

immune response activation, metabolic transformations, and much more. To understand 

these interactions at different levels of biological organization, molecular and cellular targets, 

different SB models are required. 

SB models use mathematical equations and computational methods to simulate the 

interactions between different biological systems and processes. They can be used to predict 

the effects of chemicals at the tissue, cellular, and molecular level. These mathematical 

https://www.zotero.org/google-docs/?E85gZQ
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models incorporate metabolic control analysis (MCA), flux balance analysis (FBA), and 

elementary model analysis (EMA) to understand network associated toxicity pathways and 

much more. SB models often contain multiple pathways to elucidate the crosstalk occurring 

at the cellular level after exposure. These models can be simplified and converted to AOPs. 

They follow the mechanism of action of a disruptor when a human is exposed to a chemical. 

As a result of this exposure, hazards can be identified, and the compound can be evaluated 

for its terms of use. In the same direction, systems biology models also provide the 

identification of genetic and epigenetic changes. These changes include anomalies in the 

genome, transcriptome, proteome, or metabolome of a human and the way these processes 

are regulated.  

 

Figure 3. Example of Systems Biology model of Reactive oxygen species (ROS) management 

(Kolodkin et al., 2020) 

Biological models can be used as a tool to identify interactions between chemicals at different 

states and levels of biological processes. It includes cases of all-or-none type of effect, i.e., 

additive responses (all effect) or antagonistic actions (none effect). This procedure involves 

the integration of SB and AI methodologies with phamacokinetics to study such phenomena 

(Figure 4). Computational systems biology models have been reported to integrate chemical-

disease information, epidemiology studies and diverse sources of mechanisms of action in a 

human environmental disease network that can help in the decision making for chemical risk 

assessment. 
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Figure 4. Integrated Translational approach for risk assessment. System biology models can 

act as a tool for translation and prediction of risk to human species (Deepika et al., 2020). 

 

5. Integration of data for identification of potential NERCs 

The final step of the EWS is the identification of NERCs based on data predicted or collected 

in previous steps. A critical aspect in this phase is the quality of data. Data curation as 

described earlier aimed at reaching chemical structures of high quality to be used in 

computational tools. However, experimental data identified in the first step and estimated 

data will have varying quality and may as well include erroneous data. It will thus be import 

to analyze quality of data and identify potential outliers in the weighing and scoring phase of 

the EWS. Overall, integrating this large variety of data sources and endpoints is complex and 

challenging and will require suitable cut-off values and simulation scenarios. Expert 

judgements will be needed to evaluate the different types of data, including potential use of 

weighting factors. At the same time, the process should be automated as much as possible, to 

enable a fast and impartial identification of NERCs from big data. Possible approaches include 

decision trees, scoring systems and grouping or clustering of chemicals or endpoints. In Figure 

5, a decision tree illustrates how new signals could be treated, resulting in possible NERCs, 

uncertain NERCs and chemicals of possible low concern.  
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Figure 5. Example decision tree for integrating data of the EWS and classifying compounds 

into three broad categories 

The NORMAN network has presented an early warning system (NormaNEWS) which is based 

on compounds that have been identified as potentially hazardous. Digitally archived high-

resolution mass spectrometry data (dsfp.norman-data.eu) are searched for these suspected 

compounds, providing semi-quantitative data on environmental occurrence. This information 

can be combined with the NORMAN prioritization framework. In the prioritization approach 

of the Swedish Chemicals Agency cut-off values were used for various predicted hazard 

properties including the reliability of the prediction in terms of model AD (Bruks et al., 2022). 

Another approach applied by the Swedish Chemicals Agency included effect predictions for 

various endocrine receptors combined with patent information to indicate likely human 

exposure (Swedish Chemicals Agency, 2020). Additional activities in search of NERCs include 

the annual IT mass screening by ECHA of registration dossiers covering both hazard profiles 

and exposure estimates (echa.eu). The Danish EPA is using combinations of QSAR models for 

hazard classification and self classification. (danish epa) More complex scoring and grouping 

approaches can be applied, including quantitative scoring values and cut-offs instead of binary 

classification schemes or grouping into specific classes of concern, such as PBTs, EDCs, and 

neurotoxicants. An example of such an approach was presented by Hartmann et al., (2023), 

where a scoring system integrating multiple models for PMT endpoints was developed. These 

authors used different weights for different endpoints and structural alerts resulting in a final 

score from 0 to 1. 

https://dsfp.norman-data.eu/
https://www.zotero.org/google-docs/?cTZKKn
https://www.zotero.org/google-docs/?5inquW
https://echa.europa.eu/support/how-to-improve-your-dossier/it-screening-campaigns-on-dossiers-to-be-deleted
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fedit.mst.dk%2Fmedia%2F5imfui3l%2Fshort-documentation-on-the-models-used-for-the-advisory-classification-list-2017_191217_update-240518.doc&wdOrigin=BROWSELINK
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A suitable integration and scoring system for EWS should incorporate the following key 

aspects: (i) weighing of exposure and effect data of different kinds to yield normalized hazard 

scores, (ii) weighing of experimental versus estimated data, (iii) reliability assessment of scores 

including consideration of AD, (iv) quantitative cut-off values of scores to indicate potential 

risks, and (v) suitability of the scoring system for automation. 

5.1 Scoring of chemicals 

A simple approach to combine and score data from different sources is to apply heat mapping 

as was illustrated in Figure 2. This approach provides an easy visualization and ranking of data. 

However, it requires thresholds of each parameter which can be linked to color codes. Ideally, 

these thresholds would follow existing legislation, but will likely not be available for NERCs. 

Scores can be user-defined, based on expert judgement and criteria chosen for the EWS. A 

more elaborate approach in combining evidence would be to use multicriteria decision 

analysis (MCDA). MCDA covers various methodologies that can simultaneously handle data of 

different kinds including qualitative, semi-quantitative and quantitative data to guide decision 

making. MCDA can be divided into full aggregation methods, using all data that are converted 

to a comparable scale, or outranking methods which apply pairwise comparisons. Recently, 

MCDA was used to compare substitutes of brominated flame retardants based on several 

hazard estimates (Zheng et al., 2019) and was later extended to include their transformation 

products (Zheng et al., 2021). It still requires to set thresholds, as for heat mapping, with the 

difference that several data types are evaluated simultaneously in MCDA. This is an advantage 

in an EWS application that aims to combine different types of data. The scoring in itself can be 

binary but also condense raw data in continuous but normalized scales. 

Scoring of chemicals in a prioritization context is also addressed in WP4 of PARC, where 

criteria, indicators and thresholds are currently being reviewed and assessed for their 

potential use in a prioritization scheme for environmental monitoring projects. Since the EWS 

includes similar elements, a coordination of these activities is useful and has been ensured 

through regular information exchange and collaboration.  

5.2 Grouping and clustering  

The collected data of the EWS can be used to group or cluster chemicals allowing for read-

across and identification of potentially hazardous chemicals with patterns similar to known 

pollutants. One option would be to apply unsupervised machine learning approaches to 

analyze data. Since some chemicals are data rich and their risks are well documented, these 

could form references, i.e., positive controls in order to identify NERCs with similar descriptor 

patterns. Methods include principal component analysis (PCA) and clustering techniques 

(Chelcea et al., 2020; Rännar & Andersson, 2010). Multivariate statistical analysis can be used 

to explore a complex chemical space and for reducing dimensionality before applying grouping 

approaches (Chelcea et al., 2020; Oprea & Gottfries, 2001; Rännar & Andersson, 2010; 

https://www.zotero.org/google-docs/?eIyb89
https://www.zotero.org/google-docs/?mBd3M0
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Stenberg et al., 2009; Virshup et al., 2013). Hierarchical clustering is a computational method 

which allows for grouping of chemicals based on their descriptors and this has been widely 

used in the field of chemistry for varying purposes (Backman et al., 2011; Chelcea et al., 2020; 

Haranczyk & Holliday, 2008; Miller, 2002; Rännar & Andersson, 2010). Clustering is the basis 

of the VEGA tool (Viganò et al., 2022) of the VEGAHUB for read-across based on chemical 

structures, and other approaches including k-nearest neighbors have recently been used for 

grouping and read-across (Golden et al., 2023; Kutsarova et al., 2021). 

Clustering can also be used to characterize hazard profiles that potential NERCs may possess, 

thus giving an indication of what testing would be required to verify these suspected 

properties. Figure 6 offers a visualization of this approach with reference compounds. For 

example, if compound 1 is a known non-persistent EDC and compound 2 is a known persistent 

and bioaccumulating compound, while compounds 3 and 4 are potential NERCs, they are likely 

to share properties with compound 1 and 2, respectively.  

 

Figure 6. Example of a clustering exercise which can be used to group compounds into various 

categories of NERCs based on the outcome of predictive models within the EWS  

5.3 Computational platforms for data integration 

This report has described various computational tools which may be integrated into an EWS 

for identifying NERCs. Various programming languages, such as Python, R or Javascript could 

https://www.zotero.org/google-docs/?mBd3M0
https://www.zotero.org/google-docs/?CG4yaY
https://www.zotero.org/google-docs/?CG4yaY
https://www.zotero.org/google-docs/?3UiV2b
https://www.zotero.org/google-docs/?esxV5R


D8.1: Report on the conceptual design of the SSbD toolbox Dissemination level: PU 

WP8: Concepts and toolboxes Version: 1.0 

Main Authors: Denis Sarigiannis Page: 32 

 

 

be employed to script the EWS. Since the individual tools have no common programming 

language, the workflow would have to be programmed in one script which synchronously 

invokes and runs scripts of the various tools. Translating each tool to a common language 

would be another option, however this would be more time-consuming and require expert 

maintenance, making it a less practical option. 

Another possibility to build the EWS is to implement it in software, such as KNIME, that has 

been previously employed to build workflows for chemical data collection, processing and 

chemical prioritization (Bruks et al., 2021, 2022; Chelcea et al., 2020; Gadaleta et al., 2018). 

Additionally, some of the presented tools, such as the VEGAHUB and the Chemical Identifier 

Resolver are implemented as separate units in KNIME, called nodes, making them simple to 

integrate in the EWS. Another advantage is the fact that scripts can be easily integrated in 

KNIME as nodes, which offers a practical way to incorporate R, Python and Javascript models 

separately into the workflow. Finally, KNIME has a graphical user interface which makes it easy 

to visualize the whole workflow as well as the different components of the EWS. Such a 

software may therefore present a more visualizable and user-friendly alternative compared 

to a large script. 

6. Conclusions and Future Aspects 

Developing a sensitive, fast and effective early warning system is a great challenge for science 

and stakeholders. Nevertheless, pollution issues that have been able to build up over years 

and decades highlight the necessity for quick and efficient early warnings, upon which further 

studies can be initiated or actions be taken. Developments in analytical chemistry and data 

science have made early warnings more feasible. New screening techniques and bioanalytical 

tools can identify an unprecedented number of chemicals and effects, respectively. Models 

can predict exposure and effects, and natural language processing and bioinformatic tools can 

process large amounts of highly diverse data including grey literature and social media 

information. Despite these promising developments, combining those techniques in an 

efficient EWS that is needed for identifications of emerging issues is a challenging task. 

Experimental data are still the key to many computational approaches and essentially lacking 

for NERCs, and applicability domains of existing models might not accommodate NERCs. 

Transformation products and mixtures are often not considered, neither are certain 

compound groups, such as ionizable chemicals, polymers and UVCBs, very few species have 

been targeted, and uncertainties are difficult to quantify and include in an evaluation and 

interpretation of results. In addition, practical challenges exist in merging different types of 

models and approaches which might not be compatible a priori. The actual evaluation of EWS 

results, including the development of a scoring system, also poses a great challenge with 

regard to the definition of critical warning levels. Depending on the context, these might also 

vary, potentially requiring some flexibility, for example in weighting of evidence. Finally, the 

https://www.zotero.org/google-docs/?W99Clb
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system has to be built on a computational platform that can be maintained and implemented, 

still being user friendly and open access. In summary, building an EWS with a strong 

computational component is timely and would provide a major step towards an early 

recognition and consequently, better assessment of chemical risks. 
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