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Abstract

The assessment of humans indirectly exposed to chemicals via the environment (HVE) is an assessment element of the Registration,
Evaluation, Authorisation, and Restriction of Chemicals (REACH) regulation. The European Union System for the Evaluation of
Substances (EUSES) is the default screening tool, aimed at prioritizing chemicals for further refinement/higher tier assessment. This re-
view summarizes the approach used in EUSES, evaluates the state of the science in human exposure modeling via the environment,
and identifies areas for further research to strengthen the confidence and applicability of EUSES for assessing HvE. It confirms that
EUSES v2.2 does serve as a conservative screening tool for identifying potential human risk due to HvE (via consumption of crops, meat
and milk, fish, drinking water, and inhalation). However, certain submodels within EUSES have not been updated for at least two deca-
des. For example, for highly soluble or highly hydrophobic or ionized organic substances, substance parameters are estimated based on
outdated predictive models. We recommend to also update the REACH Technical Guidance to highlight possible refinements in HvE
assessments as well as the integration of measured and (bio)monitoring data. Addressing limitations in the EUSES applicability domain,
particularly for highly soluble and highly hydrophobic organic substances and ionized organics, would improve its applicability. We
identified that some HvE submodels in EUSES could be readily updated to improve screening-level assessment in EUSES. In addition,
updating the EUSES “food basket” using recent European Union food consumption data is crucial to accurately reflect recent dietary
trends. Further research is required for prediction of leaf crop and drinking water exposure to better reflect the fate of chemicals in the
environment. In particular for ionizable substances, research focused on QSAR (Quantitative Structure Acitivity Relationship) develop-
ment and experimental measurement of fate properties is necessary to enhance the confidence of EUSES assessments.
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The HVE is calculated by considering intake via air, water, and
food. The concentration of a substance in food is estimated from
the concentration in water (surface water or groundwater), soil,
and air considering the bioconcentration or bioaccumulation be-
havior of the substance (see Figure 1). In the context of REACH,
the European Union System for the Evaluation of Substances

Introduction

Indirect and unintentional exposure of humans to chemicals via
the environment (HVE) may occur via various pathways, including
the consumption of food (meat, fish, crops, and dairy products)
and drinking water when considering the oral route, and via inha-
lation of air. Under the REACH Regulation ([EC] No 1907/2006), the

assessment of HVE is required in case a chemical presents sys-
temic hazard for long-term effects and if the tonnage is > 1,000
tonnes per year or if the tonnage is > 100 tonnes per year and the
substance is classified as single target organ toxicity repeated ex-
posure category 1, as a carcinogen or mutagen (any category), or
as toxic to reproduction (categories 1A or 1B; ECHA, 2016).

(EUSES) is the default tool for assessing HVE (ECHA, 2016); EUSES
is also available within the Chesar (CHEmical Safety Assessment
and Reporting) Platform. The EUSES tool is generally considered
to be applicable for the purposes of enabling a screening-level
risk assessment, because model assumptions are intended to re-
flect a reasonable worst-case scenario. The objective is to
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Figure 1. Indirect exposure routes for humans through the environment.
Solid lines indicate (bio)transfer, broken lines indicate human intake
(Source: European Chemicals Agency, http://echa.europa.eu/

[ECHA, 2016]).

eliminate large numbers of chemicals for which safe use can be
demonstrated based on conservative assumptions.

Nevertheless, there are several HVE submodels in EUSES that
have not been updated for many years, and more recent empiri-
cal data suggest that various model default values and assump-
tions may be inaccurate (Haug et al., 2017). Therefore, HVE in
EUSES insufficiently represents the current state of the science.
Moreover, the EUSES model is mainly applicable to neutral non-
ionizable organics within only a narrow log Kow (n-octanol/water
partition coefficient) range (Franco et al., 2011a). There is thus an
opportunity and need to consider adopting a number of updates
to EUSES that would broaden the applicability domain and
strengthen the tool in its ability to ensure that it is an appropriate
screening tool for chemicals. Alternatively, there are currently a
variety of screening and higher-tier models that may provide
complementary support to EUSES, which include Risk
Assessment, Identification, And Ranking (RAIDAR; Arnot &
Mackay,  2008), PROduction-To-Exposure-High-Throughput
(PROTEX-HT; Li et al, 2021), CalTOX (Mckone, 1993), ACC-
HUMAN (Czub & McLachlan, 2004), and USETox (Rosenbaum
et al,, 2011). The European Chemicals Agency (ECHA) has identi-
fied improvement of the assessment of HVE as a key research
area in its June 2024 Key Areas of Regulatory Challenge report
(ECHA, 2024).

Given the advances in the area of environmental fate and ex-
posure modeling over the last two decades, including the devel-
opment and application of alternative modeling tools, the
objectives of this review are first, to summarize and characterize
the HVE modeling approach currently used within the EUSES ver-
sion 2.2; and second, to reflect on the state of the science of HvE
screening assessment, particularly applicability domain and the
extent of predictivity/conservatism associated with the various
tools and models. Finally, we identify research and regulatory
update needs to strengthen overall confidence in the application
of EUSES when assessing the risks of chemicals in the context of
HvVE. The submodels considered in this review are identified as
the critical components of conducting a HVE assessment.
Overall, the purpose of this review is to identify options for
expanding the applicability domains, particularly for ionizable
chemicals, and for improving the degree of realism of the predic-
tions based on new scientific developments. Although some
chemicals on the regulatory agenda may be covered by an ex-
panded applicability domain, others may not.

Current screening HVE modeling in EUSES

This section discusses how chemical exposure in the context of
HVE exposure is assessed under the REACH regulation. The HVE
assessment in EUSES can be considered for both the local scale
(representing the point source impact of a standardized indus-
trial site or wide dispersive public use in an urban area) and the
regional scale (representing the diffuse source impact of all uses
of a substance over the entire life cycle, e.g., of a standardized en-
vironment like a small European Union [EU] member state). The
three main steps required to conduct a realistic worst-case HVE
assessment are (1) emission scenario and environmental release
estimation, (2) environmental fate modeling; and (3) characteri-
zation and quantification of the accumulation of a chemical in
the food web and subsequent human intake. Characterizing the
environmental release of a chemical represents the first step in
assessing environmental exposure under the REACH regulation,
which is required for all hazardous substances manufactured or
imported at an annual quantity of equal to or exceeding 10 tons.
Emissions into the environment for HvE are expressed as release
rates in kilograms per year and usually tonnage-based or
consumption-based (e.g., per capita). The emission estimate is
one of the main input parameters influencing the derivation of a
predicted environmental concentration (PEC) in water, air, and
soil, which thus subsequently influences the estimates of con-
centrations in food, drinking water, and outdoor air. Under
REACH, a tiered approach is typically advocated starting with
semiquantitative conservative default emission values (e.g., envi-
ronmental release categories (ECHA, 2016), whereas more refined
sector-specific estimations can be carried out using specific envi-
ronmental release categories (Reihlen et al, 2015) or the
Organisation for Economic Co-operation and Development emis-
sion scenario documents.

The derivation of concentrations in the various environmental
media that might influence human exposure is based on the use
of standardized environmental fate and human intake models,
which are used to calculate environmental exposure and indirect
exposure to humans. Exposure via inhalation, for instance, is
based on estimates of the steady-state concentration in air,
which is obtained from the environmental fate model used in
EUSES. Exposure via drinking water, on the other hand, is derived
from the worst-case concentration of a chemical in either
groundwater or surface water. In EUSES, the groundwater con-
centration is influenced by the emission scenario, whereby
groundwater has the potential to be contaminated as a result of
emission to soils via sludge from a municipal sewage treatment
plant to agricultural soil, or as a result of atmospheric deposition.
There is a conservative assumption that leaching from the soil
surface to groundwater is represented by the pore water concen-
tration of the top soil layer. It does not include a further assess-
ment of the fate of a chemical as it moves through various
unsaturated soil layers to the saturated groundwater layer, typi-
cally found at greater soil depths. Surface water concentrations
can be influenced either through direct emissions of the chemi-
cal into freshwater systems or indirectly, e.g., as a result of runoff
from soils.

Assessing concentrations in food products, including fish, leaf
crops (including cereals and fruit), root crops, meat, and dairy
products, requires knowledge of the bioconcentration factor
(BCF) or biotransfer factor (BTF). The BCF or BTF is defined as the
external exposure (as a concentration or a dose) divided by the
internal concentration in the organisms and imply a steady-state
situation, in which the exposure period is assumed to be long
enough to reach a steady state. Although BCF or BTF values can
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be estimated, the use of reliable (and relevant) experimental
BCFs/BTFs is typically preferred over estimated factors. In EUSES,
a generic “food basket” is defined that describes the worst-case
quantities of different food types that are consumed (ECHA,
2016). Additional conservatism is built in at the local scale,
whereby populations are assumed to consume 100% of their food
obtained from the immediate vicinity of a local point source. By
contrast, the regional assessment represents an averaged expo-
sure situation without direct impact of point sources.

Given the various conservative assumptions used to estimate
exposure, mentioned above, the results of an HVE assessment
should be seen as screening and helping to guide decision-
making instead of being considered as an accurate characteriza-
tion of human exposure in the EU. It is a first step in a tiered
approach that is based on conservative and/or worst-case sce-
nario assumptions, which should then gradually be refined,
aimed at reducing uncertainty associated with the most sensitive
input parameters at higher tiers. In practice, however, guidance
is lacking on how to either refine EUSES calculations or when to
consider the application of more advanced site-specific, time de-
pendent, and/or higher-tier models (e.g., Haug et al., 2017). There
is a need to extend the ECHA R.16 guidance (ECHA, 2016) to high-
light the level of conservatism in an HVE assessment to clarify
which refinements are needed for the purpose of risk assessment
(in the context of REACH registration purposes) versus impact as-
sessment (for nonthreshold substances in the context of REACH
authorization [or restriction] processes). In addition, addressing
uncertainty is, in practice, still insufficiently done (Verdonck
et al., 2007) despite the availability of the specific ECHA guidance
on uncertainty analysis (ECHA, 2012) and in contrast to the
European Food Safety Authority (EFSA, 2018), which imple-
mented its guidance on uncertainty analysis in general scientific
areas from 2018 and regulated product areas to phase in over the
following years. For risk assessment purposes in the REACH reg-
istration process, reasonable worst-case estimates are typically
needed for the chemical safety report. For impact assessment in
the REACH authorization or restriction process, more realistic
(average) assessment is needed where required to demonstrate
that the (average) social and economic benefits of continuing to
use the substances outweighs the associated (average) impact to
human health and the environment. Higher-tier tools such as
MERLIN-EXPO (Ciffroy et al., 2016), INTEGRA (Sarigiannis et al.,
2016), and SHEDS-HT (Isaacs et al., 2014) contain probabilistic as-
sessment and account for both central tendency and worst-case
exposure. Equally, screening tools like EUSES would benefit from
such functionality to simulate an average as well as reasonable
worst-case scenario.

State of the science of HVE assessment
and tools

Since the development of EUSES 1.0 in 1996 and subsequent
updates, there have been a variety of new tools and (sub)models
that have been developed and applied to address aspects of HVE,
both for screening and higher-tier purposes.

To conduct this review, a literature search was performed
across multiple scientific databases, including PubMed, Scopus,
and Web of Science, to identify relevant studies published be-
tween 1996 and 2023. Keywords and search terms included com-
binations of “human exposure modelling,” “EUSES,”
“bicaccumulation,” “bioconcentration,” “Plant uptake,” “TSCEF,”
“Root uptake,” and “ionisable organics.” Additionally, references
within the identified studies and tool manuals were cross-

checked to capture any studies that may not have been retrieved
through the initial database search. Inclusion criteria were de-
fined to focus on peer-reviewed articles, reviews, and regulatory
reports that specifically address the HvE modeling approach.
Studies that evaluated the applicability, limitations, or updates
required for EUSES submodels were prioritized.

Relevant data were extracted from each selected study, in-
cluding information on model assumptions, default values, ap-
plicability domains, and predictive capabilities of HVE
submodels. The data extraction process involved categorizing in-
formation based on different exposure pathways (e.g., air, water,
food) and types of chemicals (e.g., neutral organics, ionizable
substances). The extracted data were then synthesized to provide
an overview of the current state of HvE assessment within
EUSES, highlighting areas where updates and improvements are
necessary (See online supplementary material Appendix).

Table 1 provides an overview of the exposure pathways that
have been addressed and the screening and higher-tier tool mod-
els that are available. Specific examples include the screening
level RAIDAR model (Arnot & Mackay, 2008), based on the fugac-
ity concept and which estimates the fate and exposure of chemi-
cals within the lipid and water fraction of each food, with
considerations to also address partitioning to the nonlipid or-
ganic matter (such as proteins in animals and carbohydrates and
cellulose in plants). The PROTEX-HT model is a time-variant, pro-
cess-based (mechanistic), integrative model that includes the ca-
pability to assess the fate and exposure of a chemical from
production to dose in the human body and represents a higher-
tier version of the RAIDAR model (L. Li et al., 2021). Other exam-
ples of HVE models include USETox (Rosenbaum et al., 2011),
MERLIN-Expo (Ciffroy et al., 2016), INTEGRA (Sarigiannis et al,,
2016), CalTOX (Mckone, 1993), ACC-Human (Czub & McLachlan,
2004), and CSOIL (Bontje et al., 2005; Table 1). Typically, higher-
tier tools introduce more granularity in the exposure pathways,
such as in time and space, and include options to consider addi-
tional exposure pathways (CONCAWE, 2017; Shin et al., 2015).

The applicability domain of the various HvE models, including
those in EUSES, for the different exposure pathways, along with
considerations towards their relevance and reliability in the con-
text of screening-level and higher-tier assessments, are discussed
below. A split was made between (1) leafy (including cereals and
fruit) and root crops, 2) meat and milk (including dairy) products,
(3) fish, (4) air/inhalation, (5) drinking water, and (6) potential ad-
ditional routes of exposure (see Table 1). Food consumption and
use of monitoring data are discussed in two subsequent sections,
respectively.

Exposure from crops
Conceptual approach

Plant products form a major fraction of the food products con-
sumed by humans and livestock such as cattle. In EUSES, a dis-
tinction is made between root or tuberous plants and leaf crops
(including cereals and fruit). In contrast, uptake in fruit and cere-
als is not considered separately from leaf crops in EUSES, which
can lead to overestimation of the leaf crop intake, as the pre-
dicted environmental concentration (PEC) of chemicals in fruits
would typically be lower than those estimated for leafy crops
(Legind & Trapp, 2009). Consequently, it may be appropriate to
consider a separate exposure pathway for fruit, cereals/grasses,
and pulses/oilseeds as part of an improved approach.

The exposure of plants includes uptake from soil as well as
uptake from air. Uptake from soil is, in general, a passive process
governed by the transpiration stream of the plant (in the case of
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accumulation in leaves) or physical sorption (in the case of roots).
Uptake into the leaves from the gaseous phase can also be
viewed as a passive process, in which the leaf components (air,
water, lipids) equilibrate with the air concentration. Kow (the
octanol water partition coefficient) and Kaw (the air-water parti-
tion coefficient) are used to assess distribution between the air
and the plant phases.

Applicability domain and reliability

In general, the models currently applied in EUSES to estimate
concentrations in leafy crops are best suited for neutral nonpolar
organic chemicals. The tool selects the highest transpiration
stream concentration factor (TSCF) based on the formulas of
Briggs et al. (1982) and Hsu et al. (1990), which are calibrated for
chemicals with partition coefficient ranges between log Kow
-0.57 and 4.6, and between log Kow 0.96 and 5.3, respectively. For
chemicals outside this applicability range, as well as for polar
and ionizable organic chemicals, the relative confidence in leaf
PECs needs to be acknowledged as being low. Ionized and/or inor-
ganic substances are currently dependent on the availability of
measured concentrations in food items to reliably determine BCF
or biotransfer factor BTF. However, measured TSCF and BCF
were also found to be highly variable between studies, depending
on respective experimental setup and conditions (Legind et al.,
2011; Krause et al., 2022; Lamshoeft et al., 2018; McKone &
Maddalena, 2007). Therefore, there is a need to standardize
methods, protocols, and quality criteria to improve the reliability
of measured TSCF or BCF in different food items.

Prediction of concentrations in roots is currently based in
EUSES on equilibrium partitioning, which has been found to pro-
vide good results in case of thin roots or less lipophilic com-
pounds (log Kow < 2; Bontje et al., 2005; Legind & Trapp, 2009;
Trapp, 2002), but often overestimate the concentration of lipo-
philic compounds by several orders of magnitude in thicker
roots, such as carrots (Hughes & Mackay, 2011; Prosser
etal., 2014).

Finally, EUSES does not consider particle-bound transport,
which could facilitate the atmospheric deposition of particles to
various food crops and subsequent foliar uptake by plants or de-
position on soil and subsequent resuspension (Trapp &
Schwartz, 2000; Trapp & Matthies, 1995). However, primary
examples of this in the literature are for legacy chemicals or
chemicals that would already undergo restrictions or regulatory
actions under REACH. The potential for an underestimation of
the uptake of chemicals that are transported via sorption to soil
is demonstrated, for instance, for PCB uptake by lettuce (Trapp
et al,, 1999; Li et al, 1994). Another example is where uptake
occurs via particles in the air, such as for benzo[a|pyrene gas ex-
change and particle deposition (JECFA, 1991; Phillips, 1999) and
for polychlorinated dibenzo-p-dioxins, where uptake from air has
been shown to be the dominant uptake pathway (Schuhmacher
et al.,, 2006). Collins et al. (2006) summarize studies that demon-
strate the relative importance of dry deposition and uptake for
polycyclic aromatic hydrocarbons and polychlorinated dibenzo-
p-dioxins, substances with log Koa>9-11. Wet deposition is
thought to be the dominant deposition mechanism for substan-
ces with log Kaw < -6 but is generally not considered as an impor-
tant route for leaf uptake. Collins et al. (2006) further summarize
additional potentially significant processes such as plant metab-
olism and photolytic degradation on plant surfaces.
Volatilization from the foliage is also a possible pathway via
which chemicals can be removed from the plant, mainly for sub-
stances with a high water solubility and vapor pressure.

State of the science

Since the last update of the Technical Guidance Document on
risk assessment (European Commission, 2003) and EUSES, sev-
eral notable advances in scientific understanding and model ca-
pability have been made. For instance, the current model of
Trapp & Matthies (1995; which uses the formulas developed by
Briggs and Hsu to calculate the TSCF, the highest of both being
used to estimate the concentrations in leaves), used in EUSES to
estimate leaf and root concentration, has been significantly re-
fined, as detailed below. New regression models for the TSCF and
adjustments to assumptions have been introduced. An overview
of the major studies on plant uptake and distribution with
reported information on reliability and applicability is provided
in online supplementary material Appendix. Briefly, Dettenmaier
et al. (2009) derived a relationship between TSCF and log Kow
based on measurements of organic chemicals with log Kow from
-0.8 to 5, thereby covering the full range of the current models of
Briggs et al. (1982) and Hsu et al. (1990). Although none of the
currently available models gives accurate results for hydrophobic
compounds with log Kow > 5, it should be noted that uptake via
xylem and phloem for these hydrophobic chemicals is likely to
be negligible and therefore may not represent a significant source
of uncertainty in model results (Trapp et al., 2003). Deposition
onto foliage, on the other hand, may be more important for this
type of substances.

For roots, the dynamic flux approach developed by Trapp
(2002) also takes into account growth dilution, resulting in a
more accurate estimation of the concentration in the core of the
root. In addition, biodegradation in plants, which is an important
dissipation process of chemicals from plants, could be considered
in a higher-tier approach (Hurtado et al., 2016).

Whereas the original models used in EUSES were parameter-
ized based on an understanding of the environmental fate and
behavior of predominantly neutral nonpolar organic chemicals,
there have been some promising developments in the handling
of polar and ionizable organic chemicals. Schriever and
Lamshoeft (2020), for instance, have developed and applied a
model that corrects Kow based on the application of the
Henderson-Hasselbach equation and results in the derivation of
the pH-corrected log distribution coefficient or log D, thereby en-
abling capability to model the uptake of ionizable organic chemi-
cals by plants. It would be valuable to consider and compare the
model performance between organic acids and bases. Log D mod-
els are likely to demonstrate better performance for organic
acids, but they may be less accurate for bases. The reason lies in
the sorption interactions experienced by organic cationic chemi-
cals, which are not addressed by nonspecific van der Waals inter-
actions. In particular, cations will encounter additional
electronic interactions due to the prevalence of negatively
charged surfaces in the environment, whereas acids will predom-
inantly be influenced by the nonspecific interactions described
by Kow. As a result, Log D is expected to work well for acids but
may exhibit reduced accuracy for bases in exposure
assessments.

Although plant models require input of plant-specific parame-
ters and assumptions on the specific environmental compart-
ment, generic, and often arbitrary values are used, which can
have a major effect on the outcome of the model (Collins et al.,
2006; European Commission, 2003). Apart from an evaluation of
these default values for future improvement of the models, a
higher-tier refinement option could be used to introduce oppor-
tunities for flexibility in input parameters and/or the adoption of
specific algorithms where data are available and the respective
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approach is identified as a relevant and reliable alternative. This
would enable opportunities to account for plant-specific data, in-
cluding soil particle resuspension and deposition from air, as rel-
evant for hydrophobic organic chemicals (Trapp, 2015; Trapp &
Schwartz, 2000), plant mass, differences in transpiration rates,
surface area, etc. (Rein et al., 2011).

Overall, van de Meent et al. (2014) recommend including the
model of Dettenmaier et al. (2009) for log Kow -0.8 to 5 in EUSES
as well as the dynamic root crop dilution model of Trapp (2002)
and Legind and Trapp (2009) as discussed by Franco et al.
(2011a). For ionizable compounds, the model of Schriever and
Lamshoeft (2020) for leafy crops could be included. Further re-
search to improve EUSES as a screening model should be oriented
towards an improved leafy crop model for very lipophilic sub-
stances with log Kow > 5 and a leafy crop model to consider aerial
particle bound deposition of particles on crop cover and subse-
quent foliar uptake by plants or soil resuspension.

Meat, milk, and dairy product exposure

Conceptual approach

In EUSES, the BCF or BTF is used to characterize the uptake of
chemicals from the environment to cattle. Cattle are exposed to
chemicals via the ingestion of grass fodder, drinking water, soil
particles deposited on grass, and via inhalation. Cattle are used
as a surrogate for meat ingestion because other meat sources,
such as pork and chicken, are not explicitly considered. All dairy
products in EUSES are also combined in the “milk and dairy
products” category. Milk, however, contains less fat than cheese
and butter, and thus, the exposure in cheese and butter may be
underestimated, largely because fat has the tendency to accu-
mulate lipophilic compounds. Because the relative differences in
fat content of milk, cheese, and butter are not captured in re-
spective exposure calculations, these foodstuffs may not be well
predicted, depending on the relative consumption of these food
product categories. A future solution might be to consider the ex-
posure to milk fat instead of exposure to milk and dairy (Bontje
et al., 2005). This would better cover both lipophilic and water-
soluble compounds.

Applicability domain and reliability

The transfer from feedstuff to meat and dairy products is
obtained by means of the BCF or BTF factors, which are calcu-
lated in EUSES from Kow as described by Travis and Arms (1988).
The BTF calculation for meat is derived from data on 36 organic
compounds, with a log Koy range of 1.34-6.89. The BTF calcula-
tion for milk was derived from data on 28 organic compounds,
with a log Kow range of 2.81-6.5. For substances with higher val-
ues of log Kow, the BTFs may be greatly overestimated, whereas
for substances with relatively low log Kow (< 1), BTFs may be
underpredicted (Birak et al., 2001). In Arnot et al. (2010), RAIDAR
cow/grass BTF factors are reported within one order of magni-
tude of the monitoring data for hexachlorobenzene (HCB) and
PCB-153. EUSES BTFs are within one order of magnitude of the
monitoring data for PCB-153, whereas HCB is underestimated by
a factor of approximately 30.

State of the science

Despite concerns about the accuracy of the Travis & Arms (1988)
regressions, a refined regression analysis did not lead to more ac-
curate results (Birak et al., 2001; Legind & Trapp, 2009). Instead,
Dowdy et al. (1996) developed a QSAR BTF model based on a mo-
lecular connectivity index, which improved the regression fit for
milk (from r? = 0.55 to r> = 0.89) and for meat (from r? = 0.66 to r’
= 0.90; Dowdy et al., 1996), whereas the range of the applicability

domain remained the same as in Travis and Arms (1988). The
BTF equations could also be replaced by a mechanistic steady-
state model for bioaccumulation in cattle, such as the OSIRIS
model by Franco et al. (2011a), which is based on McLachlan
(1994). From this mechanistic model, concentrations in beef and
milk are calculated with a default parameterization based on
standard EUSES input. Metabolic transfer rates can optionally be
used as input. The comparison of the EUSES and OSIRIS models
yielded considerable differences in human exposure via meat
and dairy products (Franco et al., 2011a). The differences were
particularly large for (but by no means limited to) chemicals sub-
ject to biotransformation, which is considered by OSIRIS but not
by EUSES. For example, considering cattle and persistent chemi-
cals, fairly constant (and higher than EUSES) BTFs were predicted
by OSIRIS in the log Kow range of 3-6; with BTF values then drop-
ping at higher Kow (i.e., where EUSES BTFs are at maximum
value). Indeed, the relationship between BTF and Kow in the
OSIRIS model is consistent with experimental observations for
persistent chemicals, whereas the Travis and Arms model is not
(Hendriks et al., 2007; McLachlan, 1994).

In summary, the more reliable model of Dowdy et al. (1996)
could be easily implemented in EUSES to improve reliability of
BTF predictions. As proposed by van de Meent et al. (2014), the
bioaccumulation model for meat and milk would benefit from
updates considering the findings of the OSIRIS project (Franco
et al., 2011a). However, more research is needed to characterize
the applicability domain of the suggested meat and milk BTF
models from OSIRIS and the reliability outside the applicability
domain, i.e., for hydrophilic (log Kow < 2.8) and hydrophobic (log
Kow > 6.5) substances as well as for polar compounds and weak
acids and electrolytes.

Fish exposure
Conceptual approach

Only freshwater fish consumption is considered in the default
screening HVE assessment under REACH. Schwartz et al. (2000)
suggested a distinction could be made between marine and
freshwater fish, and also for highly fatty fish, such as eel
Considering that fish consumption can have a large contribution
in the total human intake, consideration of marine fish could be
justifiable in a higher-tier approach, because freshwater and ma-
rine concentrations can easily differ by minimum one order of
magnitude (Bontje et al., 2005; De Brouwere et al., 2022; Arnot
etal., 2010).

Fish concentration for human intake is calculated in EUSES by
multiplying a BCF with the total PEC water without considering
biotransformation. This approach does not consider some pro-
cesses, such as biotransformation (i.e., loss process) and dietary
fish uptake, and biomagnification along the food chain. The ef-
fect of the contribution of these processes will depend on the
combined properties of the substance. For example, for substan-
ces that undergo fish metabolism, the BCF may be overestimated
and thus overestimate concentration in fish. For substances that
are very persistent and have very high Kow, dietary uptake and
biomagnification may also be relevant. For these types of sub-
stances, dietary uptake may represent an important mechanism
by which hydrophobic organic chemicals accumulate in fish, as
well as biomagnification along the fish food chain (i.e., account-
ing for the consumption of predatory fish; van de Meent
etal., 2014).

Applicability domain and reliability

If measured BCF values are not available, the BCF is calculated
by default in EUSES based on Veith et al. (1979) for log Kow 1-6;
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and a parabolic equation is used for log Koy 6-10 (ECHA, 2016).
The models are valid for chemicals with molecular weight below
700 g/mol, but overestimates BCF values for chemicals with mo-
lecular weight above 700g/mol. Also, this model should not be
used for surface active substances and inorganic compounds, for
which use of measured BCF values is recommended (European
Commission, 2003). Arnot et al. (2010) compared predicted BCFs
in EUSES and bioaccumulation factors (BAFs) in RAIDAR for fish.
The RAIDAR BAFs are greater than the EUSES BCFs when meta-
bolic biotransformation rates are not included as a result of the
RAIDAR model including biomagnification and using a greater
lipid content parameterization; thus, these parameters could be
explored further. It should be noted that this comparison does
not include biotransformation and thus whether EUSES would
underestimate BCF compared with RAIDAR when this process is
included was not evaluated, and biotransformation represents
an important process for substances that undergo metabolism.
Although Arnot et al. (2010) found that EUSES BCFs underesti-
mate measured field BAFs by more than one order of magnitude
for hexachlorocyclohexane and HCB and by two orders of magni-
tude for PCB-153, these examples are for materials that are al-
ready restricted (e.g., Stockholm Convention on persistent
organic pollutants [POPs]) or have very persistent, very bioaccu-
mulative properties (ECHA, 2017), and this finding is not neces-
sarily representative for the majority of the chemicals within the
domain of EUSES.

State of the science

Since the last EUSES update, several alternative fish BCF QSARs
have been developed. For example, Franco et al. (2011a) propose
updated equations to estimate the BCF and biomagnification fac-
tor (BMF) for bioaccumulation of neutral organic chemicals in the
aquatic food chain. Meylan et al. (1999) developed an algorithm
that classifies a substance as either nonionic or ionic, the latter
group including carboxylic acids, sulfonic acids and their salts,
and quaternary N compounds. Log BCF for nonionics is estimated
from Kow, and a series of correction factors, if applicable, with
different equations being applied for log Kow 1.0 to 7.0 and log
Kow > 7.0. The correlation coefficient (r*=0.73 for 694 chemicals)
indicates that the new method is a significantly better fit to exist-
ing data than other methods. Fu et al. (2009) developed a BCF
QSAR for ionizable compounds based on a database with BCFs of
73 acids and 65 bases collected from the literature. As another
example, Petoumenou et al. (2015) reported a correlation coeffi-
cient r* of about 0.5 for a dataset of 148 measured and VEGA
(Benfenati et al., 2013)/BCFBAF (USEPA, 2012)-predicted BCF val-
ues. By taking into account the applicability domain for the
Virtual models for property Evaluation of chemicals within a
Global Architecture (VEGA) QSARs, the r? markedly increased to
>0.77. Lunghini et al. (2019) developed a new BCF QSAR based on
fragment descriptors that showed a similar performance to
VEGA, BCFBAF, the Toxicity Estimation Software Tool (TEST;
Martin et al., 2012), and Open (Quantitative) Structure-activity/
property Relationship App (OPERA); Mansouri et al., 2018) for a
validation set of 204 chemicals but had a much higher coverage
of industrial chemicals (78%) and a broad log BCF range of -1 to 6
(compared to already existing QSAR models).

In summary, several alternative QSARs are available that are
more reliable and cover other chemical groups outside current
applicability domain of EUSES, especially for biomagnifying com-
pounds. van de Meent et al. (2014) proposed to replace the equa-
tions in EUSES for bioaccumulation of neutral organic chemicals
in the aquatic food chain with updated equations to estimate the
BCF and BMF, based on, e.g., Franco et al. (2011a). Although

many improved methods are available and discussed elsewhere
(e.g., Amnot et al., 2010), additional consensus-seeking is needed
to decide on the best overall approach. This is especially signifi-
cant for strongly bioconcentrating/bioaccumulating chemicals
(log Kow > 5) where potential biotransformation can have a great
impact on the predicted fish BCF and associated risks for human
consumption.

Air/inhalation exposure

Conceptual approach

Air concentration in EUSES is estimated using a simplified opera-
tional model for priority substances at a 100-m distance from a
central stack considering standard Dutch weather conditions
(Vermeire et al., 1997). Fugitive emissions are not explicitly con-
sidered. In contrast to PROTEX/INTEGRA (Table 1), no differentia-
tion in indoor and outdoor concentrations is made in EUSES for
reasons of simplicity.

Applicability domain and reliability

There is limited information in the scientific literature. In Arnot
et al. (2010), the human intake fractions calculated by RAIDAR
and EUSES are compared considering four emission scenarios for
selected POPs (hexachlorocyclohexane, hexachlorobenzene, and
hexachlorobiphenyl) and petrochemicals. The greatest differen-
ces in calculations are for a scenario with emissions to air, with
RAIDAR predicted human intake fractions being about 10-30
times higher. Indeed, RAIDAR predicts concentrations in air that
are approximately five times greater than PECs in EUSES (Arnot
et al., 2010). However, these examples are for materials that are
already restricted because of their properties (e.g., Stockholm
Convention on POPs), and thus may not be representative and
outside the applicability domain for the majority of chemicals.

State of the science

Overall, little development occurred over the previous years in
screening prediction models for concentration in local air. Franco
et al. (2011b) developed a modified version of the multimedia ac-
tivity model for ionics, including two-layered atmosphere, air-
water interface partitioning, intermittent rainfall, and variable
cloud coverage to simulate the atmospheric fate of ten low vola-
tility or ionizable organic chemicals. They highlighted that atmo-
spheric water determines the transport potential of low volatile
organics, and that clouds can store and transport surface active
chemicals (perfluorooctanoic acid). A Gaussian plume model can
be used as a higher-tier model to generate more realistic predic-
tions of local (point-source) air emissions (Ciocal air) COmpared to
predictions by the EUSES model. Still, Gaussian plume models
need additional input parameters on point sources (e.g., stack po-
sition, stack height and diameter, and temperature of gases at
stack orifice).

Drinking water exposure

Conceptual approach

Drinking water exposure is by default obtained in EUSES as either
the predicted groundwater concentration or the predicted sur-
face water concentration, whichever is higher.

For surface water, the following challenges were identified.
First, the derivation of the purification factor in EUSES (the factor
to represent water purification procedures applied to surface wa-
ter before it is used for drinking water) is based on a preliminary
assessment of the removal percentage of organic chemicals by
diverse treatment systems and has not been validated with new
and more recent data (Bontje et al., 2005). Second, the worst-case
scenario, which considers the most contaminated surface water
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at the discharge point as the source for drinking water, can cause
a great overestimation of the exposure through drinking water.
Therefore, further research should improve the estimation of the
purification factor, either through extending the underlying data
set and checking for representativeness under REACH or by using
drinking water treatment models to estimate the removal effi-
ciency of a treatment process for a specific chemical
Additionally, modeling chemical transport in surface water to ac-
curately quantify concentrations at realistic drinking water in-
take input locations rather than at discharge locations on rivers
would also provide a more realistic representation of surface wa-
ters used for drinking water.

The groundwater concentration in EUSES is estimated as the
pore water concentration of the top soil layer. The simplified
modelling approach used in EUSES to derive the PEC in soil
includes emissions from aerial deposition and sludge application,
as well as considerations of various removal processes from soil,
including degradation, volatilization, leaching, and other rele-
vant processes. A key factor influencing the accumulation of a
chemical in the soil compartment is the depth of the soil com-
partment, which has an influence on each of the loss processes.
As the depth of the soil compartment increases or decreases, for
instance, the relative importance of losses due to volatilization,
leaching, and degradation can vary. Indeed, in an evaluation of
EUSES, uncertainty in environmental parameters typically con-
tributes more to overall output uncertainty than uncertainty in
chemical-specific property data (Armitage et al, 2007).
Nevertheless, a standard model environment is used to compare
the relative environmental fate and exposure between different
chemicals at a screening-level assessment: EUSES assumes a
standard soil depth of 20 cm, with default values for volume frac-
tion of solids in soil (0.6) and for fraction of air and moisture in
soil (both 0.2). According to ECHA guidance (ECHA, 2016), the PEC
in groundwater (PECgw) is derived by assuming equivalency to
the soil pore water concentration in agricultural soil, with the
bulk density of wet soil strongly influencing the PECgy. In reality,
the groundwater compartment represents a saturated soil layer
that is typically much greater than 20 cm in depth. Further, vari-
ous environmental factors are known to influence the leaching of
a chemical through the unsaturated soil zone prior to a chemical
reaching groundwater, which could introduce a level of complex-
ity inconsistent with a screening-level approach but may repre-
sent factors to be considered at a higher tier of evaluation
(McKone & Bennett, 2003; Schwarzenbach et al., 2017). This is es-
pecially important given that drinking water is typically
extracted from groundwater wells that are placed in aquifers
that are deep below surface soils. Thus, using topsoil to represent
groundwater concentrations is unrealistic as it does not consider
chemical and fate transport (e.g., advection and dispersion) to re-
alistic groundwater well locations that are well below the soil
surface. Other refinements that affect ground water concentra-
tion, such as rates of sludge application to soil, could also be ex-
plored as parametrization updates.

Additionally, EUSES currently uses the maximum exposure
from either groundwater or surface water, which does not con-
sider the actual contribution of these two routes. Taking into ac-
count the amount of drinking water sourced from ground and
surface water in the EU would provide more realistic estimates
for exposure.

State of the science

For screening purposes, the method used in EUSES to derive
drinking water concentration represents a conservative overesti-
mate of exposure. A screening-level approach should ideally

result in a higher number of false positives than of false nega-
tives, which requires the adoption of a number of conservative
but realistic assumptions. As long as a chemical fits within the
applicability domain of the model parametrization, then the
screening-level assessment should be sufficient to enable a reli-
able risk-based approach for prioritization of chemicals for
higher-tier assessments. In this context, there is growing discus-
sion regarding the potential for chemicals with high persistence
and mobility as having a potential for exposure through drinking
water. Refined modeling approaches are being used to improve
the modeling of chemical fate into drinking water and these
models are more predictive of drinking water exposure than
screening based on a few physical properties alone (Zhang et al.,
2023; Pawlowski et al., 2022; CEFIC LRI, 2023).

Other routes of exposure

In addition to the pathways provided by EUSES (as shown in
Figure 1 and discussed above), various studies have reported ad-
ditional exposure pathways in assessing HVE (See Table 1 for
pathways covered in EUSES and higher-tier models). Depending
on the tool and the tier, a higher granularity is foreseen for leafy
crops, root crops, meat or milk, e.g., for meat, a distinction is
made between poultry, beef, pork, and eggs. The incidental soil
and dust exposure pathway, especially relevant for children, is
currently not included in EUSES except for cattle. However, it is
considered in other screening and higher-tier tools such as
CalTOX, PROTEX-HT, MERLIN-Expo, and INTEGRA. Also, the
CSOIL model includes indirect dermal exposure to dust and soil,
dust inhalation, and showering (Bontje et al., 2005). The dermal
showering exposure route is an indirect pathway via tap water
(note that direct exposure to personal care products, such as
soap, is considered in consumer exposure assessments). Models
like CalTOX and INTEGRA account for dermal uptake from water,
such as through swimming or bathing, which is identified as a
key route for some substances, such as polycyclic aromatic
hydrocarbons (CONCAWE, 2017).

Bontje et al. (2005) assessed the relevance of different expo-
sure pathways by modeling 31 representative compounds with
varying physico-chemical properties (high and low vapor pres-
sure, Kow, ionizable compounds). The most important pathways
contributing to exposure across all simulated compounds were
the following four routes (not in order, as this depends heavily on
emission compartment and physical-chemical properties): air,
root crops, drinking water, and fish, which are all included in
EUSES. Roots, stems, and leaves, as well as meat and milk, were
also important pathways, but less significant than the above
four. In contrast, the exposure routes of soil ingestion, dust inha-
lation, and dermal exposure to dust were found to hardly con-
tribute to the total exposure in this sample of 31 compounds.
Direct soil contact was not very important for exposure to back-
ground concentrations, contrary to local contaminated soil sce-
narios. Also, Zhao et al. (2015) demonstrated that EUSES,
RAIDAR, and ACC-HUMANSsteady all have a good ability to iden-
tify key dietary exposure pathways, which can be used for
screening purposes and an evaluative risk assessment.

Based on the findings of these studies, it can be concluded
that, for many chemicals, additional exposure pathways may not
be necessary in a screening level assessment, as the dominant
exposure pathways are already included in EUSES. However, in
cases where the screening risk characterization ratio for HvE is
close to one, an assessment of additional exposure pathways
may be required to ensure a comprehensive evaluation.
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Food consumption
Conceptual approach

Once food item concentrations (expressed as mg/kg food) have
been calculated, these are further multiplied by food consump-
tion rates (expressed as kg food/day) to calculate human intake
of substances (expressed as mg/kg body weight/day). In EUSES, a
generic food basket is defined that describes the quantities for
different food types that are consumed. The individual food types
and consumption rates are derived from the highest country-
average consumption rate observed across member states, con-
sistent with a conservative exposure estimate of chemicals via
the food basket (ECHA, 2016). Additional conservatism is built in
at the local scale, whereby populations are assumed to consume
100% of their food obtained from the immediate vicinity of a local
point source (e.g., entire fish consumption coming from locally
caught fish at the discharge point).

Applicability domain and reliability

The impact of dietary preferences on human exposure pathways
was demonstrated by Zhao et al. (2015) when comparing a de-
fault Western diet and a Chinese dietary scenario as modeled by
three frequently used tools (EUSES, RAIDAR, and ACC-
HUMANSsteady), indicating that a relatively high consumption of
vegetables and cereals can result in higher exposure via plant-
based foodstuffs. In this context, it is notable that consumption
rates of various food types are highly dynamic, with studies ob-
serving a shift in dietary patterns. For instance, guidelines pub-
lished in many countries recommend consuming lean meat in
moderation, with many recommending limiting the intake of red
and processed meat (Cocking et al., 2020). Therefore, Haug et al.
(2017) and ECHA (2018) have suggested that the generic food bas-
ket used in EUSES (ECHA, 2016) be updated to reflect a more real-
istic scenario, but that it should maintain a reasonable level of
conservatism.

State of the science

Commonly used approaches to calculate human intake of sub-
stances adopt estimates based on distributions of consumption
rates for various food categories, using the upper 95% probability
distribution data, similar to approaches used by the World
Health Organization (WHO, 2006) and the Scientific Committee
on Consumer Safety (SCCS, 2023). Several relevant databases
that contain food consumption data of EU member states are
available: the European Food Safety Authority (EFSA) food con-
sumption database (EFSA, 2022), the European Commission Joint
Research Centre (JRC) ExpoFacts database (JRC ExpoFacts, n.d.;
Zenié & Reina, 2007), and food consumption data in the PRIMo
model (EFSA, 2019).

In addition, the relevance of the assumption that populations
consume 100% of their food from the local vicinity is potentially
insufficient to assess exposure to chemicals when considering
the global import and export of food and beverages (Ng & von
Goetz, 2017). The EUSES model currently assumes that the diet of
humans living in the vicinity of a local industrial site completely
originates from locally grown crops throughout the entire year,
locally produced drinking water, locally grazing cattle, all in the
immediate vicinity of the industrial site (or sewage treatment
plant for widespread uses), and locally caught fish in the surface
water at the discharge point of the local industrial site (ECHA,
2016). A more realistic worst-case representation would be to
consider a mixed diet where during half of the year e.g,, no local
consumption is assumed as crops are typically harvested in par-
ticular seasons and food is bought from grocery stores or

supermarkets (i.e., not locally produced), and for the remaining
part of the year, locally produced food is consumed. This ap-
proach would be more aligned to the secondary poisoning assess-
ment under REACH (ECHA, 2016) in which mixed diet from local
and regional scale is proposed for top predators.

In conclusion, updating the EUSES food basket at both re-
gional and local scales would be needed to reflect current dietary
trends for screening and higher-tier assessments to accurately
reflect current dietary trends. Further, food source at the local
scale should be updated to better reflect a realistic worst-case
scenario aligned with secondary poisoning assessment.

Use of monitoring data

In addition to modeling approaches, the state of the science in-
creasingly recognizes the importance of utilizing monitoring data
as an alternative to screening level or higher-tier assessment. As
both modeling and monitoring data have their advantages and
disadvantages, it is recommended to consider these assessments
in parallel (ECHA, 2016). Monitoring data can be collected at
three levels: (1) in environmental matrices (e.g., water, air, soil,
groundwater, not further elaborated here), (2) in food items
(crops, meat, milk, fish), or (3) in human matrices (e.g,
blood, urine).

Food monitoring data

In the EU, EFSA receives data on the occurrence of chemicals in
food items from various sources and reports the results of food
analyses conducted for different purposes (e.g., surveillance or
targeted analyses at hot spots) reporting threshold exceedances,
although the quantification limits vary (Haug et al., 2017).
Although less relevant for the EU, the HVE model SHEDS-HT
(Isaacs et al.,, 2014) is another example of using large records on
(food) monitoring data in the United States (Zartarian et al,
2008). The model equally emphasizes dietary and nondietary ex-
posure (residential exposure), including exposure via hand-
mouth contact, indoor air exposure, etc. As SHEDS-HT is
intended for probabilistic use only, it cannot be readily simplified
into a deterministic version. Additionally, SHEDS-HT can be cou-
pled with models that estimate exposure via the environment, as
shown in Csiszar et al. (2016). This again supports the consider-
ation of multiple scenarios or a probabilistic approach in EUSES.

Biomonitoring

Use of human biomonitoring data can be considered the gold
standard for integrated exposure assessment and can therefore
be one of the highest tiers of an exposure and risk assessment for
certain substances (Sexton et al., 2004). Alternatively, physiologi-
cally based pharmacokinetic modeling can be used to translate
external dose into internal dose or to back-calculate external
intakes based on human biomonitoring data (Haug et al., 2017).
Human biomonitoring data reflect an integrated, internal expo-
sure over time encompassing various sources and pathways.
Such data have been published under the European Human
Biomonitoring Initiative (HBM4EU) and are available at the
Information Platform for Chemical Monitoring (IPCHEM, 2022).
However, internal exposure does not align with the approach un-
der REACH, where external exposure is compared to “external”
derived no-effect levels. Additionally, adequate collection of bio-
logical specimens representing a given population can be re-
source intensive. Furthermore, human biomonitoring does not
provide information on the relative importance of different
routes and exposure pathways, which can be a significant limita-
tion if distinguishing between consumer exposure and indirect
HVE exposure is essential. Moreover, depending on the chemical
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characteristics, biomonitoring data can have limitations with re-
gard to analytical methods, sampling, metabolism, etc. Hence, if
possible, both intake estimations and human biomonitoring
should be considered in parallel to achieve a more comprehen-
sive understanding. Examples of such combined use of biomoni-
toring and modeling can be found in Wittassek et al. (2011) and
Koch et al. (2013).

Overall, integrating both modeling and monitoring data, in-
cluding biomonitoring, contributes to a more robust and in-
formed assessment of human exposure to chemicals via the
environment.

Identification of chemical category research
and regulatory HVE model update needs

Each submodule within EUSES represents an exposure pathway
or food item, collectively estimating HvE. However, it is impor-
tant to recognize that each submodule, along with its associated
parameters, operates within its specific applicability domain and
exhibits varying degrees of reliability. EUSES, as it stands, is pre-
dominantly suitable for assessing neutral nonionizable organics
within a limited Kow range. EUSES estimations for substances
with Kow values beyond this domain or belonging to other chem-
ical groups require careful consideration, as they may introduce
higher uncertainty and reduce the reliability of model predictions
(Franco et al., 2011a). Consequently, when dealing with such sub-
stances, and especially in cases where the HVE risk characteriza-
tion ratio is close to or above one, additional caution and
potentially more refined modeling approaches may be necessary.

It has been suggested that no single approach will be able to
address all exposure assessments for all types of chemicals, i.e,,
there is no “supermodel” (Trapp & Schwartz, 2000). Identifying a
modular set of alternative “simple” submodels and developing
guidance indicating when each approach is most justified would
represent a potentially effective and efficient approach towards
refining the exposure assessment of HvE. In the context of an
HVE tiered process, a common approach is to focus refinement
efforts on the exposure pathway(s) identified as being the most
contributing (De Brouwere et al., 2022). The significance of the
most contributing exposure pathways can vary based on two pri-
mary factors: (1) the physicochemical properties of the substance
(such as Kow, Koa, vapor pressure, molecular weight, acid-base
dissociation coefficient, pH, etc), and (2) the substance use pat-
terns and exposure scenarios (e.g., emissions to air from an in-
dustrial site releasing dust or volatile compounds or emissions to
water from an industrial site discharging into surface water). In
the subsequent subsections, we explore how different chemical
groups have been reported to interact with various emission sce-
narios and their impact on HvE exposure pathways using various
HVE models such that regulatory and research update needs can
be tailored to a chemical group and exposure pathway combina-
tion. Although dominant HVE exposure pathways are among
those compared, they do not necessarily represent the overall
dominant exposure pathway, as they do not include direct expo-
sure pathways, e.g., exposure during product use (Jolliet et al,,
2015; Csiszar et al., 2016). Additionally, they represent model
results and thus chemical group and emission compartment
combinations to further explore in terms of model updates
and results.

Neutral (particularly volatile organics) and
ionizable chemicals in emission to air scenario
Chemicals can be emitted to air due to volatilization, adsorption
to dust and particulate matter, combustion or aerosolization.

Volatilization is mainly driven by the vapor pressure, Henry’s
constant or the octanol air partition coefficient (Koa). Franco
et al. (2010) demonstrate that most ionizable compounds in the
REACH chemical space are non- or semivolatile.

For most chemicals in emission to air scenarios in USEtox, in-
halation and leafy crops are the important exposure pathways
(Rosenbaum et al., 2011). The relative importance of ingestion
and inhalation can be viewed as a function of Kpa: for log Koa
above 6, ingestion is the dominant route, but below this log Koa
value, substances have a higher inhalation intake fraction
(Rosenbaum et al.,, 2011). Li et al. (2021) equally identified dietary
ingestion and inhalation as important for solvents. Using sensi-
tivity analysis on a EUSES-based model, Bontje et al. (2005) iden-
tified that (neutral) compounds with high vapor pressure and low
solubility will be mainly present in the air, predominantly caus-
ing inhalation exposure (examples in Bontje et al. [2005] are
methanol, tetrahydrothiophene, butylacetate, methyl tert-butyl
ether, methyl ethyl ketone, ethylacetate, and cumene). Only
when the concentrations in the air and surface water compart-
ment are low is there the tendency that root exposure can be sig-
nificant (Bontje et al., 2005). In particular, weak acids (within a
certain Kow range), such as many foliar applied systemic herbi-
cides, tend to have the most favorable properties for leaf uptake,
concentration in the phloem of the target plant and translocation
to the roots (European Centre for Ecotoxicology and Toxicology of
Chemicals; ECETOC, 2013). Kelly et al. (2007) showed that poorly
metabolizable, moderately hydrophobic substances with a log
Kow between 2 and 5, which do not biomagnify in aquatic food
webs, can biomagnify to a high degree in food webs containing
air-breathing animals (including humans) because of their high
Koa and corresponding low rate of respiratory elimination to air.
These low Kow —high Koa chemicals, representing a third of or-
ganic chemicals in commercial use, constitute an unidentified
class of potentially bioaccumulative substances that are not cov-
ered by the existing models. This would suggest that also meat
and milk could potentially be significant exposure pathways in
emission to air scenario.

Regulatory updates in EUSES and research needs in an emis-
sion to air scenario should therefore focus on (1) an increased
Kow applicability domain for air/inhalation and leafy crop expo-
sure pathways for neutral chemicals (and air-breathing animal
biomagnification for particularly volatile organics) and (2) leaf
uptake models for ionizable chemicals.

Neutral nonionizing hydrophilic organics (with
low log Kow) in emission to water scenario

Neutral nonionizing hydrophilic organics are water soluble and
when emitted to the water compartment, partitioning to other
compartments (e.g., air, soil) will not be a dominant removal pro-
cess. As such, when using multimedia HvE fate models, drinking
water is mostly reported as the resulting modeled dominant
route for neutral nonionizing hydrophilic compounds, e.g., glyph-
osate, hydrochlorofluorocarbon-22 as described in Rosenbaum
et al. (2011) for USEtox scenarios with emission to freshwater, or
ethylene glycol, hexachlorobutadiene, ethyl acetoacetate, chlor-
ocresol, and 4-chloro-m-cresol as described in Bontje et al. (2005).
However, as discussed previously, these models could be
updated to include, e.g., more realistic drinking water purifica-
tion removal and fate processes that could substantially alter the
results from these models.

The groundwater estimation approach used in EUSES (20 cm
soil layer with 20% water content) may represent an appropriate
level of conservatism. However, having a more reliable model
could help to better implement a screening level risk-based
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approach, as opposed to using a hazard-based screening ap-
proach for this exposure pathway as discussed in Zhang
etal. (2023).

Further research for neutral nonionizing hydrophilic organics
(with low log Kow) in emission to water scenario should therefore
be oriented towards modeling these compounds and accounting
for their degradability and removal in drinking water treat-
ment systems.

Neutral nonionizing hydrophobic organics (with
high log Kow) in emission to water scenario

Rosenbaum et al. (2011) found that, for USEtox scenarios with
emission to freshwater, substance ingestion is strongly con-
trolled by its n-octanol/water partition coefficient. At high Kow,
there is a set of chemicals for which the dominant ingestion
pathway is dairy products or fish, due to consumption of water
and substance bioconcentration by dairy cows or fish respec-
tively (such as PCB-77 (3,3,4,4-tetrachloro-biphenyl), tetrachloro-
dibenzodioxin, and azocyclotin). Bontje et al. (2005) similarly
concluded, based on model simulations, that a higher Kow and
lower solubility imply more substance exposure through fish,
roots, meat, and milk (examples are dodecylbenzene, acrylalde-
hyde, and ivermectin). A combination of high Kow and a higher
molecular weight potentially leads to even higher soil concentra-
tions, which means increased exposure through root, meat, and
milk ingestion (Bontje et al., 2005; examples are chloro-alkanene,
bis-pentabromophenylether, pentabromodiphenylether).

Further research for neutral nonionizing hydrophobic organ-
ics (with high log Kow) in emission to water scenario should be
oriented towards identified improvements above for fish, roots,
meat, and milk and taking into account higher tier bioaccumula-
tion models that incorporate metabolism and biotransformation
to ensure more realistic scenarios.

Ionizable compounds

The usual pH in surface waters is between 6 and 8. Thus, a sub-
stance is considered as ionizable in the environment if it com-
prises an acid pKa <7 or a basic pKa >7 at a natural pH range (~6
to ~8), meaning it will at least be partly ionized in that pH range.
The Kow of the analyzed ionizable chemicals registered under
REACH (Franco et al.,, 2010) varies over more than 10 orders of
magnitude with the most frequent log Kow values ranging be-
tween 0 and 4, and there is a high occurrence of hydrophilic
chemicals. Examples include cationic triethanolamine, anionics
cyclohexylamine, methacrylic acid, ibuprofen, and zwitterionic
oxytetracycline. The substances that are mostly ionized at pH 7
are frequently polar in the neutral form, but lipophilic ionics oc-
cur as well. Long lipophilic structures with a polar ionizable head
(e.g., surfactants) fall into this category.

ECETOC (2013) characterized the equilibrium chemical space
for ionizable organic compounds using modeling and assessed
how the partitioning behavior of chemicals might change as a
function of pH, pK, and their partition coefficients. The behavior
of acids and bases differ from each other, with the suggestion
that the sorption of ionized bases (i.e., cationics such as methy-
lene dianiline) being significantly greater than that of the ionized
acids (i.e., anionics such as methacrylic acid). They also sug-
gested that cationic materials with relatively low log Koy values
may partition to a relatively significant extent, and thus sorption
to solids can be an important fate process, whereas ionized acids
even with relatively high log Kow values may show limited parti-
tioning to solids. It could also be derived that a higher pK, (at
high log Kow) will lead to more sorption compared with
lower pKa,.

The identification of the predominant pathways and their as-
sociated regulatory update and research needs are very similar
to those of neutral organics as set out in the above three subsec-
tions with the main difference that the log Kow cut-offs are dif-
ferent: Ionizing anionics are still hydrophilic at higher log Kow
and ionizing cationics are still hydrophobic at lower log Kow.
Further research for ionizable and inorganic substances should
specifically be oriented towards QSAR development and/or proto-
cols or quality criteria to measure TSCF or BCF for leafy crops,
root crops, meat and milk.

Conclusion

This review highlights that EUSES serves as a HvE screening tool
and a conservative first step in a tiered approach but requires re-
finement to reduce uncertainties at higher tiers. However, the
HVE assessment in EUSES insufficiently represents the current
state of the science and is mainly applicable to neutral nonioniz-
able organic substances within only a narrow log Kow range.
Expanding the applicability domain of the EUSES HVE submodels
and reliability of the existing exposure pathways can provide a
tool that can be used to prioritize for higher-tier assessments not
only for nonionized organic substances and within a limited Kow
range but also for some organic substances outside the original
applicability domains and for ionized organics. Several new mod-
els, such as those for predicting concentrations in crops, fish,
meat, milk, and dairy products, could be readily integrated to im-
prove screening-level assessments in EUSES. However, updates
should demonstrate the new models' enhancements to EUSES,
especially for substances outside the applicability domain, and
additional consensus seeking is necessary to determine the best
overall approach.

Updating the EUSES food basket using recent EU food con-
sumption data at both regional and local scales is crucial to accu-
rately reflect recent dietary trends. Likewise, updating the food
source at the local scale to represent a realistic worst-case sce-
nario is critical, particularly for nonthreshold impact assess-
ments under REACH.

Improvements to the ECHA guidance are recommended to
better highlight the level of conservatism, the possible refine-
ments in HVE assessments, including the possible integration of
higher-tier data, such as chemical property data, monitored envi-
ronmental  concentrations, and (bio)monitoring  data.
Additionally, providing a comprehensive list of available screen-
ing and higher-tier HVE exposure models and their associated ap-
plicability domains and limitations, as part of a tiered HVE
approach, is crucial for enhancing the HvE assessment process.
Risk assessment in REACH registrations demands reasonable
worst-case estimates, whereas impact assessment in REACH au-
thorization and restriction requires more realistic evaluations, so
the level of conservatism depends on the purpose of the assess-
ment. Introducing a functionality to simulate average and rea-
sonable worst-case predictions would enhance the utility
of EUSES.

Other improvements identified in the scientific literature are
not directly implementable in EUSES and require further re-
search. This includes an improved leafy crop model for very lipo-
philic substances with log Kow>5. Also, leaf crop exposure
(relevant for emission to air scenarios) needs to consider aerial
deposition of particles on crop cover and subsequent foliar up-
take by plants or soil resuspension. For drinking water, updates
to models could focus on methods to estimate degradability and
removal in drinking water treatment systems, accounting for
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transport to drinking water intake locations, the assumptions in
the soil pore water concentration calculations, accounting for
transport to groundwater wells well below surface soils, and ac-
counting for the relative amount of drinking water from both
ground and surface water sources would help to better identify
more realistic exposures.

Further research for ionizable substances should specifically
be oriented towards QSAR development for chemical properties
and/or protocols or quality criteria to measure TSCF or BCF for
leafy crops, root crops, meat and milk.

Currently, workarounds are needed to deal with the short-
coming of the existing EUSES tool. Applying the workarounds
and explaining them to stakeholders takes time. Hence, avoiding
workarounds through an updated risk assessment guidance and
tool will provide opportunities for a more efficient risk-based pro-
cess of managing the use of chemicals.

The table in online supplementary material Appendix can be
consulted to infer the impact of the proposed HvE updates on
risk assessment outcomes. However, case studies to explore the
impact of the proposed updates are beyond the scope of this
work. The objective of this review was to identify options for
expanding applicability domains and improving the degree of re-
alism of HVE assessments, based on new scientific developments.
Many of the suggestions for updating EUSES are aligned with this
objective and aim to make the tool more reliable.

Supplementary material

Supplementary material is available online at Integrated
Environmental Assessment and Management.
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