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Abstract: Pesticide exposure patterns tested in laboratory bioassays often do not match real-world
pesticide exposure profiles in edge-of-field waterbodies. Toxicokinetic–toxicodynamic (TKTD) mod-
els are therefore increasingly used, as they allow for predictions of the toxic effects under actual
time-variable field exposures. The TKTD models from the General Unified Threshold models of
Survival (GUTS), for example, are considered ready for use by regulators for calculating the survival
rates for any time-variable exposure profile. However, questions remain regarding their predictive
power for compounds showing increased toxicity over time, such as neonicotinoid insecticides.
The aim of the present study was therefore to compare the GUTS-predicted 28 d toxicity values of
three neonicotinoids (imidacloprid, clothianidin, and thiamethoxam) for the common New Zealand
mayfly genus Deleatidium spp. with those observed in a previously published study. Overall, the
GUTS modeling results underestimated the toxicity values derived experimentally. From the three
neonicotinoids, clothianidin showed the best fit between the estimated and observed 28 d LC50

(median-lethal-concentration) values. Shortcomings of the modeling exercise, future research needs,
and implications for the application of GUTS models in regulatory risk assessment are discussed.

Keywords: aquatic ecotoxicology; macroinvertebrates; mayflies; neonicotinoid insecticides; time-variable
exposure; toxicokinetic–toxicodynamic modeling

1. Introduction

The growing world population and related megatrends, such as urbanization and
the growing global middle class, have increased the food demand over the past decades.
This has been accompanied by an increasing need to intensify agricultural production and,
hence, the production and use of fertilizers and pesticides [1]. Combined global sales of
fertilizers and pesticides are still growing over 3.1% per year and are foreseen to reach USD
290 billion by 2030 [2].

Unlike most industrial chemicals, pesticides are deliberately released into the envi-
ronment to exert their desired functions, which implies that they may provoke risks to
the environment and human health [1]. Pesticides used for crop protection in agriculture,
which are generally referred to as plant protection products, may enter irrigation canals,
drainage ditches, ponds, lakes, and rivers in numerous ways, such as by direct overspray,
spray drift, leaching to surface and groundwater, runoff from land, and/or accidental
spills [3,4]. To protect sensitive freshwater ecosystems from pesticide stress, jurisdictions of
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many countries require a prospective Environmental Risk Assessment (ERA) before the reg-
istration of a pesticide to ensure that its intended use is not foreseen to exert unacceptable
side effects to edge-of-field aquatic ecosystems. If the prospective ERA does not indicate
unacceptable risks, thus allowing the use of the pesticide, a retrospective ERA is conducted
by setting water quality criteria and conducting pesticide-monitoring campaigns [4].

Prospective aquatic ERAs of pesticides confront the predicted environmental concen-
trations (PECs) in edge-of-field waterbodies with the predicted no-effect concentrations
(PNECs). A PNEC is calculated by applying an uncertainty factor to the toxicity values
derived from ecotoxicity tests. Such toxicity tests may range from single-species laboratory
bioassays to large-scale outdoor mesocosm studies [5]. Laboratory bioassays are conducted
with a limited number of standard test species, traditionally the invertebrate Daphnia sp., an
alga, and a fish [4], which are considered as surrogates for other aquatic organisms. The sole
use of the Daphnia sp. as representative of invertebrates, however, was disputed because
D. magna is over two orders of magnitude less sensitive than several macrocrustacean and
insect species (e.g., [6]). Subsequently, the data requirements adopted about a decade ago in
Europe also started to request acute toxicity tests with a second species (besides D. magna),
such as, for example, chironomid larvae or mysid shrimps [7]. Despite efforts to improve
the ERAs of pesticides, a recent report by the United Nations Environmental Program
still identified several gaps in systematic reviews, environmental risk assessments, and
systematic monitoring [1].

Regarding pesticide exposure assessments in prospective ERAs, the PEC is estimated
using computer simulation models like those developed by FOCUS (Forum for the Co-
ordination of Pesticide Fate Models and Their Use), using the pesticide characteristics,
the recommended intended use of pesticides, and a simulated landscape scenario as the
input parameters [8]. As discussed above, pesticides may enter edge-of-field waterbodies
in numerous ways, with spray drift and runoff considered as the two principal entry
routes [3,4]. Pesticide exposure profiles in waterbodies adjacent to agricultural fields
therefore have highly variable dynamics and depend on pesticide application schemes
and entry pathways that, in turn, are influenced by environmental variables [9]. For
example, the main entry routes usually considered to calculate PECs (i.e., runoff and spray
drift) are known to be highly variable depending on the geographical area and, hence,
the agroecosystem characteristics [10–12]. These variable real-world dynamic pesticide
concentrations are not accounted for in laboratory ecotoxicity tests. Instead, such tests
generally evaluate a single-peak, pulsed, or constant-exposure pattern over a standardized
period, which does not reflect dynamic field exposure profiles over time. This thus dictates
that the classical dose–response models applied to data from laboratory toxicity tests do
not assess the actual risk resulting from real-world exposure patterns [13].

The discrepancy in the pesticide exposure between the actual field and laboratory
tests can be overcome by conducting laborious refined-exposure laboratory toxicity tests
(see, e.g., [7]) or by using toxicokinetic–toxicodynamic (TKTD) models. TKTD models
have specifically been designed to deliver relevant information for the extrapolation of
the toxicity obtained under static laboratory exposure to that expected under actual time-
variable field exposure [14]. For example, TKTD models from the family of General
Unified Threshold models of Survival (GUTS) enable estimating survival probabilities
for any time-variable exposure profile [15,16]. GUTS modeling results are species- and
compound-specific and explicitly describe the internal exposure dynamics in an organism
(toxicokinetics) and the related damage and effect dynamics (toxicodynamics), thereby
connecting the external exposure concentration dynamics with the simulated mortality or
immobility over time [17].

In their scientific opinion published in 2018, the European Food Safety Authority
(EFSA) concluded that the GUTS framework may be considered ready for use in aquatic
risk assessment given that user-friendly modeling tools are available and a sufficient num-
ber of application examples and validation exercises for aquatic species and pesticides has
been published in the scientific literature [18]. However, the EFSA [18] also identified an
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open issue for the use of the GUTS in regulatory risk assessments related to compounds
that are suspected of showing increased toxicity over time, such as neonicotinoids. Indeed,
Focks et al. [9] reported that GUTS predictions based on acute exposure to the neonicoti-
noids thiacloprid and thiamethoxam were underpredicting the actual effects of the pulsed
exposure of these pesticides on the survival of macroinvertebrates. This thus warrants ad-
ditional validation studies of the GUTS for a representative number of substances differing
in exposure dynamics and toxic modes of action, with special emphasis on compounds
with the potential to show increased toxicity under long-term exposure, such as neoni-
cotinoids [9,17–19]. Neonicotinoids also receive special attention because they have been
reported to affect the mobility and survival of aquatic mayfly nymphs already at low
concentrations [20–23].

The main aim of this study was to analyze whether the survival of a mayfly species
under exposure to time-variable concentrations of three neonicotinoids can be accurately
predicted by using the GUTS. A second aim was to analyze the influence of the model
type (stochastic death—SD versus individual tolerance—IT), software used (OpenGUTS
versus MOSAIC), and test compound (imidacloprid, clothianidin, and thiamethoxam) on
the quality of the survival predictions.

2. Materials and Methods
2.1. Experimental Data Source

The raw data used for the present study were obtained from the Supplementary
Material of Macaulay et al. [24]. In their study, nymphs of the common New Zealand mayfly
genus Deleatidium spp. were evaluated for their sensitivity to the neonicotinoid insecticides
imidacloprid, clothianidin, and thiamethoxam. Static-renewal aquatic laboratory bioassays
were conducted for a period of 28 d, and the survival, immobility, impairment, and mayfly
molting propensity were measured at varying time points throughout this experimental
period. Deleatidium spp. nymphs were exposed to 10 neonicotinoid concentrations in each
test with 5 replicates per test concentration. Each replicate consisted of a 1.16 L aerated
glass chamber (19.9 cm × 14.4 cm × 6.3 cm) containing at least 15 nymphs. Exposure
solutions were prepared with ASTM artificial soft water and were renewed every 7 days.
At each exposure solution renewal, a fresh periphyton tile that served as food was placed
in each test chamber. The ceramic tiles had been incubated in a local creek for two weeks to
allow periphyton growth on the tiles.

Test concentrations of the neonicotinoids were analyzed using a Triple-Quadrupole
Mass Spectrometer (Agilent 6490, Santa Clara, CA, USA). These verified concentrations for
imidacloprid, clothianidin, and thiamethoxam deviated −19, −38, and +66% on average
from the nominal concentrations, respectively. Variations in the overall measured test
concentrations (i.e., average of initial and final measured concentrations) were low, with
an average coefficient of variation of 4% (ranging from 1 to 10%; calculated by the authors
based on information provided in the Supplementary Material of Macaulay et al. [24]). How-
ever, because concentrations were only verified for three of the ten treatments, Macaulay
et al. [24] discussed that it was more feasible to use nominal concentrations for further
analyses. For the same reason, nominal concentrations were used in the present study.
For more details on the experimental design and procedure of this study, the readers are
referred to Macaulay et al. [24].

2.2. GUTS Models Evaluated

Two GUTS models were applied to the datasets of Macaulay et al. [24]: the stochastic
death (SD) and individual tolerance (IT) models [15]. These two models differ in the
variability of the assumed internal threshold within a group of individuals (Figure 1). In the
SD model, the threshold is assumed to be the same for all individuals within a group, and
death occurs at a certain rate when this threshold is exceeded. In the IT model, however,
death occurs immediately when the internal threshold of an individual is exceeded. The
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equations of both models have previously been reported and discussed in detail and can
be consulted in Jager et al. [15].
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Figure 1. Overview of state variables in the General Unified Threshold models of Survival (GUTS)
framework. The toxicokinetic part of the GUTS theory translates an individual damage state dynamics
in a more or less (reduced model) detailed way from an external concentration. Regarding the
toxicodynamic part of the model, two death mechanisms can be distinguished: stochastic death (SD)
and individual tolerance (IT) (adapted from the EFSA [18]).

In the reduced version of the GUTS, the external concentration can be directly used as
scaled damage without accounting for repair or depuration (Figure 1). Subsequently, the
choice of the reduced GUTS models is considered appropriate in case internal organism
concentrations have not been measured, so that the use of the full model for cases in which
internal concentrations are not measured cannot be recommended [18,25]. Because the
internal organism concentrations were not measured in Macaulay et al. [24], the reduced
versions of the GUTS models were used in our study. The SD and IT reduced GUTS models
(GUTS-RED) were run using both the OpenGUTS (https://openguts.info/) and MOSAIC
(https://mosaic.univ-lyon1.fr/guts/) online software packages (accessed on 1 February 2022).

2.3. Model Calibrations and Quality Assessment of Model Predictions

Automatic calibrations of the GUTS-RED-SD and GUTS-RED-IT modeling for the
determination of the LCx (lethal concentration for x% of the test population) can be imple-
mented in both OpenGUTS and MOSAIC. Even though the OpenGUTS software also has
the option of a manual parametrization model, the calibrations were performed automat-
ically in both software applications to allow for a more direct comparison of the results
obtained from the two models. Focks et al. [9] reported that GUTS model predictions
calibrated to acute test results underpredicted the effects of pulsed exposure on the survival
for thiacloprid and thiamethoxam. Only when calibrating the SD and IT models based
on data from chronic exposure were acceptable predictions obtained [9]. Consequently,
we used the chronic test data from the study by Macaulay et al. [24] for the model calibra-
tions. Because the actual test concentrations were not verified for all treatments in that
study (see Section 2.1), the GUTS modeling exercise was performed using the nominal test
concentrations reported in Macaulay et al. [24].

The classical root-mean-square error (RMSE) aggregates the magnitude of the predic-
tion errors for various time points into a single measure for the power of the prediction.

https://openguts.info/
https://mosaic.univ-lyon1.fr/guts/


Water 2024, 16, 1082 5 of 14

Subsequently, to provide a criterion expressed as a percentage, the RMSE normalized by the
mean of the observations was calculated in the present study using the following equation
(for explanation, see Focks et al. [9]):

NRMSE =
RMSE

Y
=

1
Y

√√√√ 1
n

n

∑
i=1

(yobs,i − ypred,i)
2

2.4. Species Sensitivity Distributions (SSDs)

The differential chronic toxicity of the three neonicotinoids to arthropods (crustaceans
and insects) besides the test species used in the present study (Deleatidium spp.) was also
evaluated. To this end, toxicity data for clothianidin, imidacloprid, and thiamethoxam were
extracted from the US-EPA (United States Environmental Protection Agency) ECOTOX
database (http://cfpub.epa.gov/ecotox/). Only median-lethal-concentration (LC50) values
with a test duration ≥ 14 d using mortality as a test parameter were considered. In case more
than one toxicity value for one of the test compounds was available for the same species,
the geometric mean (gm) of these values was calculated and used for the construction of
the SSDs. Subsequently, a certain species was only represented with a single data point in
the SSDs. This was performed to avoid an overrepresentation of more frequently tested
species in the differential sensitivity analysis.

SSDs were constructed using the ETX computer program version 2.0 [26]. Because
this program assumes a lognormal distribution of the toxicity data, the lognormality of the
toxicity dataset of each test compound was tested using the Anderson–Darling Test included
in the ETX software package. Lognormality was accepted at the 5% significance level, which
was the case for each of the three test compounds. The hazardous concentrations for 5%
(HC5) and 50% (HC50) of each species assemblage, together with their 95% confidence
intervals, were also calculated with the ETX program, which is based on the methodology
outlined in Aldenberg and Jaworska [27].

3. Results and Discussion
3.1. Relative Toxicities of Test Compounds

Macaulay et al. [24] reported that imidacloprid and clothianidin exerted the highest
chronic toxicities to Deleatidium nymphs, with 28 d LC50 values of 0.28 and 1.36 µg/L,
respectively. Thiamethoxam showed the lowest toxicity, with a 28 d LC50 > 4 µg/L (i.e.,
the highest concentration tested). The nicotinic acetylcholine receptor binding affinity and
specificity have been reported to be similar among different neonicotinoids [28]. It may
thus be anticipated that different neonicotinoid insecticides show similar toxicity potencies
to the same species [9]. In addition, imidacloprid, clothianidin, and thiamethoxam all
contain an electronegative nitro-substituted heterocyclic group [21]. Such compounds
have been reported to be more toxic than neonicotinoids containing a cyano-substituted
heterocyclic group, such as acetamiprid and thiacloprid, which have greater detoxification
potential [29,30].

Based on the above, no differential toxicity of the three neonicotinoids, as denoted
both experimentally as well as through the modeling exercise in the present study (see
below), would be expected. Because differences in the hydrophobicity of the test substances
may affect the uptake (i.e., penetration across the cuticle and membrane), this may affect
the insecticidal activity [31]. However, this is not likely to be critical to aquatic invertebrate
species [21]. Differences in neonicotinoid potency are best explained at the cellular level by
differential binding, with both the neonicotinoid structure and receptor subunits playing a
role, or at the physiological level by variation in nervous system inhibition [32,33]. In other
words, the toxicity of a neonicotinoid depends on the toxicokinetics and toxicodynamics
and, as such, on the combination of the test compound and test species evaluated (Figure 1).
In line with this, Van den Brink et al. [20] reported equal acute and chronic toxicities to a
winter generation of the mayfly Cloeon dipterum for imidacloprid and thiamethoxam.

http://cfpub.epa.gov/ecotox/
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As outlined in Section 2.4, the differential sensitivity of arthropods (crustaceans and in-
sects) besides the test species used in the present study (Deleatidium spp.) towards the three
neonicotinoids was also evaluated. Figure 2 shows the SSD curves that were constructed
based on the ≥14 d LC50 data that were mined from the US-EPA ECOTOX database (see
Section 2.4 for details). The sensitivity distribution curves of clothianidin, imidacloprid,
and thiamethoxam lay close together, which confirms the overall similar sensitivity of
arthropods as a whole taxonomic group to the three test compounds. This is confirmed
by the similarity in the HC50 values and the overlap in their 95% confidence intervals
for clothianidin (5.1; 0.28–92), imidacloprid (7.3; 2.5–21), and thiamethoxam (11; 0.58–212)
(all data in µg/L). However, differences in the sensitivity of individual arthropod taxa to
the three test neonicotinoids were also confirmed, as the most sensitive species differed
for clothianidin (Neocloeon triangulifer), imidacloprid (Caenis horaria), and thiamethoxam
(C. dipterum). Although this evidently also depends on the data availability (the amount
and type of species tested were indeed different among the three neonicotinoids), the
most sensitive species for all the compounds was a mayfly, confirming the high chronic
sensitivity of this insect order to neonicotinoids, as discussed above.
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Figure 2. Species sensitivity distribution curves of gmLC50 (geometric-mean-of-median-lethal-
concentration) values of arthropods (crustaceans and insects) for clothianidin, imidacloprid, and
thiamethoxam (for explanation, see text). The gmLC50 values used to construct the curves are
indicated on the right side of the figure.

3.2. Toxicity of Neonicotinoids Increased with Increasing Test Duration

The dataset described in the previous section was also used to evaluate the increase
in toxicity of the three neonicotinoids for crustaceans and insects separately. To this end,
acute gmLC50 values of these compounds were compared with those using a longer test
duration. Acute gmLC50 values included those values with a test duration between one
and four days, in which preference was given to the toxicity value with the lowest test
duration (i.e., 1 d; if not available, 2 d, etc.). Ratios in percentages were calculated by
dividing a gmLC50 value for a test duration longer than the gmLC50 with the shortest
test duration available (e.g., 28 d gmLC50 = 0.1 mg/L) by the gmLC50 with the shortest
test duration available (e.g., 1 d gmLC50 = 100). With these example values, the calculated
ratio was 0.1/100 × 100% = 0.1%, for an increase in the test duration of 27 d. Figure 3
shows the curves that were constructed based on these ratios for crustacean and insects
separately. It can be concluded from this figure that the increase in toxicity with the
increasing exposure duration is greater for insects than for crustaceans. In line with this,
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Song and Brown [34] reported a median time to 50% lethality (LT50) of 27 h–29 h for the
mosquito Aedes taeniorhynchus, whereas the corresponding LT50 interval for brine shrimp
(Artemia sp.) was 34 h–52 h.
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Figure 3. Decreases in LC50 (median-lethal-concentration) values (as percentages of initial values)
for crustaceans and insects with increasing exposure duration to clothianidin, imidacloprid, and
thiamethoxam (for detailed explanation, see text).

Neonicotinoids are specifically designed to bind to the nicotinic acetylcholine receptors
(nAChRs) found in insect pest species [21]. Because insects are most sensitive to neonicoti-
noids [21,33], it is anticipated that they may suffer the most from increasing neonicotinoid
exposure durations.
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3.3. Comparison of Model Performances

As discussed above, the EFSA [18] considered that the GUTS framework is ready for
use in aquatic risk assessment. They demonstrated this by using the dataset of Nyman
et al. [35], in which the survival of the crustacean Gammarus pulex exposed to the azole
fungicide propiconazole was assessed. He et al. [36] also concluded that there was a
negligible difference between the experimentally observed survival and predictions by the
GUTS for zebrafish (Danio rerio) exposed to metals. Subsequently, the GUTS framework
has been demonstrated to be an accurate tool for several compounds [36]. However, as
the EFSA [18] also discussed, doubts remain regarding the predictive power of the GUTS
framework for compounds that show increased toxicity over time, such as neonicotinoids.

Another pending issue discussed by the EFSA [18] is the duality of the SD and IT death
mechanisms. While both the GUTS-SD and GUTS-IT models outcompete classical target
time (TT) approaches, choosing one preferentially over the other is still challenging [37,38].
However, because the data requirements for the model calibration are the same, both
reduced models can usually be parameterized [18], as was performed in the present study.
Figure 4 shows the posterior predictive checks (PPCs) for the models evaluated, whereas
Figure 5 allows for a visual comparison of the experimentally derived survival rates and
those modeled by the MOSAIC-SD and MOSAIC-IT models. From these, it can be deduced
that there was an overall match between the observed and predicted survival probabilities
for clothianidin, although there were some differences for imidacloprid and, to a lesser
extent, thiamethoxam (Figure 5).
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Figure 4. Posterior predictive checks (PPCs) for the General Unified Threshold models of Survival
(GUTS) models and the three neonicotinoids (imidacloprid, clothianidin, and thiamethoxam) evalu-
ated: (A) MOSAIC-SD; (B) OpenGUTS-SD; (C) MOSAIC-IT; (D) OpenGUTS-IT, where SD refers to
stochastic death and IT refers to individual tolerance. The diagonal lines represent the 1:1 lines of the
predicted and observed effects.

As discussed above, the normalized root-mean-square error (NRMSE) has been indi-
cated as one of the most suitable quantitative indicators for the comparison of the predicted
and experimentally derived survival in time [9,18]. For clothianidin, the NRMSE values
were lower (20% for both SD and IT) than those for imidacloprid (56% for SD and 67% for
IT) and thiamethoxam (27% for SD and 29% for IT). Consequently, these NRMSE values
corroborate the overall visual observations discussed above. For thiamethoxam, the low
fit between the modeled and experimental survival in time is probably related to the test
concentrations evaluated by Macaulay et al. [24]. Because the highest thiamethoxam test
concentration did not exceed a 50% effect on the survival rates, deriving an LC50 value for
this compound was not possible. Subsequently, LC20 values were used for further compari-
son between the modeled and experimental results (Figure 6). Large estimation errors may
indeed be expected in low-toxic-effect data because the linearizing transformation enlarges
the errors at both ends of the sigmoid dose–response curve [39].
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Figure 5. Comparison of the experimentally derived survival probabilities in time (black dots) for
imidacloprid, clothianidin, and thiamethoxam and those modeled by the MOSAIC-SD (stochastic
death) and MOSAIC-IT (individual tolerance) models (orange curves), with their respective 95%
confidence intervals.
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Figure 6. Comparison of the predicted and experimentally derived (observed) toxicity thresholds
(median lethal concentration (LC50) for imidacloprid and clothianidin, and lethal concentration for
20% of the test population (LC20) for thiamethoxam). Each column represents a mean toxicity value,
and bars indicate the standard deviation. SD—stochastic death; IT—individual tolerance.
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3.4. Predicted versus Observed Toxicity Values

Figure 6 allows for a visual comparison of the predicted and experimentally derived
toxicity thresholds (LC50 for imidacloprid and clothianidin, and LC20 for thiamethoxam).
The LC20 values predicted by all the models for thiamethoxam differed more than the
maximum acceptable level of 50% suggested by the EFSA [18], for the reasons discussed in
the previous section. However, this criterion was achieved for clothianidin in all the models,
with little difference between the four models evaluated (Figure 6). For imidacloprid, all
the models underestimated the observed LC50 values, although the SD models of both
OpenGUTS and MOSAIC clearly showed a closer approximation to the observed LC50
values than the corresponding IT models (Figure 6). Indeed, the (reduced versions of the)
SD models have been recommended for implementation in regulatory risk assessments
because their model predictions tend to lead to an overestimation of the mortality and
thus to a more conservative risk assessment than (reduced versions of the) IT models [18].
Focks et al. [9] also showed several cases of neonicotinoid LC50 underestimations using
especially IT models for five macroinvertebrates, including the mayflies C. horaria and C.
dipterum. Although the underestimations were lowered when the models were calibrated
using data from chronic-exposure studies (rather than acute data), the SD model results
overall remained better than those obtained through IT models [9].

The overall modeling misfit (except for clothianidin), especially considering that it
resulted in an underestimation of the toxic effects, reinforces the above discussion that the
application of GUTS models for risk assessments of neonicotinoids needs further evaluation.
More (sensitive) species should be tested in specifically designed (repeated) experiments
that allow for validating the use of GUTS models for predicting time-varying neonicotinoid
toxicity. Additionally, the underlying equations used in the GUTS models may need to be
amended to come to better model predictions for compounds with substantial increases in
toxicity over time, like neonicotinoids.

3.5. Concluding Remarks and Indications for Future Research

Both the present study and the study by Focks et al. [9] stress the need to shed better
light on the applicability of (eventually adapted) GUTS models for implementation in
regulatory risk assessments of neonicotinoids. Such studies should also account for the
various parameters that are known to influence the modeling results, such as differences in
the test compounds, experimental durations, and test species, including their size/sensitive
life stage and sex [13,17,40], as well as the influence of pesticide mixtures on the predicted
toxicity [41]. Huang et al. [40], for example, demonstrated that females of the aquatic
sowbug Asellus aquaticus were less sensitive to imidacloprid than males. The authors
explained this by the lower internal biotransformation of imidacloprid to the more toxic
imidacloprid–olefin in females as compared to males [40]. Organisms are seldomly exposed
to a single chemical stressor in the field. Bart et al. [41] assessed the predictive power of the
GUTS for D. magna, the terrestrial oligochaete Enchytraeus crypticus, and the honeybee Apis
mellifera exposed to binary chemical mixtures. They demonstrated that GUTS models are
also a useful tool when assessing the risk of mixtures, and that they offer a framework to
implement new mechanistic knowledge [41].

The use of data from published studies is potentially an option, but, practically, they rarely
provide raw data and/or adopt an experimental design that allows for a GUTS modeling
exercise [42]. Indeed, for the present study, numerous papers were evaluated but only the
study by Macaulay et al. [24] could be used, despite the shortcomings discussed above.

Ideally, future studies should evaluate the RED-SD and RED-IT models using both the
OpenGUTS and MOSAIC software to enable assessing which model and software combi-
nation is most suitable for implementation in actual regulatory risk assessment. Charles
et al. [43] discussed that the MOSAIC software package may be more suitable because its
founding principles were specifically designed considering the direct expectations of prac-
titioners, making it an easily accessible, ready-to-use tool encompassing all the necessary
services that have already been recognized as providing toxicity indices of interest in full
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compliance with regulatory guidelines and risk assessment decision criteria. A logistic
reason for opting for MOSAIC is that the runtime per trial is only a matter of seconds,
whereas the runtime for OpenGUTS is in the multiple-minutes range, as determined in the
present study (Figure 7).
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