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H.-R. Kohler et al.
1. Introduction

Bioaccumulation is the accumulation of chemicals in biota relative to
their environment. Bioaccumulative compounds biomagnify in food
chains, putting especially top predators and humans at increased risk of
adverse health effects [1-5]. The regulatory metric used for the assess-
ment of chemicals in the aquatic system is the bioconcentration factor
(BCF), which is defined as the ratio between the concentration of a
chemical in an aquatic organism (e.g. fish) and the concentration of that
chemical in the surrounding water body [6]. The BCF has been deter-
mined for many fish species commonly used for regulatory testing,
either at a presumed steady state or during the kinetic phase of bio-
accumulation [7, 8]. In the regulatory context, the octanol/water
partition coefficient (Poy or Kyy) is commonly used as a measure of the
tendency of a chemical to accumulate in organisms [9], and a screening
criterion to assess the need for subsequent in vivo bioaccumulation
testing. A substance is classified as Bioaccumulative (B) or Very/Highly
Bioaccumulative (vB) if an experimental BCF value from in vivo tests
exceeds thresholds of 1000 (B: Japan, USA) / 2000 (B: Australia, EU) or
5000 (vB: Canada, China, EU, Japan, USA), respectively [9] (see also
supplementary Table S1). Regulators currently face several major
challenges in assessing the bioaccumulation potential of a chemical.
Firstly, the growing rate of chemical production and market introduc-
tion already surpasses the rate at which bioaccumulation assessment can
be conducted and reliably evaluated. Furthermore, there is a significant
deficiency in regulatory data regarding bioaccumulation potential for a
large proportion of chemicals currently in use. This data gap is partic-
ularly pronounced for substances regulated under the EU REACH
framework, especially those with low production volumes or low Py,.
Additionally, a considerable number of reported BCF values fail to
satisfy the requisite quality standards. Moreover, very different BCF
values have been reported for identical chemicals, most likely due to
variation in biotic and abiotic factors in the respective tests [7,8,10,11].
However, such factors are often not specified or considered in regulatory
acceptable test designs because their exact contributions have not sys-
tematically been evaluated and therefore remain unknown. Under-
standing the factors that influence BCF in fish laboratory tests is
therefore essential for accurate hazard and risk assessments and
compliance with future regulations.

Computational machine learning approaches, such as deep-learning
(DL) and regression decision trees (DT) are expected to play a pivotal
role in developing sophisticated in silico models. For application in
regulatory frameworks, these models must provide accurate and reliable
predictions and ideally also mechanistic insights, while in parallel
clarifying their scope, limitations or uncertainties [12]. Deep learning
(DL) and other ML models have been successfully applied to the pre-
diction of various molecular properties, including bioaccumulation
assessment, using the available experimental bioaccumulation data,
mainly in fish [13-16]. However, a systematic adaptation for charac-
terization of the bioaccumulation potential is limited, and assessing the
reliability of individual predictions generated by complex "black box"
models is a significant challenge. This complexity raises the need for
equally powerful interpretability methods to gain confidence in the
model, enable reproducibility, understand its limitations, and support
the user’s knowledge and intuition in the process of property optimi-
zation and design[13,17,18]. On the contrary, current Quantitative
Structure-Activity Relationship (QSAR) models often have limited
applicability as they are exclusively based on selected physico-chemical
properties of organic chemicals, notably log P, and additionally
incorporate features of their molecular structures of varying complexity
[14,16,19,20]. Moreover, they are unable to reliably model different
BCF values for one and the same chemical that are documented in the
literature. The predictive capability of existing BCF models is also
restrained by their reliance on a limited dataset of experimental studies.
Although there are already a number of promising approaches to model
BCFs in fish, based on various types of regression, neural networks or Al
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methods (see supplementary Table S2), most of them are limited to
modelling up to a few hundred data points at most (e.g. [21]). Only a
few studies are based on more than a thousand chemicals, however, with
a coefficient of determination (Rz) for the training set of only 0.775 at
most [22]. Two other studies used data from 1129 and 1724 chemicals
but predicting the test datasets only resulted in R? values of 0.77 and
0.75, respectively [20,23]. A multilayer perceptron-based study
involving 3240 chemicals achieved even less success in predicting the
test data set accurately (R* = 0.62, [24]). All the available studies to date
also have in common the fact that the number of fish species for which
BCFs can be modelled is either quite small (up to four, [21]) or un-
known. As a result, there is no comprehensive method that is capable of
accurately predicting BCF values across a diverse array of fish species
while simultaneously quantifying the relative impact of relevant abiotic
and biotic factors on the bioaccumulation potential of organic chemicals
in fish. In response to the aforementioned limitations, our study pursued
three key objectives: [1] to develop a novel, combined DL and DT model
based on a harmonized and robust dataset of bioconcentration factors
and relevant test conditions determined in experimental in vivo studies
with fish; [2] to develop novel metrics to establish standards for uni-
versal comparability of bioaccumulation data, particularly with respect
to realistic worst-case scenarios, which will allow the identification of
appropriate test conditions for the determination of bioaccumulation
factors to assist industry and regulatory authorities in generating more
robust and relevant bioaccumulation data prior to the use of a chemical
or for its registration and [3] to identify systematic errors in current
bioaccumulation assessments in Europe by comparing BCF values pre-
dicted by the model for worst-case scenarios with values derived from
confidential registration data from EU authorities, handled by the
German Environment Agency.

2. Methods

BCF data were collected from publicly available literature (e.g. [7,
25-27] and existing databases, such as the “Gold Standard Database” of
CEFIC and the “CERI” database of the Chemicals Evaluation and
Research Institute (CERI), Japan (see Datasets 1-3 in the supplementary
information (SI) for sources) for model training and validation. Canon-
ical SMILES (Simplified Molecular Input Line Entry System) were
compiled together with experimental and predicted endpoints (1ogPow,
logS, LCso (Pimephales promelas), aerobic ready biodegradation and
bioconcentration factors (Cyprinus carpio) using the ECOTOX module
[28], TEST [29], OPERA [30] and data from open literature). The total
dataset consisted of 7821 BCF values, of which 1709 had to be excluded
due to them representing BCFs for specific tissues such as carcass,
muscle or intestine rather than whole-organism measurements. Another
2320 data sets lacked essential information on test conditions or fish
species. Thus, only 3792 studies had whole fish BCFs for known fish
species, together with water concentration and exposure duration, of
which about half related to steady-state studies in Cyprinus carpio. It
should be noted that only 702 studies of them (18.5%) reported
lipid-corrected BCF values. In fact, no lipid-corrected BCF was reported
in the literature on steady-state BCF studies for C. carpio. This restricted
our ability to include this important factor in the current model.

A total of 10,286 different types of fingerprints (FPs), including
standard FPs, graph FPs, circular FPs and chemical functional groups,
were calculated for each SMILES entry using the 'redk v3.6' and
"checkmol’ software packages for model development. A 500 x 500
pixel image of these FPs was then generated for each compound (see
supplementary Figure S1). Pixels with an FP value of 1.0 were given a
black colour (RGB colour code: 0, 0, 0), while those with a different
value were left white (RGB colour code: 255, 255, 255). This pixel raster
image was then correlated with the experimental values using the con-
volutional neural network (CNN) deep learning method with the Ten-
sorFlow package in Python. An example of the model architecture for
regression and classification tasks is shown in Fig. S2. The size of the
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convolution window (kernel), output channels (filters), convolution
steps, activation functions, and hidden layers were optimised using a
fitness function based on root mean square error (RMSE) from leave-
one-out cross-validation analysis for each endpoint. The CNN-DL was
trained on 75-85 % of the dataset (depending on the complexity and
volume of the collected data) and tested independently using an external
test set (15-25%). Dataset partitioning was done randomly but was
rigorously checked after model development to ensure that chemicals
were selected fairly with respect to their chemical structure and exper-
imental properties. Fairness was evaluated by checking the trend of the
residuals against chemical similarity (k = 3 nearest neighbour chemicals
using the Tanimoto index). In other words, chemicals showing a distinct
trend due to diverse chemical structures were flagged and transferred to
the training set to redefine the boundaries of the chemical space. This
approach was also used to define the models’ application domain. For a
prediction for a new compound to be reliable, the trend of residuals of
similar chemicals should decrease with increasing chemical similarity.
However, an increasing trend in errors for more similar compounds
could indicate an unexpected bias or error for a given compound. In this
case, the predicted values would be unreliable. Further details can be
found in the SI descriptions.

The model’s application domain is hence defined by establishing the
trend in residual change (predicted logBCF minus observed logBCF) over
chemical similarity (Morgan fingerprints). First, the method calculates
all pairwise similarity values; then, it filters out the lowest similarity
values (k = 3) under the given similarity segments. Here, the chemical
similarity segments are defined as follows: [1] above 0.9, [2] between
0.9 and 0.7, [3] between 0.4 and 0.7, [4] below 0.4. For each segment,
the top three chemicals are retained, along with their information,
including their residual values. Consequently, this method plots the
mean residual changes as a function of the mean chemical similarity. To
determine whether the error is due to chemical structural diversity
rather than experimental error, the residual trend can provide a clue, as
illustrated in supplementary Fig. S3. An acceptable trend — and, by
extension, a reliable prediction — occurs when the prediction error
decreases as the chemical similarity between the suspect and paired
compounds increases. An unreliable prediction outcome occurs when
the trend is not a function of chemical similarity and fluctuates
regardless of the chemical similarity value. If the error increases as
chemical similarity increases, there is an experimental error or residual
that is not a function of chemical structure (Fig. S3). The latter type of
trend requires more information or experimental validation to validate
the prediction outcome. To further facilitate the recognition of trend
patterns and the assignment of classes to each trend, we utilised a su-
pervised classification technique based on a random forest (RF). Briefly,
after constructing the similarity and residual data for pairs, each trend
was investigated and assigned to one of the following three classes:
reliable; acceptable (conditioned on further experimental analysis); or
unreliable. The random forest then estimates the type of application
domain (reliable, including the acceptable class, or unreliable predic-
tion), bypassing the need for manual investigation of new suspect
compounds and enabling fast screening as a function of high-throughput
screening. The RF model was built using the 'randomForest’ R package
with the following parameters: ’proximity’ was set to True and the
‘mtry’ parameter was set to 10 (the number of variables randomly
sampled as candidates at each split to build each tree). The RF model
was further tuned using the "tuneRF’ function in the 'randomForest’ R
package to avoid overfitting. Furthermore, MDSplot was applied to the
developed RF to visualise the density of classes in the total database. In
this case, the reliable versus unreliable chemical space could be deter-
mined and applied to a new case, as depicted in Fig. S3.

For external validation of the BCFpro model confidential data from
165 studies including metadata submitted to the European Chemicals
Agency (ECHA), the European Food Safety Authority (EFSA) and the
European Medicines Agency (EMA) that were handled by the German
Environment Agency (UBA) for regulatory purposes were used and
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analyzed anonymously.

Statistical methods included ANOVA and multiple linear regression
modeling. The machine learning approach was based on convolutional
neural networks (CNN) and Extreme Gradient Boosting (XGBoost). Grey
Wolf Optimizer [31] was used to evaluate the effect of experimental test
conditions on the measured 1ogBCF in 16 fish species. The experimental
parameters considered included the BCF measurement approach (ki-
netic or steady-state), the duration of exposure (measured in days), and
the nominal water concentration of the test substance (expressed in
pg/L). The input variables for estimating logBCF values in the 16 fish
species via XGBoost were the baseline logBCF value (from Cyprinus
carpio), log Pow and log S (maximum water solubility), all predicted by
CNN, fish species fingerprints and test conditions. The contribution of
each of these variables in the final model (XGBoost) was calculated using
Shapley values (SHAP). More details on the structure of CNN and the
fine tuning of the XGBoost model can be found in the SI.

BCF data predicted by BCFpro for ionizable substances are based on
neutral conditions (pH7, “initial” pH). For correlation analysis, we
adjusted these predicted BCFs to other pH levels (“target” pH) where
BCF values for these substances have experimentally been determined
by [32] using the equation therein, however, adapted to the calculation
of bioconcentration factors:

IOgBCF target pH = IOgBCF initial pH + (lOgD target pH — IOgD initial pH) (@)

3. Results and discussion

Our research demonstrates that artificial intelligence significantly
improves the computational estimation of BCF values in fishes as a
function of influencing test parameters. The importance of an accurate
and reproducible determination of the accumulation potential for the
ecotoxicological classification within the environmental risk assessment
of chemicals is underscored by the robust correlation observed between
experimentally determined bioconcentration factors (BCFs) and the
median lethal concentrations (LCsg) for both non-ionizable and ioniz-
able organics (P < 0.0001; supplementary Fig. S4). Indeed, in many
countries, substances are classified according to their potential to
accumulate in biota by using log P,y as a measure of lipophilicity.
However, our current meta-analysis reveals that solely relying on log
P,w is insufficient for comprehensive bioaccumulation assessment.
While the crucial role of log P,,, and water solubility in determining a
chemical’s uptake and accumulation potential has been long-established
and mechanistically elucidated [33,34], our results reveal that these
parameters account for only 45.4 % and 45.2 % of the variability in re-
ported BCFs, respectively. This finding emphasizes the necessity of
considering a broader array of relevant parameters in conjunction to
achieve accurate bioaccumulation predictions (see SI text).

3.1. Parameters that determine the BCF

Our study shows that the experimentally determined BCF for a given
substance, such as that obtained during registration procedures, is not
universally applicable independent of contextual parameters. This
finding is particularly noteworthy, as often only a single, ostensibily
reliable substance-specific BCF value is required for authorisation pro-
cedures. Contrary to regulatory assumption, our research shows that in
addition to intrinsic properties such as the lipophilicity of the chemical
and the accumulation capacity of the fish species under consideration (i.
e. its fat content), the reported BCF in fish is decisively influenced by two
experimentally variable parameters: the applied concentration of the
chemical in the external medium and the exposure time (Fig. 1A). The
assumption that the observed dependence of the BCF on the test con-
centration only occurred because predominantly lipophilic chemicals
with lower water solubility were tested at low concentrations and —



H.-R. Kohler et al.

because of their limited water solubility — none of them at high con-
centrations, thus resulting in high BCFs due to their lipophilicity and,
therefore, creating a pseudo-correlation, could be clearly refuted. For all
orders of magnitude of log Py, between —3 and 10, we demonstrated
this negative correlation between test concentration and BCF separately
(see Fig. 1B). This correlation was also highly significant in narrow log
P,w ranges with high data density where log P,,, varied by a maximum
of only 0.05. Examples include log P,y 2.84-2.88 (n =37, p < 0.0001),
log Pow 3.98-4.02 (n=131, p < 0.0001), log P,y 4.55-4.60 (n =128,
p <0.0001), log Pow 5.10-5.15 (n=137, p<0.0001) and log Pow
5.92-5.95 (n =129, p = 0.0004). Thus, in this context, our study reveals
that the variability in BCF values as a function of external chemical
concentration is comparable to the magnitude of variability observed
when BCF is plotted against lipophilicity. This is a particularly signifi-
cant finding as lipophilicity (i.e., log Poy,) is the parameter commonly
used for bioaccumulation estimation, based on the well-known inverse
relationship between water solubility of a chemical and lipid content in
fish [35, 36].

Variations in BCF of more than two orders of magnitude are
permissible for any given chemical which, according to current OECD
practice, leaves a wide range in the choice of exposure conditions to
achieve intended BCF values. For this reason, we advocate for the
development of standardized, exposure-independent BCF metrics for the
assessment of chemicals which objectively reflect the accumulation
potential of chemicals in an environmentally relevant manner, thereby
improving consistency and comparability across different studies and
regulatory frameworks.

The OECD Test Guidance (TG) Document [8] on aspects of the OECD
Test Guideline No. 305 on bioaccumulation in fish [21] erroneously
assumes for the testing of "moderately hydrophobic compounds", based
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on only two studies [38, 39], that for the "vast majority of pesticides and
general chemicals" the BCF is independent of the test concentration in
water and therefore often only one test at an unspecified concentration
is sufficient. Using 3792 data mainly arising from public sources
(Fig. 1B) and for registration data submitted to the EU (Fig. S5), our
study particularly revealed and quantified the extent of a general
negative relationship between the water concentration of a chemical
and the resulting BCF. This observation has been occasionally reported
in previous studies also [40-45] but has never systematically been
investigated. Although the OECD TG 305 attributes this effect to the
absence of metabolic processes at low concentrations, our research
suggest a different explanation. We propose that this phenomenon is an
inherent consequence of a general mechanistic interrelationship be-
tween the internal aqueous and lipid phases in exposed fishes (Figs. 2, 3
and S6, detailed explanation in the SI) and therefore crucial for the
importance of the ’chemical concentration’ parameter in determining a
BCF.

The established view [37,46,47] is that the BCF is, by definition,
calculated as a steady-state ratio of the chemical concentration in fish to
the chemical concentration in water: BCFseady state = Cfish / Cwater-
Theoretically, the BCFjeady state is calculated when there are no changes
in concentration in the fish or the water over time. Alternatively, the
BCF can be calculated as the ratio of the uptake rate constant from water
(k1) to the total elimination rate constant to water (k3): BCFyinetic = k1 /
kz. According to this theory, there should be a single "true’ BCF for a
given chemical and fish species that does not vary with exposure dura-
tion or concentration. However, this theoretical view is based on two
assumptions. Firstly, it requires a steady state, which would necessitate
lengthy experiments, particularly for highly lipophilic substances [48]
and is therefore not always achievable. Secondly, it assumes that the
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Fig. 1. (A) Experimentally generated log BCF data vs. log P,,, of corresponding chemicals (left), their log concentration in the exposure water (middle) or the
exposure time (right). Own compilation of literature-based data from public sources. Linear regression line (red, solid) and its 95 % confidence intervals (red dashed,
inner interval) plus 95 % confidence intervals for the data point distribution (red dashed, outer interval). Highly significant (P < 0.0001) correlation (ANOVA) of the
parameters in all cases. R% Bravais-Pearson variance. (B): Separate linear regression and ANOVA analysis for subsets of the database, separated according to the
order of magnitude of the log Pow of the chemicals. These subsets spanned 13 orders of magnitude, from —2 > log Pow > -3-10 > log Pow > 9. Significance at
P < 0.0001 was observed in all cases except for —1 > log Pow > -2 (P = 0.009), 1 > log Pow > 2 (P = 0.07), and 10 > log Pow > 9 (P = 0.001).
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conditions for experimentally determining the BCF are the same as those
for measuring chemical distribution in two phases, e.g. when deter-
mining the logP,y of a chemical. As we will show, this is not the case,
and this has major consequences.

Of course, the BCF represents a distribution ratio between two phases
(aquatic organism/surrounding water) that is, in principle, comparable
to the P,y (organic phase/aqueous phase). The P, is experimentally
determined using equal volumes of aqueous and organic phases. The
more a substance is present in the organic phase, the less it is present in
the hydrophilic phase, resulting in a defined concentration ratio that is
independent of the amount of chemical used. However, this principle
does not apply to the distribution ratio of a chemical present in a given
volume of water and its presence in an exposed fish, since the respective
phases are not of equal volume and the uptake and accumulation of a
chemical in a fish contributes negligibly little to reducing the concen-
tration of that chemical in the much larger volume of surrounding water.
This holds true under natural environmental conditions and laboratory
settings for a majority of chemicals, specifically those with a log P, less
than six (see a sample calculation on page 5 of the supplementary text).
Consequently, equilibrium will not be established between the propor-
tion of the chemical absorbed by the fish and the external medium, since
a constant concentration in the disproportionately larger external me-
dium will continually cause 'new substance’ to reach the fish’s surface
and passively *push’ its way in. This process will ultimately continue
until the maximum solubility of the lipophilic substance in the fish’s fat
content is reached. Furthermore, bioaccumulation in fish goes beyond
the simple partitioning of a compound between a hydrophilic and a
lipophilic medium (as in P, measurements), as both aqueous and lipid
components are present in the fish body. In addition, the uptake and
storage capacity of an organic compound in a fish is highly dependent on
various parameters such as age, size and, most importantly, lipid con-
tent. These parameters also limit the maximum storage capacity of the
chemical in the exposed organism, which therefore reaches a steady
state after a certain period of time. This period is longer for low con-
centrations in the external medium than for higher concentrations.

While the concentrations of chemicals in the exposed organism in-
crease over time approaching a steady state, their concentrations in the
surrounding water remain essentially constant over time. Furthermore,
the maximum storage capacity of the lipid fraction in fish is independent
of the external concentration of a chemical (at lower concentrations, it
simply takes longer to reach the maximum level of lipid solubility).
Thus, as shown in Fig. 1 of our study, the resulting BCF, a ratio of the
chemical‘s concentrations in the fish to that in the surrounding water
(C¢/Cy,) is, in consequence, inversely related to the initial water con-
centration, because the denominator (C,) remains essentially constant
over time. This mathematical principle explains the observed negative
concentration-BCF relationship (Figs. 3, S6 and SI text) and applies to all
exposure situations in which the volume of the external medium greatly
exceeds that of the test organism. Furthermore, the applicability of this
principle extends beyond steady-state conditions at maximum internal
chemical concentration but is also relevant in scenarios where only
certain percentages of the maximum internal concentration are reached,
e.g. during the kinetic phase of the accumulation process during testing
(Fig. 2 and SI text). In this context, it is also mechanistically evident that
exposure time plays a crucial role in the kinetics of accumulation of an
organic chemical in biota as, at a constant concentration in the external
medium, the saturation concentration determined by the lipid content in
the animal (Fig. S7) is increasingly approached with increasing exposure
time (Fig. 2). Consequently, also the BCF exhibits a corresponding in-
crease over time. This simple relationship between lipid content and
bioaccumulation underlies the practice of normalizing results to a
"standard" lipid content of 5 %, to enhance comparability of results [8].
This relationship likely explains the variability in BCFs among fish
species with different lipid contents. Thus, our study strongly contra-
dicts the recent proposals to revise regulatory guidance, e.g. the EU
Guideline for Environmental Risk Assessment of Medicinal Products for
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Human Use, to (a) increase the log P,y trigger value from > 3 to > 4 for
requesting experimental studies, and (b) conduct BCF tests in fish only at
single exposure concentrations arguing that BCFs are not affected by
water concentrations [25].

The mechanistic relationships between the net uptake kinetics,
considering both uptake and elimination of a given organic chemical at
different exposure concentrations as a function of exposure time, and the
consequences for the resulting BCF, are visualized in Fig. 2 (see SI for
detailed explanations on the rate constants for uptake, k;, and depu-
ration, kz; and on the way to calculate BCF = kj/kz) and Fig. 3 (see
supplementary Fig. S6 and SI text for an example calculation of BCF =
Ci/Cw).

3.2. Fish as a two-phase (lipid-water) system

The lipid content of fish can vary considerably between individuals,
species, and even within the same fish depending on factors such as
season, diet, and reproductive state [25]. Studies in the aquatic envi-
ronment have shown that there is a significant positive correlation be-
tween the accumulation of a chemical and the lipid content of
organisms, so that residue levels vary between individuals, species, and
size groups depending on their lipid content [49,50]. Therefore, fish
exposed to very low aqueous concentrations of lipophilic chemicals can
experience quite high internal concentrations (and high BCFs). As the fat
content of an animal increases, the saturation concentration ("s" in
Figs. 2 and 3) for the organism also increases. Therefore, at least under
steady-state conditions, higher internal concentrations of a chemical are
inevitable. Consequently, the BCF will also increase. Also, during the
uptake kinetics, higher lipid contents at the same external concentration
and test duration lead to higher uptake rates and thus also to higher BCF.
This finding is very consistent with the general fish bioaccumulation
model [51] according to equation (2) (Fig. S7, for explanation see figure
caption).

(i(%:kLCW — (kg + kg + kn + k.).Cs )

For example, a study on fenthion in fish showed that acceptable wet
weight BCF values could vary by a factor of 3 or more depending on the
lipid content of the fish [25]. OECD TG 305 requires that the BCF is
corrected for a 5 % lipid content (for both steady- state BCF and kinetic
BCF) during the study period to reduce variation in BCF values [8]. Lipid
normalisation is critical for generating consistent, comparable, and
meaningful bioconcentration data in fish studies, especially for lipo-
philic substances. It helps account for natural variability in fish lipid
content that would otherwise confound the interpretation of bio-
accumulation results. However, for the majority (>80 %) of the exper-
imental data available, the lipid content of the fish was not reported.
Therefore, the effect of fish lipid content could thus not be included in
the BCFpro modelling, but should be addressed in further work as more
data become available. A wide range of procedures for lipid extraction
procedures are now available, but only appropriate techniques which
allow complete extraction of total lipids should be selected in bio-
accumulation studies to ensure the correct lipid normalisation of BCF
values [52].

The following considerations are critical to understanding the
importance of interactions between the internal lipid phase and the in-
ternal aqueous phase in fish for the BCF. According to OECD TG 305, it is
possible to calculate the BCF = kj/k, for "moderately lipophilic" sub-
stances by applying equation (2). Based on theoretical considerations,
this is certainly possible for hydrophilic substances, since they basically
are not supposed to interact with the internal lipid phase in the fish. For
these substances, the BCF — by theory — should also be independent of
the test concentration in water (at realistic test concentrations well
below the maximum water solubility). As our analysis of multiple
experimental datasets shows, this is not the case, even for compounds
that are highly soluble in water (see Fig. 1B). This is eventually due to
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Fig. 2. Theoretical considerations on the accumulation kinetics of a given organic chemical as a function of exposure time in fish exposed to low (A, C) and high (B,
D) external water concentrations (Cy). According to the OECD 305 Test Guidance (TG) Document [8] the general fish bioaccumulation model is described by the
uptake rate k; - Gy, (in red) and the overall loss rate (ka + kg + km + ke) * Cy (in blue). Uptake and loss are displayed by arrows (in red and blue, respectively). The
differential equation given in the TG refers to the internal aqueous phase, i.e. the aqueous medium in the cells of a fish and in its tissue fluids (A, B): k; = first order
rate constant for uptake into fish (L~kg’1~d’1), ko = first order rate constant for depuration from fish @, k, = first order rate constant for fish growth (‘growth
dilution’) (d™Y), ky, = first order rate constant for metabolic transformation (d~ 1), k. = first order rate constant for faecal egestion d™, C,, = concentration in the
water (mg-L™!) and Cs = concentration in fish (mg-kg ! wet weight). (A) Exposure to a given concentration of a (moderately) lipophilic chemical, Saq denotes the
saturation level in the internal aqueous phase of the fish. (B): Exposure to twice the concentration of the same chemical compared to (A) results in twice the internal
concentrations (Cy) of the chemical, both during the kinetic phase of accumulation and at steady state (s,q) according to the general fish accumulation model at
constant k; and k2. Considering only the internal aqueous phase of the fish, the BCF for a given chemical and fish species, whether calculated by Cs/ C,, or by k; / ka,
would not differ between situations (A) and (B) because in case (B) both s,q and C,, would be double as high as in case (A), and thus the BCF would be virtually
independent of the concentration in the surrounding water. However, our results in this study show that, for the most part, this is de facto not the case. In fact, the fish
accumulation model does not consider the different conditions prevailing in the internal aqueous (blue-shaded) and the lipid (yellow-shaded) phases of the fish. (C)
and (D) show the general relationships for these two. In the lower part of both graphs, the internal lipid phase (shaded in yellow) is shown, and in the upper part, the
optically compressed conditions as shown in (A) and (B) (shaded in blue). The saturation of the lipid phase is labeled sy;;, the saturation of the whole fish is labeled
Slip+aq- (C): Low test concentration of the chemical in the water, (D): twice as high concentration of the same chemical. In both cases, note that for a chemical with
logPow = 5 and a fish with 5 % fat, the lipid phase contains 5000 times more molecules of the chemical than the aqueous internal phase due to its P,,-based
distribution. In this lipid phase, however, the rate constant for depuration from the lipid phase ("k4’ in equations [3] and [4]) is close to zero, since the only way the
chemical can be removed from the fish is by diffusion back into the internal aqueous phase of the fish and then back again into the ambient water phase, which is very
infrequent for lipophilic chemicals with a high logP,.. Consequently, a lipophilic chemical in both case (C) and case (D) will accumulate mainly in the lipid phase
(light green areas) - in case (D) twice as fast as in case (C) - until the maximum saturation level s;;, is reached in the steady state. In the internal aqueous phase, the
relationships described by the general bioaccumulation model apply according to (A) and (B), but the existing concentration differences (shaded in blue) in this
aqueous phase are, due to their comparatively low importance in the distribution of lipophilic substances (at logP,, = 5: ratio 1:5000, see above), almost irrelevant
for the resulting total internal concentrations (sip+ aq in the steady state) and thus practically negligible (which has been transposed in Figs. 3 and S6 for reasons of
comprehensibility). Only in the initial phase of accumulation (labeled "kinetic" on the x-axis) the BCF can be reliably determined by the quotient k;/k, (black rising
lines in (C) and, with double slope, in (D)). However, as the exposure period progresses, the fish are in a phase that corresponds neither to the classical ’kinetic’
uptake phase nor to the final steady state condition. In this intermediate phase, the concentration of the chemical in the external medium begins to become
increasingly important for the BCF. We assume that the experimental determination of the BCF of fish in very many studies takes place in this intermediate range,
since the dependence of the determined BCF values on the external concentration of a chemical is statistically demonstrable (see Fig. 1). When calculating the BCF
= Cy/ C,, for the steady state situations in (C) and (D), the resulting value for the identical substance in fish with identical fat content in (D) would therefore be about
half as high as in (C), since the C,, in the denominator in (D) is twice as high as in (C), and the Cyin the numerator (which is close to sipaq) hardly differs between the
two scenarios.
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Fig. 3. Accumulation kinetics of a given organic chemical as a function of exposure time. Example plot for 3 different external concentrations (red, green, blue;
concentration values as products of the saturation concentration, s, with the highest concentration in red (e.g. 1) and multiple times lower concentrations (e.g. 1/n;,
1/ny) in green and blue). Calculation of the resulting BCF values (BCF = C;/C,,) for 6 arbitrarily selected points (A-F). It is evident that at both arbitrary times, t; and
to, the BCF increases with decreasing external concentration, provided that at t; the mean concentration (green) is at least 1.88 times lower and the lowest con-
centration (blue) is at least 3 times lower than the highest concentration tested (red). For the later time point t,, the condition for a continuous increase in BCF with
decreasing external concentration is that the mean concentration (green) is at least 1.05 times lower and the lowest concentration (blue) is at least 1.25 times lower
than the highest concentration tested (red). Realistically, this is the case for the vast majority of tested concentration series, commonly using a spacing factor of ten. It
is also evident that increasing the exposure time leads to higher BCFs.



H.-R. Kohler et al.

limited bioavailability of higher concentrations, caused by absorption
effects or precipitation. However, with increasing P, even a theoretical
independence of the BCF from the concentration in the external aqueous
medium is no longer given for more lipophilic chemicals with increasing
exposure time. The higher the P, of a chemical, the more it interacts
with the internal lipid phase in the fish, so that the uptake kinetics -
neglecting growth dilution, metabolic transformation and fecal egestion
- are described increasingly poorly by equation (2), but rather by
equations (3) (transition between external aqueous medium and internal
aqueous phase) and (4) (transition between internal aqueous phase and
internal lipid/fat phase):

dCy,
=k Gy — k. G 3)
dc
‘Ttﬂ:kg.cfafk‘t.cﬂ (&)

Here, k"= first order rate constant for uptake into the fish'internal
aquatic phase, ky = first order rate constant for depuration from the
fish'internal aquatic phase, k3 = first order rate constant for uptake into
the fish'internal lipid/fat phase, k4 = first order rate constant for dep-
uration from the fish'internal lipid/fat phase, C,, = concentration in the
external water, Cs, = concentration in the fish’internal aquatic phase,
and Cq = concentration in the fish’internal lipid/fat phase.

In equation (4), ks and k4 depend crucially on the P, of the chemical
in question. For highly lipophilic substances, k3 is very high (at least
initially), while k4 is comparatively low, according to the high Pg. As
shown in Fig. 2, in such cases the vast majority of a highly lipophilic
chemical in fish is initially incorporated into the lipid phase (large red
arrows in Fig. 2). However, with increasing saturation of the lipid phase,
ks will continue to decrease because even lipophilic substances cannot
reach arbitrarily high concentrations in the lipid phase of the fish. In
parallel, k4 increases with time until ks and k4 become increasingly
similar when approaching lipid phase saturation. The lipid phase will
eventually reach its maximum saturation level, however, this saturation
threshold cannot be surpassed.

Using the two-phase model presented here, the BCF can be calculated
using equation [5] with BF (body fat) denoting the lipid proportion:

kl/ k3
BCF:(l—BF).k—Z,-i-BF.E 5)

The first term refers to the internal aqueous phase, the second term to
the internal lipid phase. It should be noted that if the lipophilicity of a
test chemical is high, k4 is, accordingly, initially low and increases
slightly when approaching the saturation of the lipid phase, and k3 is
initially high and decreases substantially with increasing exposure time
—the higher the test concentration in the external medium, the sooner k3
decreases. Therefore, it can be mathematically justified that the BCF can
be reliably determined only after a short exposure time using equation
(2) but will later continuously decrease with increasing test concentra-
tion and thus rapidly decreasing k3 (with k; and ks remaining constant
and a rather low but increasing value for k4). Since k3 and k4 are not
constant when approaching the lipid saturation level, the calculated BCF
decreases as internal lipid saturation is approached — and the higher the
test concentration of a lipophilic chemical in the external medium, the
sooner this effect will take place. This is consistent with the observations
in our study. Although k3 and k4 cannot be determined using the OECD
TG 305 experimental approach, the relationships described by equation
(5) are essential for understanding the underlying principles. In a hy-
pothetical accumulation experiment — theoretically conceivable, but not
practical — in which a lipophilic chemical would be applied in the
external medium with maximum lipid solubility, the BCF can, according
to these considerations, be a maximum of 1.0, but only if the fish would
consist of lipid to 100 %. Conversely, even an extremely water-soluble
chemical, tested at saturation in the aquarium water on fish with a
negligibly low lipid content, would only accumulate with a maximum
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BCF of 1.0. These extreme examples illustrate that, also based on theo-
retical considerations, the BCF cannot be independent of the concen-
tration tested.

3.3. Modelling and the BCFpro application

A comprehensive analysis of 3792 experimentally determined BCF
values for 962 chemicals in fish, with known test conditions, revealed
significant insights through multiple regression modeling. The best-fit
model (P < 0.0001), incorporating chemical parameters such as log
P,w, log water concentration, log water solubility, exposure time, tem-
perature, and fish species, accounted for just 64.9 % of the total varia-
tion in BCF values (Fig. S8; for some species, only less than 50 % of the
total variation could be explained). While each of these parameters
contributed significantly to this model, the remaining unexplained
variance suggests the existence of yet unidentified interactions and in-
terdependencies among these parameters. To further improve predictive
capabilities, a deep learning-based model (based on convolutional
neural networks) for C. carpio was used as input to the XGBoost
regression tree. This final model hence incorporated additional intrinsic
parameters, including chemical structure represented by SMILES nota-
tion to predict the BCF for unknown substances under variable exposure
conditions such as different fish species, chemical concentrations, and
exposure times, (Figs. S1-S2, S9-S10). When checking the quality of
these estimates against the experimental data in our compiled datasets,
the in silico predictions achieved an accuracy of up to 90 % when
compared to experimental data, an exceptionally high concordance
correlation coefficient of almost 1 and a RMSE of about 0.4 log units
(Fig. 4, details on fish species in Figs. S11-S20). Even the correlation (R?)
between log BCF and log LCso improved by 9.4 % when the BCF pre-
dictions generated by deep learning were used instead of experimental
data (compare Figs. S4 and S21). Compared to previously published
models for BCF prediction, our combined DL and DT approach stands
out due to its extensive data base, high level of accuracy, and excep-
tionally broad applicability (Fig. 5, supplementary Table S2 and SI text).
The Grey Wolf Optimizer (GWO) [31] algorithm was subsequently
employed to evaluate various combinations of exposure conditions to
search for optimal parameters in BCF experiments, exploring a param-
eter space that included 16 different fish species, chemical concentra-
tions ranging from 10 pgL~! to 100 mgL ! with a fine-grained slicing
size of 1 pgL ™}, and exposure times varying from 2 h to 190 days with a
slicing step of 1 h. The GWO algorithm can calculate the realistic situ-
ations for which the BCF would be maximised, using numerous combi-
nations of exposure time and water concentration to predict the
corresponding BCF (see Fig. 6, inlet 6: Optimisation of test conditions by
Grey Wolf Optimization (GWO)). It can also calculate the maximum
possible BCF and percentage shares of it (e.g. 90 % or 50 %). So, the
objective of the GWO algorithm was to identify the specific exposure
conditions (water concentration and duration) that would result in 90 %
and 50 % of the maximum BCF achievable under realistic laboratory
conditions. We define two substance-specific metrics, BCF90 and BCF50,
which represent 90 % and 50 % of the maximum BCF respectively,
integrating across various test conditions and fish species. Based on this
XGBoost-GWO system, we have developed an application called
‘BCFpro’ (Fig. 6, freely accessible at https://www.parcopedia.
eu/BCFpro) that determines reliable BCF values for unknown organic
substances for 16 fish species, including the most commonly used test
species worldwide, visualizes their expected variability and specifies the
experimental conditions necessary for simulating realistic scenarios,
such as BCF90 (representing a realistic worst-case scenario) or BCF50
(representing a minimum requirement scenario). Reliable BCF pre-
dictions are also given for ionisable chemicals (with 70 % explanatory
probability, Fig. 4) whose BCFs depend on the ambient pH, taking into
account the recently introduced mathematical variable AlogD [32], i.e.
the difference of the lipophilicity of ionisable chemicals at two different
pHs. AlogD has already been used to set a stricter EU EQS for ibuprofen
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Fig. 4. Validation of Al-generated predictions for log BCF (x-axis) by experimentally collected log BCF (y-axis) for 16 fish species and more than a thousand
chemicals under different exposure conditions. (A) Al-training subset with data for largely non-ionisable substances (n = 3032) from a literature-based dataset
compiled for the present study. (B) Predictions for the remaining BCF data from the literature-compiled database not used for Al training (data for non-ionisable
substances, n = 760). (C) Predictions for an additional publicly accessible BCF dataset from the Japanese National Institute of Technology and Evaluation (NITE)
that originated from the Chemicals Evaluation and Research Institute (CERI), Japan, for Cyprinus carpio (data for largely non-ionisable substances, collected after
several weeks of exposure presumably at steady state, n = 65). (D) Predictions for confidential BCF data submitted to the European Chemicals Agency (ECHA), the
European Food Safety Authority (EFSA) and the European Medicines Agency (EMA) and handled by the German Environmental Agency (UBA) for authorization
purposes (non-ionisable substances, n = 165). (E) Predictions for BCF data on 18 ionisable substances collected at 3-4 different pH levels for Danio rerio embryos,
using Al-generated predictions and AlogD corrections [24] for pH-adjusted data calculation (n = 60). Linear regressions (blue lines). RMSE: root mean square error.
C3: concordance correlation coefficient for agreement on a continuous measure and a measure of how well the data set fits the 1:1 line (black bisectors) [41, 42]. RZ%
Bravais-Pearson variance. In all cases correlations were highly significant at P < 0.0001. Circles represent data presumably collected at steady state, triangles
represent data calculated during the kinetics of progressive accumulation, squares represent maximum values presumably collected during steady state conditions
(CERI). The different colours of the symbols refer to the tested species. In all cases, the model was able to predict unknown test data with an accuracy of 70-89 %. For
chemicals with a BCF > 5000 (logBCF > 3.7), D. rerio was the species for which the most accurate predictions were possible, probably because the training of the AI
at such high BCFs was largely based on experimental data obtained from zebrafish (see also supplementary Figs. S17-519).

[53], and to propose a lower EU EQS for diclofenac [27], based on
realistic worst-case conditions for ambient pH, as compared to actual
test conditions. Using BCFpro we could also demonstrate that fish spe-
cies sensitivity to bioaccumulation varies significantly depending on the
specific substance and test conditions, rather than there being a uni-
versally most sensitive species, which has crucial implications for
biodiversity conservation efforts. Given that our model successfully in-
corporates the most critical parameters other factors that were only
available in a small fraction of studies (e.g. metabolization and excretion
capacity of the fish, fat content, growth, freely dissolved concentration
and total organic carbon (TOC) in the test system), were not taken into
account in our Al modelling approach and are discussed in the SI.

3.4. How to meet regulatory demands?

From a regulatory perspective, bioaccumulative substances need to
be identified at an early stage during environmental risk assessment
prior to marketing to avoid long-term effects on wildlife, humans and
ecosystems. Furthermore, emissions of such compounds need to be
minimized as much as possible, as their long term-effects are still un-
predictable [69]. Following this demand, the assessment of the bio-
accumulation potential of chemicals has become a crucial component in
the assessment of persistent (P), bioaccumulative (B) and toxic (T)
chemicals. These PBT assessments are mandatory under various Euro-
pean legislations, such for industrial chemicals under REACH [70], for
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Fig. 5. Properties of existing models for the in silico generation of BCF data. The number of BCF entries used in the studies is shown against the coefficient of
determination (R?) obtained when modelling the training (left) and test (right, prediction) datasets. The size of the dots symbolises the number of fish species for
which predictions are possible. Data taken from the following studies (in order of increasing number of BCF entries): Ivanciuc et al. (2006), Sacan et al. (2004), Lu
et al. (2000), Toropova et al. (2013), Miller et al. (2019), Dimitrov et al. (2002), Piir et al. (2010), Zhao et al. (2008), Kobayashi & Yoshida (2021), Pramanik & Roy
(2014), Weisbrod et al. (2007), Pore et al. (2024), Zang et al. (2017), Mansouri et al. (2018), Arnot & Quinn (2015), Toropov et al. (2011), Zhao et al. (2022),
Lunghini et al. (2019), Zhu et al. (2025), Chandra et al. (2025), Xu et al. (2023) [10,14,21-23,30,54-68]. *: own study which is furthermore unique in that it
incorporates several different BCF values for the same chemical, as found in the literature, into modelling on a larger scale. Details in the supplementary Table S2.

biocides [71], plant protection products [72], pharmaceuticals [73],
more recently also under the regulation of Classification, Packaging and
Labeling (CLP) [74], but also in the USA [75], Canada [76] and under
international legislation such as the Stockholm Convention on Persistent
Organic Pollutants (POPs) [77].

Experimentally generating reliable regulatory BCF values for the vast
array of current anthropogenic substances poses an insurmountable
challenge and will only continue to worsen in the future. A growing
population will drive demand for chemicals and chemical-intensive
products. Since 1950, chemical production has increased 50-fold. It is
expected to again triple by 2050 [78], with more than 350,000 chem-
icals currently in use worldwide [79] and 100,000 in Europe [78, 80]. In
addition, several thousands of largely unidentified (bio-)transformation
products with unknown hazard profiles are formed in environmental
media [81, 82], which should also be considered in a circular economy if
a sustainable world is to be achieved.

The BCFpro algorithm stands out by allowing BCF values to be
estimated with a high degree of confidence for 16 different fish species
while at the same time quantifying the extent to which specific test
conditions in the experimental test design explain the BCF value.
Furthermore, BCFpro‘s ability to simultaneously calculate BCF values
for numerous combinations of exposure conditions allows for the
determination of a theoretical maximum BCF that can be achieved
experimentally for a given organic chemical, and, consequently, the
derivation of BCF90 and BCF50 values. Setting a percentage level (90 %
for BCF90) as a guideline for regulatory applications may seem arbitrary
at first. However, numerous examples exist in ecotoxicology and other
fields where practical percentage values have been set that are intended
to provide protection while tolerating a certain residual risk. These
values are both scientifically and socially accepted. Examples include
HC5 (5 %) in species sensitivity distribution analysis, SpO2 (90 % oxy-
gen saturation in human blood for hypoxia), HbA1C (6.5 % for diabetes
mellitus diagnosis) and 60 % of gross income product as the threshold

10

for risky national debt. In this respect, it seems both practical and
plausible to tolerate 10 % of the possible maximum value as residual risk
when using a modelled BCF in regulation, and to set the 90 % level as the
relevant metric.

So, in our opinion, the BCF90 can be regarded as a proxy for worst-
case conditions that should be considered in regulatory frameworks.
Encouraged by the exceptionally high success rate of BCFpro in pre-
dicting BCFs for unknown chemicals (see Fig. 4), we applied the gen-
eration of BCF90 and BCF50 values to chemicals submitted for
registration with the EU, in order to verify the consistency of our
approach with the risk assessment carried out by the authorities. How-
ever, an analysis of 165 BCF values submitted to EU authorities (ECHA,
EFSA, EMA) for the purpose of chemical regulation revealed that 26.7 %
of submitted values were more than 10 times lower than their corre-
sponding BCF90 values (Fig. 7).

Almost a fifth of the submitted values (19.4 %) even fell short of the
median metric, BCF50, by a factor of 10 or more. For chemicals classi-
fied as bioaccumulative, i.e. with an experimental BCF > 1000 (USA) or
> 2000 (EU), BCFpro correctly identified 89.4 % (for BCF >1000) and
84.6 % (for BCF >2000), respectively, by calculating the BCF90. This
sensitivity of up to almost 90 % shows the high reliability of the BCFO0
as a worst-case metric. Alarmingly, however, 46.9 % and 62.7 % of the
chemicals for which BCF90 values > 1000 and > 2000 are predicted by
BCFpro, respectively, were reported to EU authorities to have BCF
values below 1000 and 2000, so that these chemicals were not classified
according to their true accumulation potential (Fig. 7).

3.5. Considerations regarding the limitations and potential improvements
to BCFpro

Finally, the limitations of the modelling primarily concern the raw
data, and these are discussed in detail in the SI. For example, lipid
normalisation is essential for producing consistent, comparable and
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Fig. 6. Screenshot of BCFpro with visualized data - example for the anti-inflammatory drug diclofenac. (1): Chemical structure and IUPAC Standard International
Chemical Identifier (InChI) Key. (2): Habitus of 16 test species and species-specifically predicted BCFs for those conditions that have been calculated as optimal for a
selected species (here Danio rerio). (3): Test conditions-specific parameters used to calculate the resulting BCF for the 16 species (panel 2) under the optimal test
conditions for Danio rerio in this example. (4): Predicted BCF (y-axis) vs. log water concentration (x-axis, top) and vs. exposure duration (x-axis, bottom). Top: The
graph on water concentration vs BCF includes the estimated BCF90 (green dashed line) and BCF50 (blue dashed line), their corresponding water concentrations, the
predicted maximum water solubility, the LCso and 0.1 x LCsp, and the maximum expected BCF. It also includes generated BCF predictions for specific water con-
centrations (raw data, gray dots) as well as the non-linear fit curve (black line) and its 95 % confidence interval (yellow-green area). Bottom: Calculation of the time
course of predicted values representing 90 % and 50 % of the maximum BCF at each time point (black and gray dots) and the corresponding fitted curves (green and
blue, respectively). Predicted BCF 90 (green dashed line) and BCF 50 (blue dashed line) at respective water concentrations are shown for comparison. The red dashed
line indicates the exposure time predicted to reach the BCF90. (5): Shapley Additive Explanations (SHAPs) values explaining the effect of each variable for the
predictions of BCFs. Since the initial DL model was trained to predict BCF data for Cyprinus carpio only, XGBoost applies various corrections to the initially calculated
values for optimized prediction, considering water concentration, exposure duration, different fish species, etc. These corrections in positive and negative directions
are visualized here. (6): Three-dimensional plot of test condition-specific BCFs as a function of water concentration and exposure time for the fish species for which
the maximum BCF was determined (here: Danio rerio). Indication of the parameters for which this maximum BCF can be achieved experimentally. (7): Predicted
BCF90 and BCF50 values for diclofenac (selected chemical) and Danio rerio (species with maximum BCF).

meaningful bioconcentration data in fish studies [83], particularly with
regard to lipophilic substances. This accounts for natural variability in
fish lipid content, which would otherwise make it difficult to interpret
bioaccumulation results. According to OECD TG 305, the BCF must be
corrected for a lipid content of 5 % (for both steady-state and kinetic
BCF) throughout the study period, in order to minimise variation in BCF
values [8]. However, the lipid content of the fish was not reported for
the majority (>80 %) of the available experimental data. In the publicly

available Japanese NITE dataset, the lipid content of the fish was not
reported at all. Therefore, the effect of fish lipid content could not be
included in the BCFpro modelling and should be addressed when more
data becomes available to further increase the reliability of BCF pre-
dictions. Furthermore, other biological and technical parameters
potentially affect BCF values in experimental studies (e.g. growth
correction and species capacity for the metabolism and excretion of
chemicals; see SI). They should be considered and implemented as
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Fig. 7. Comparison of BCF values for organic chemicals and fish from randomly selected studies submitted to the EU for chemical regulation with BCF50 and BCF90
values calculated for these substances using BCFpro (n = 165, chemical identity confidential). (A): BCFpro predicted log BCF50 vs. submitted BCF. Linear regression
line in black, dashed. Blue line: bisector (1:1 ratio). Over- and underestimation of BCF50 by the submitted studies by factors of 3, 5 and 10 are symbolized by lines
parallel to the bisector in green, orange, red, respectively. The different colors of the symbols refer to the tested species. (B): Same plot as in (A) but comparing
BCFpro-derived predicted log BCF90 vs. submitted BCF. The vertical and horizontal light and dark violet dashed lines symbolize the limits above which a substance is
considered to be bioaccumulative (1000 for USA, Japan, 2000 for Australia, EU). (C): Proportion of submitted BCF values that underestimate the BCF50 by more than
a factor of 10 (light red part of graph (A), 32 of 165 data points, corresponding to 19.4 %). (D): Percentage of submitted BCF values that underestimate the BCF90
(worst-case bioaccumulation factor) by more than a factor of 10 (light red colored part of graph (B), 44 out of 165 data points, 26.7 %). (E): Top left: ratio of
chemicals with submitted BCF data < 1000 to those with BCF90 > 1000 (i.e. 1 - predictivity). BCFpro determines a BCF90 > 1000 for 81 substances, but for 38 of
them a BCF < 1000 was submitted (underestimation by 46.9 % of these data). (E) Lower left: the same proportion of submitted BCFs < 2000 for those substances for
which BCFpro determined a BCF90 > 2000. This corresponds to 37 out of 59 data points underestimating the BCF90 (i.e. 62.7 %). (E) Top right: sensitivity (i.e. the
proportion of actual positives that are correctly identified) of BCF90 > 1000 for submitted BCF data > 1000. For 42 out of 47 chemicals, both metrics are above 1000
(89.4 %). (E) Lower right: sensitivity of BCF90 > 2000 for submitted BCF data > 2000. Twenty-two out of 26 chemicals have both metrics above 2000 (84.6 %). The
areas where the corresponding data points in plot (B) are located are indicated by the violet-colored sectors in the small graphs in (E).

additional factors in Al models such as BCFpro in future to increase
reliability. Therefore, we strongly recommend that future bio-
concentration studies describe the experimental design and test condi-
tions in detail and perform tests according to realistic worst-case
conditions (justified by the BCFpro model), in order to support sound
interpretation and robust safety assessments. This will help continuously
update the available "gold standard’ BCF database, improve the training
data and increase the accuracy of future bioaccumulation models,
enabling comparison with quality-assured benchmark studies. Further
research is needed to improve explicability and regulatory acceptance.
Transparency, comparability and reproducibility beyond individual
studies must also be considered when developing future models.

4. Conclusions

We can identify three areas in which the novel, standardised metrics
and the BCFpro application can be put into practice:

(1) Support of regulatory authorities and risk assessment: (a) Review
of dossiers submitted to authorities for authorisation or regis-
tration of chemicals that have chosen rather arbitrary test con-
ditions to determine one BCF among many possible ones. As our
developed tool is a fast and very cost-effective alternative to the
OECD TG 305 bioaccumulation test, the BCF90 can be quickly
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and easily calculated and used as a realistic worst-case surrogate,
especially regarding environmentally relevant concentrations.
Furthermore, we suggest (in analogy to the LCsp) that the mean
value in a continuum of possible bioaccumulation factors, i.e. the
BCF50, should be considered as a minimum requirement in this
context. (b) Defining specifications for fish species and specific
test conditions such as chemical concentration and exposure time
for the experimental determination of meaningful bio-
concentration factors. This ensures more standardised and accu-
rate bioaccumulation assessments in the future. The results of this
study have been shared with relevant regulatory authorities, most
notably with the European Chemicals Agency, for further dis-
cussion and have the potential to stipulate further activity to-
wards future implementation in chemical risk assessment
guidelines and legislation.

(2) Support for chemical manufacturers and societal and ethical

significance: numerically unlimited screening of eco-
toxicologically uncharacterised chemicals and their metabolites
prior to registration for their bioaccumulation potential aimed at
identifying them a priori as potential B or vB substances, which
can significantly contribute to a global reduction of animal ex-
periments. Thus, our approach has great potential as an in silico
alternative to fish testing. It combines cost savings with social and
ethical benefits.
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(3) Implications for environmental monitoring programs: Under-
standing a substance’s or organism’s high bioaccumulation factor
enables us to focus monitoring efforts on those that pose the
greatest long-term risks to ecosystems and health. Substances
with high BCFs should be prioritised for monitoring, as they can
cause ecological damage in the long term even at low concen-
trations in the environment. BCF values can inform prioritisation
lists, enabling the limited resources available for monitoring
programmes to be used more effectively to maximise environ-
mental benefit. By reducing the uncertainty in bioaccumulation
estimates, Al-based models such as BCFpro will ultimately
strengthen the ecological realism of risk assessments. This is
achieved by predicting true body burdens, which can then be
linked to adverse effects such as reproduction, survival and
population viability. This will ultimately help us to understand
the impact on biodiversity and its implications for risk manage-
ment under regulatory frameworks such as REACH and the Water
Framework Directive.

Environmental Implication

Determining bioaccumulation factors (BCFs) is an essential part of
the chemical authorization process and provides information on their
potential to accumulate in environmental compartments. Our work
shows that a chemical’s BCF is highly dependent on its concentration in
the external medium, which leaves great scope for reporting BCFs to
authorities. However, a standardized BCF value that reflects worst-case
scenarios would reliably classify bioaccumulating substances. In our
study, we introduce such a novel metric, called BCF90, and present an
Al-generated methodology that can determine this metric for organic
environmental chemicals with up to 90 % accuracy in silico.
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