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Abstract: Bisphenol A (BPA), a compound widely used in industrial applications, has raised concerns
due to its environmental impact. As a key component in the manufacture of polycarbonate plastics
and epoxy resins used in many consumer products, concerns about potential harm to human health
and the environment are unavoidable. This study seeks to address these concerns by evaluating
a range of potential BPA alternatives, focusing on their ecotoxicological properties. The research
examines 76 bisphenols, including BPA derivatives, using a variety of in silico ecotoxicological models,
although it should be noted that these models were not developed exclusively for this particular class
of compounds. Consequently, interpretations should be made with caution. The results of this study
highlight specific compounds of potential environmental concern and underscore the need to develop
more specific models for BPA alternatives that will allow for more accurate and reliable assessment.

Keywords: bisphenol A (BPA); BPA alternatives; ecotoxicity assessment; in silico models; principal
component analysis (PCA); environmental impact

1. Introduction

Bisphenol A (BPA) has long been a focal point of environmental concern due to its
widespread use in various industrial applications, particularly in the production of plastics,
resins, and thermal paper. It is valued for its ability to enhance the strength and flexibility
of synthetic products. BPA is a key ingredient in producing polycarbonate plastics, epoxy
resins, certain flame retardants, and various other materials [1,2]. BPA is found in things
like plastic containers, metal can linings, packaging for cosmetics and personal care items,
cookware, toys, receipts, sports gear, and medical devices [1,3]. It has even been detected
in canned foods, drinks, and cosmetic and personal care products [4–6]. Its omnipresence
in everyday products has raised significant concerns about potential harm to human health
and the environment. Studies have linked BPA exposure to a range of health issues,
including endocrine disruption, reproductive abnormalities, developmental disorders, and
metabolic changes, among others [7–11]. Consequently, there is a growing need to explore
alternative compounds that could be safer replacements for BPA.

In this context, a new generation of compounds meant to replace BPA has been devel-
oped. Some alternatives, including bisphenol F (BPF), bisphenol S (BPS), and bisphenol
AF (BPAF), have been created and are now used in everyday products [8,12]. However,
the new “BPA-free” alternatives closely resemble the original BPA in structure, with minor
changes in certain parts of the molecule (Figure 1). While the term “BPA-free” may give
the idea of safer options, it is important to note that the safety of these substitutes is not
fully verified [12–14]. Due to their structural similarities with BPA, the alternatives may
also have similar endocrine-disrupting effects, and many studies are reporting potential
health risks associated with them [15,16].

Consequently, concerns about the environmental impact of BPA alternatives are grow-
ing. Compounds like BPS and BPF, which are replacing BPA in various products, are
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increasingly being detected in the environment [12], yet information about their impacts
on ecosystems is scattered and incomplete. Given the escalating adoption of these BPA-free
alternatives, it is crucial to assess their potential environmental impact. Understanding the
ecotoxicity profile of BPA alternatives is essential in order to identify any potential risks to
overall environmental health.
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Figure 1. Structure of bisphenol A and some derivatives: (a) Bisphenol A; (b) Bisphenol S; (c) Bi-
sphenol F. 

Consequently, concerns about the environmental impact of BPA alternatives are 
growing. Compounds like BPS and BPF, which are replacing BPA in various products, are 
increasingly being detected in the environment [12], yet information about their impacts 
on ecosystems is scattered and incomplete. Given the escalating adoption of these BPA-
free alternatives, it is crucial to assess their potential environmental impact. Understand-
ing the ecotoxicity profile of BPA alternatives is essential in order to identify any potential 
risks to overall environmental health. 

The investigation of BPA and its alternatives is intrinsically linked to regulatory and 
policy considerations. Governmental agencies and international organizations face the 
challenge of formulating evidence-based regulations and guidelines for the use of chemi-
cals like BPA. Strong scientific research is essential in guiding these regulatory decisions, 
ensuring they safeguard public health and are based on solid ecological principles. This 
is why recent focus in the scientific community has shifted towards BPA-alternative re-
search. For instance, the PARC project (partnership for the assessment of risks from chem-
icals) has also recognized the significance of this issue [17], incorporating it as a priority 
within its agenda. 

Regulatory measures have already been implemented concerning BPA, which is 
acknowledged for its adverse health effects, leading to restrictions on its use. For example, 
BPA has been banned in various consumer products for infants and children since 2008 
[18]. European Union countries have banned BPA in thermal paper when its concentration 
exceeds 0.02% [19]. Moreover, the European Food Safety Agency (EFSA), after reassessing 
the risks associated with BPA in food, recommended a reduction in its tolerable daily in-
take in 2021 [20]. Despite these actions, the potential toxicity of the alternatives to BPA has 
not been comprehensively evaluated due to the lack of experimental data and the ob-
served variability in the experimental procedures when experimental data are available. 
In such cases, in silico toxicology methods emerge as valuable tools for addressing and 
bridging this gap. Currently, in silico approaches are frequently employed alongside other 
toxicity tests. Nevertheless, there is a growing trend in using these approaches to generate 
toxicity assessment information, reducing the necessity for in vitro or in vivo studies, de-
pending on the decision context. 

Over the past few years, in silico tools have become a key component in the drug 
development pipeline [21,22]. They have also gained significance as valuable tools for as-
sessing ecotoxicity endpoints, offering a cost-effective, time-efficient, and ethically re-
sponsible alternative to conventional experimental approaches. They play a crucial role in 
predicting and evaluating the potential environmental impact of chemicals, thereby re-
ducing the necessity for extensive animal testing. In fact, the use of non-animal alternative 
methods, especially in silico approaches, is playing a growing role in regulatory submis-
sions. The European Union’s REACH regulation specifies acceptable alternative methods 
for data gap filling in Annex XI [23]. Similarly, the U.S. revised the Toxic Substances Con-
trol Act (TSCA) in 2016 to include predictive models and expert reviews as integral com-
ponents of the overall assessment [24]. 

Figure 1. Structure of bisphenol A and some derivatives: (a) Bisphenol A; (b) Bisphenol S; (c) Bisphe-
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The investigation of BPA and its alternatives is intrinsically linked to regulatory and
policy considerations. Governmental agencies and international organizations face the
challenge of formulating evidence-based regulations and guidelines for the use of chemi-
cals like BPA. Strong scientific research is essential in guiding these regulatory decisions,
ensuring they safeguard public health and are based on solid ecological principles. This is
why recent focus in the scientific community has shifted towards BPA-alternative research.
For instance, the PARC project (partnership for the assessment of risks from chemicals)
has also recognized the significance of this issue [17], incorporating it as a priority within
its agenda.

Regulatory measures have already been implemented concerning BPA, which is ac-
knowledged for its adverse health effects, leading to restrictions on its use. For example,
BPA has been banned in various consumer products for infants and children since 2008 [18].
European Union countries have banned BPA in thermal paper when its concentration
exceeds 0.02% [19]. Moreover, the European Food Safety Agency (EFSA), after reassessing
the risks associated with BPA in food, recommended a reduction in its tolerable daily intake
in 2021 [20]. Despite these actions, the potential toxicity of the alternatives to BPA has not
been comprehensively evaluated due to the lack of experimental data and the observed
variability in the experimental procedures when experimental data are available. In such
cases, in silico toxicology methods emerge as valuable tools for addressing and bridging
this gap. Currently, in silico approaches are frequently employed alongside other toxicity
tests. Nevertheless, there is a growing trend in using these approaches to generate toxicity
assessment information, reducing the necessity for in vitro or in vivo studies, depending
on the decision context.

Over the past few years, in silico tools have become a key component in the drug devel-
opment pipeline [21,22]. They have also gained significance as valuable tools for assessing
ecotoxicity endpoints, offering a cost-effective, time-efficient, and ethically responsible
alternative to conventional experimental approaches. They play a crucial role in predicting
and evaluating the potential environmental impact of chemicals, thereby reducing the
necessity for extensive animal testing. In fact, the use of non-animal alternative methods,
especially in silico approaches, is playing a growing role in regulatory submissions. The
European Union’s REACH regulation specifies acceptable alternative methods for data
gap filling in Annex XI [23]. Similarly, the U.S. revised the Toxic Substances Control Act
(TSCA) in 2016 to include predictive models and expert reviews as integral components of
the overall assessment [24].

The FDA places emphasis on employing computational toxicology methods when
experimental data are lacking in the evaluation of medical devices and electronic nicotine
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delivery devices [25,26]. Additionally, for chemicals with limited toxicity data, in silico
toxicology offers a quick alternative for addressing data gaps in toxicity/safety information,
aiding in classification and labeling for shipping and other purposes [27,28].

Within regulatory frameworks, a collaborative approach is evident, where in silico
predictions complement standard toxicological data. This synergy is demonstrated by
in silico data providing supporting information for primary in vivo or in vitro studies,
offering a mechanistic understanding of the results, and contributing to a more precise
definition of the experimental needs. In effect, in silico methods can guide or prioritize
in vitro testing [29].

In silico tools employ algorithms and data analysis techniques to predict the potential
environmental impact of chemicals on various organisms and ecosystems. By employing
large datasets and advanced mathematical models, in silico methods can rapidly screen a
plethora of compounds, prioritizing those with higher ecological risks for further analysis.
Furthermore, they facilitate a deeper understanding of the underlying mechanisms govern-
ing toxicity, enable the design of safer chemicals, and aid in regulatory decision-making.
Indeed, the European Commission’s Scientific Committee for Consumer Safety (SCCS),
responsible for assessing the risk of cosmetic ingredients, recommends integrating in silico
methods for internal decision-making or as part of a weight-of-evidence approach [30].
In silico tools represent a pillar in modern environmental risk assessment, contributing
significantly to the sustainable conservation and protection of the environment.

However, existing in silico models are developed using compounds from diverse
chemical categories and may encompass only individual bisphenols such as BPA, BPAF, and
BPS in their training data. These models often also have a restricted set of ecotoxicological
endpoints, which might not consistently meet the demands of risk assessment. At present,
a multitude of QSAR models are at our disposal for predicting toxicity across a broad
spectrum of compounds. However, there is a notable absence of specialized models
tailored for the specific prediction of the ecotoxicological characteristics of bisphenols and
their derivatives.

Within this framework, this study aims to comprehensively assess the ecotoxicological
properties of BPA and its potential alternatives, providing a detailed insight into their
potential impacts on the environment and human health. Our research outlines the in
silico tools employed to evaluate the bioactivity of BPA alternatives, focusing on the use
of existing models for different relevant environmental endpoints. This approach allows
us to gain a comprehensive understanding of the available tools and their limitations,
contributing to the identification of needs for the development of new methods—an area of
crucial focus for the PARC project. Investigating BPA and exploring viable alternatives is
of social and environmental significance. This exploration goes beyond immediate health
concerns and looks into broader goals related to sustainability, human well-being, and
ecological integrity.

2. Materials and Methods
2.1. Dataset

The data set consists of 76 bisphenols, which are considered potential alternatives for
bisphenol A (see Supplementary Materials in Table S1). Among them, four compounds
have disconnected structures (ionized form). Their structures, encoded in SMILES notations,
have been used to calculate 708 descriptors using the alvaDesc version 2.0.10 tool, which
calculates 33 different groups of descriptors [31,32]. One of the most innovative features of
alvaDesc is its capability to handle both full-connected and non-full-connected molecular
structures, such as salts and ionic liquids. All the molecular descriptor calculation algo-
rithms provide different theoretical approaches for the calculation of molecular descriptors
on such structures. During this calculation, we considered descriptors derived from zero,
one, and two-dimensional structures. Any descriptors that were unavailable for certain
molecules were intentionally excluded from the analysis. Additionally, the descriptors
were also calculated for the four compounds characterized by disconnected structures. Sub-
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sequently, the number of descriptors was reduced with the principal component analysis
(PCA) method.

2.2. Principal Component Analysis

Principal component analysis (PCA) is a widely employed technique for analyzing
multi-dimensional data. The basic idea of PCA is to reduce the number of variables while
retaining the essential information within the dataset. Mathematically, PCA involves a
linear transformation of the original variables into new, latent variables. The transformation
matrix is derived from the eigenvectors of the variance matrix, which are organized based
on their information content. This means that objects are effectively represented in a new
space with only a few variables.

The outcomes of PCA are typically presented through three key components. The
informational content of individual latent variables, as well as the cumulative informational
content, is commonly presented in a scree plot. The objects presented in the latent variables
are visualized in score plots. In our specific case, these representations are color-coded in
accordance with their predicted properties. Furthermore, the loadings analysis is employed
to assess which original variables exert significant influence on a given latent variable.

2.3. Ecotox Models Implemented in Vega and Their Suitability for Predicting BPA Alternatives

We assessed the eco-toxicological properties of BPA and derivatives using the Ecotox
models integrated within the online platform VEGAHUB 2013 [33], which are freely avail-
able to the public at https://www.vegahub.eu/portfolio-item/vega-qsar/ (accessed on
3 October 2023).

Specifically, we focused on models that included one or more bisphenol derivatives in
their training data. The relevant models and associated bisphenols can be found in Table 1.
It is important to note that the four compounds with disconnected structures were not
predicted by the models.

2.3.1. Fish Acute (LC50) Toxicity Model (IRFMN) Version 1.0.1 [34,35]

This model provides a quantitative prediction for toxicity in fish (Oryzias latipes,
Japanese ricefish/medaka) LC50 (96 h), measured in mg/L. The model is constructed using
a tree ensemble random forest approach and is based on data from the Japanese Ministry
of Environment dataset [36].

The model’s endpoint is focused on short-term toxicity to fish, specifically utilizing the
OECD Test No. 203 fish acute toxicity test, which evaluates the mortalities after exposure
to the test substance, preferably for a period of 96 h.

The dataset used to build the model comes from the Japanese Ministry of Environment
and comprises 331 experimental data points on Oryzias latipes selected according to OECD
Test No. 203. To create the QSAR model, the dataset was divided into training and test sets
in an 80:20 ratio. In this model, the training set includes two bisphenols: BPA alternatives,
such as BPA and BPF. This inclusion enhances the model’s capacity to predict this endpoint
in compounds with similar structural characteristics, but it is not enough to ensure robust
and reliable predictions for this specific class of compounds.

2.3.2. Fathead Minnow LC50 (96 h) (EPA) Version 1.0.7 [37,38]

The model provides a quantitative prediction for fathead minnow (Pimephales promelas)
LC50 (96 h) in mg/L. It is a re-implementation of Todd Martin’s original model developed
within the T.E.S.T. version 5.1.2 software for the US EPA.

The model’s endpoint is focused on short-term toxicity to fish. The fathead minnow
LC50 endpoint represents the concentration in water, which kills half of fathead minnow
(Pimephales promelas) in 4 days (96 h).

The model is a linear regression model based on 21 molecular descriptors. The
regression coefficients were calculated using the original T.E.S.T. dataset, which consists
of 816 compounds extracted from the ECOTOX aquatic toxicity database (http://cfpub.

https://www.vegahub.eu/portfolio-item/vega-qsar/
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epa.gov/ecotox/) (accessed on 3 October 2023). While the training set does include BPA
and TBBPA, it is essential to pay special attention when analyzing predictions made on this
class of compounds. The limited presence of these compounds in the training set may not
be sufficient to ensure robust and reliable predictions.

2.3.3. Daphnia Acute (EC50) Toxicity Model (IRFMN) Version 1.0.1 [39]

The model provides a quantitative prediction of acute toxicity in Daphnia Magna
(EC50), given in mg/L. The model is constructed using a tree ensemble random forest
approach and is based on data from the Japanese Ministry of Environment dataset [36].

The endpoint used for the models was the short-term toxicity to aquatic invertebrates,
specifically the 48 h Daphnia magna EC50 according to OECD Test No. 202: Daphnia sp.
acute immobilization test. This test assesses the percentage of immobilized daphnids after
a 48 h exposure to a test compound.

The dataset comprises 445 experimental data retrieved from the Japanese Ministry of
Environment, selected according to OECD Test No. 202, and was split randomly into the
training and test sets. In this model, the training set encompasses different BPA alternatives,
such as BPA, BPS, BPF, BPZ, and TBBPA. This inclusion enhances the model’s capacity to
predict this endpoint in compounds with similar structural characteristics.

2.3.4. Algae Acute EC50 Toxicity Model (IRFMN) Version 1.0.1 [35,40]

This model provides a quantitative prediction for toxicity in algae (Raphidocelis sub-
capitata) EC50 (72 h), measured in mg/L. The model is constructed using a Tree Ensemble
Random Forest approach and is based on data from the Japanese Ministry of Environment
dataset [36].

The model’s endpoint is focused on long-term toxicity to aquatic algae and cyanobacte-
ria, specifically utilizing the OECD Test No. 201, freshwater alga and cyanobacteria, growth
inhibition test. This test evaluates the growth inhibition of algae and cyanobacteria when
exposed to different compounds.

The dataset used to build the model comes from the Japanese Ministry of Environment
and comprises 315 experimental data points on algae acute toxicity ErC50 values. These val-
ues represent the reduction in growth rate (ErC50) and are expressed in mg/L after 72 h. In
this model, the training set encompasses different BPA alternatives, such as BPA, BPA 2 EO,
BPF, TBBPA, and 4,4′,4′′-(ethan-1,1,1-triyl)triphenol. This inclusion enhances the model’s
capacity to predict this endpoint in compounds with similar structural characteristics.

2.3.5. Algae (EC50) Toxicity Model (ProtoQSAR/Combase) Version 1.0.1 [41,42]

This model provides a quantitative prediction for toxicity in algae (Raphidocelis sub-
capitata) EC50 (72 h), measured in mg/L. The model is constructed using a support vec-
tor machine approach and is based on data from the Japanese Ministry of Environment
dataset [36], including experimental values of ErC50 after 72 h for R. subcapitata for 361
mono-constituent organic biocide-like compounds.

The model’s endpoint is focused on long-term toxicity to aquatic algae and cyanobacte-
ria, specifically utilizing the OECD Test No. 201, freshwater alga and cyanobacteria, growth
inhibition test. This test evaluates the growth inhibition of algae and cyanobacteria when
exposed to different compounds.

The whole dataset was randomly divided into a training set (70%), a validation set
(15%), and an external validation set (15%). The training set includes BPA, BPA 2 EO,
BPS, BPF, BPZ, TBBPA, and 4,4′,4′′-(ethan-1,1,1-triyl)triphenol, which enhances the model’s
ability to predict this endpoint in compounds with similar structural characteristics.

2.3.6. Algae Chronic (NOEC) Toxicity Model (IRFMN) Version 1.0.1 [43]

This model provides a quantitative prediction for toxicity in algae (Raphidocelis subcap-
itata) EC50 (72 h), measured in mg/L. The model is constructed using the tree ensemble
random forest approach and is based on experimental values of algae chronic toxicity

http://cfpub.epa.gov/ecotox/
http://cfpub.epa.gov/ecotox/
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(NOEC, 72 h growth rate) for 410 compounds retrieved from the Japanese Ministry of
Environment dataset [36].

The model’s endpoint is focused on long-term toxicity to aquatic algae and cyanobacte-
ria, specifically utilizing the OECD Test No. 201, freshwater alga and cyanobacteria, growth
inhibition test. This test evaluates the growth inhibition of algae and cyanobacteria when
exposed to different compounds.

To derive the models, the dataset was divided into training and test sets with a ratio
of 80:20. In this model, the training set encompasses different BPA alternatives, such as
BPA, BPA 2EO, BPF, and BPZ. This inclusion enhances the model’s capacity to predict this
endpoint in compounds with similar structural characteristics.

2.3.7. Sludge Classification Toxicity Model for Biocides (ProtoQSAR/COMBASE) Version
1.0.0 [44,45]

The model provides a binary classification model designed specifically to predict
toxicity in activated sludge, with a focus on biocides. The model was built using the
boosted trees algorithm based on experimental results on 94 biocide-like compounds for
EC50 after 3 h on activated sludge from the COMBASE dataset and various databases
within the OECD QSAR Toolbox, v. 4.2. (www.qsartoolbox.org) (accessed on 3 October
2023). Its development took place within LIFE15 ENV/ES/416.

The model’s endpoint relied on data from OECD Test No. 209: Respiration Inhibition.
This method assesses the impact of a substance on microorganisms found in activated
sludge, primarily bacteria. It measures the respiration rate of these microorganisms, which
involves the oxidation of carbon and/or ammonium under specific conditions with varying
concentrations of the test substance. During the test, samples of activated sludge with the
test substance, as well as blank controls without the substance, are incubated with synthetic
sewage. After a contact time of 3 h, the respiration rates are measured in an enclosed cell
containing an oxygen electrode.

Two classes were defined based on the EC50 (3 h) < 100 mg/L threshold for toxic sub-
stances. Even though the training set comprises BPS and 4,4′,4′′-(ethan-1,1,1-triyl)triphenol,
their limited presence might not be adequate to guarantee strong and dependable predic-
tions for this particular class of compounds.

2.3.8. Sludge (EC50) Toxicity Version (ProtoQSAR/COMBASE) 1.0.1 [45,46]

This model provides a quantitative prediction for toxicity in activated sludge at EC50
(3 h), measured in mg/L. The model was built using multiple linear regression based on
experimental results on 94 biocide-like compounds for EC50 after 3 h on activated sludge
from the COMBASE dataset and various databases within the OECD QSAR Toolbox, v. 4.2.
(www.qsartoolbox.org) (accessed on 3 October 2023). Its development took place within
LIFE15 ENV/ES/416.

The classification model’s endpoint relied on data from OECD Test No. 209: res-
piration inhibition. This method assesses the impact of a substance on microorganisms
found in activated sludge, primarily bacteria. It measures the respiration rate of these
microorganisms, which involves the oxidation of carbon and/or ammonium under specific
conditions with varying concentrations of the test substance. During the test, samples of
activated sludge with the test substance, as well as blank controls without the substance,
are incubated with synthetic sewage. After a contact time of 3 h, the respiration rates are
measured in an enclosed cell containing an oxygen electrode.

Even though the training set comprises a bisphenol derivative: 4,4′,4′′-(ethan-1,1,1-
triyl)triphenol, their limited presence might not be adequate to guarantee strong and
dependable predictions for this particular class of compounds.

2.3.9. Bioconcentration Factors (BCF) Model (CAESAR) Version 2.1.15 [47–49]

The model provides a quantitative prediction of bioconcentration factor (BCF) in fish
(Cyprinos Carpio and salmonids), given in log(L/kg). The hybrid model is constructed

www.qsartoolbox.org
www.qsartoolbox.org
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using multiple linear regression and radial basis function neural network approaches and
is based on experimental log BCF values of 511 from Dimitrov et al. [50]

The model’s endpoint is focused on the bioconcentration potential of substances in
fish, specifically utilizing OECD Test No. 305 bioaccumulation in fish: aqueous and dietary
exposure. Bioconcentration occurs when a chemical concentration in an aquatic organism
surpasses that in the surrounding water due to direct exposure, excluding dietary intake.
This is quantified using a bioconcentration factor (BCF), represented by the ratio of the
chemical concentration in the organism (CB) to that in the water (CW) at a steady state,
where CB remains constant over time.

The model extends the original CAESAR model, previously available at http://www.
caesar-project.eu, no longer supported. In this model, the training set encompasses BPA and
TBBPA. This inclusion enhances the model’s capacity to predict this endpoint in compounds
with similar structural characteristics, but their limited presence might not be adequate to
guarantee strong and reliable predictions for this class of compounds.

2.3.10. Bioconcentration Factors (BCF) Model (Arnot-Gobas) Version 1.0.1 [51,52]

The model provides a quantitative prediction of bioconcentration factor (BCF) in fish
(Cyprinos Carpio and salmonids), given in log(L/kg). The hybrid model is constructed
using multiple linear regression and radial basis function neural network approaches and
is based on experimental log BCF values of 511 from Dimitrov et al. [50]

The model’s endpoint is focused on the bioconcentration potential of substances in
fish, specifically utilizing OECD Test No. 305 bioaccumulation in fish: aqueous and dietary
exposure. Bioconcentration occurs when a chemical concentration in an aquatic organism
surpasses that in the surrounding water due to direct exposure, excluding dietary intake.
This is quantified using a bioconcentration factor (BCF), represented by the ratio of the
chemical concentration in the organism (CB) to that in the water (CW) at a steady state,
where CB remains constant over time.

This model is an implementation of the Arnot-Gobas BAF-BCF model of EPISUITE.
In this model, the training set includes BPA, TBBPA, and TBMD, enhancing predictions
for structurally similar compounds. However, the limited data might not be enough to
guarantee strong and reliable predictions for this class of compounds.

2.3.11. Bioconcentration Factors (BCF) Model (Meylan) Version 1.0.4 [53,54]

The model provides a quantitative prediction of bioconcentration factor (BCF) in fish,
given in log(L/kg). The model is based on the method proposed by Meylan et al. [54]
as implemented in the EPI Suite BCFBAF module v 4.11. (http://www.epa.gov/oppt/
exposure/pubs/episuite.htm) (accessed on 3 October 2023). The model provides a BCF
prediction based on different regression equations or fixed values, selected on the basis of
an initial classification between ionic and non-ionic compounds and on the value of the
predicted logP value. The final dataset has 662 compounds.

The model’s endpoint is focused on the bioconcentration potential of substances in
fish, specifically utilizing OECD Test No. 305 bioaccumulation in fish: aqueous and dietary
exposure. The bioconcentration factor (BCF) is the concentration of the test substance in
the fish or specified tissues thereof divided by the concentration of the chemical in the
surrounding medium at steady state.

In this model, the training set includes BPA and TBBPA, enhancing predictions for
structurally similar compounds. However, the limited data might not be enough to guaran-
tee strong and reliable predictions for this class of compounds.

2.3.12. Bioconcentration Factors (BCF) Model (kNN/Read-Across) Version 1.1.1 [55,56]

The model performs a read-across and provides a quantitative prediction of biocon-
centration factor (BCF) in fish, given in log(L/kg). The read-across model has been built
with the istKNN application and is based on the similarity index developed inside the
VEGA platform; the index takes into account several structural aspects of the compounds.

http://www.caesar-project.eu
http://www.caesar-project.eu
http://www.epa.gov/oppt/exposure/pubs/episuite.htm
http://www.epa.gov/oppt/exposure/pubs/episuite.htm
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The model’s endpoint is focused on the bioconcentration potential of substances in
fish, specifically utilizing OECD Test No. 305 bioaccumulation in fish: aqueous and dietary
exposure. The bioconcentration factor (BCF) is the concentration of the test substance in
the fish or specified tissues thereof divided by the concentration of the chemical in the
surrounding medium at steady state.

This dataset comprising 860 chemicals has been made by Istituto di Ricerche Farmaco-
logiche Mario Negri, merging experimental data from several reliable sources, including
the original dataset of the CAESAR BCF model. In this model, the training set includes
BPA and TBBPA, enhancing predictions for structurally similar compounds. However, the
limited data might not be enough to guarantee strong and reliable predictions for this class
of compounds.

2.3.13. Persistence (Soil) Quantitative Model (IRFMN) Version 1.0.1 [57]

The model is based on half-life ultimate biodegradation test data and provides an
evaluation of persistence properties in the water compartment based on a dataset from
Gouin et al. [58]

The model’s endpoint is focused on persistence in soil measured as half-life in days,
specifically utilizing OECD Test No. 307: aerobic and anaerobic transformation in soil. This
test determines the rate of transformation of the test substance and the nature and rates of
formation and decline of transformation products to which plants and soil organisms may
be exposed.

The training set of the model includes TBBPA, enhancing predictions for structurally
similar compounds. However, the limited data might not be enough to guarantee strong
and reliable predictions for this class of compounds.

Table 1. Ecotoxicological models available in VEGA version 1.1.5 software.

Model Name Biological Model Endpoint Bisphenol
Derivatives Reference

Fish Acute (LC50)
Toxicity model

(IRFMN)

Oryzias latipes
(Japanese rice fish)

Short-term toxicity to fish.
Fish, Acute Toxicity Test BPA 1, BPF 2

Toma et al., 2021 [35]
https://www.vegahub.eu/

vegahub-dwn/qmrf/QMRF_
FISH_LC50_IRFMN.pdf

(accessed on 5 October 2023)

Fathead Minnow
LC50 96 h (EPA)

Pimephales
promelas

(Fathead minnow)
Short-term toxicity to fish BPA, TBBPA 3

Martin et al., 2001 [38]
https://www.vegahub.eu/

vegahub-dwn/qmrf/QMRF_
FATHEAD_LC50_EPA.pdf
(accessed on 27 July 2023)

Daphnia Acute
(EC50) toxicity

model (IRFMN)
Daphnia magna

Short-term toxicity to aquatic
invertebrates. Acute
Immobilization Test

BPA, BPS 4, BPF,
BPZ 5, TBBPA

https://www.vegahub.eu/
vegahub-dwn/qmrf/QMRF_
DAPHNIA_EC50_IRFMN.pdf
(accessed on 5 October 2023)

https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_FISH_LC50_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_FISH_LC50_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_FISH_LC50_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_FATHEAD_LC50_EPA.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_FATHEAD_LC50_EPA.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_FATHEAD_LC50_EPA.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_DAPHNIA_EC50_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_DAPHNIA_EC50_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_DAPHNIA_EC50_IRFMN.pdf
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Table 1. Cont.

Model Name Biological Model Endpoint Bisphenol
Derivatives Reference

Algae Acute (EC50)
Toxicity model

(IRFMN)

Raphidocelis
subcapitata (Pseu-

dokirchneriella
subcapitata)

Long-term toxicity to aquatic
algae and cyanobacteria C.f.
OECD TG 201 Freshwater
Alga and Cyanobacteria,

Growth Inhibition
Test

BPA, BPA 2 EO 6,
BPF, TBBPA,

4,4′,4′′-(ethan-
1,1,1-

triyl)triphenol

Toma et al., 2021 [35]
https://www.vegahub.eu/

vegahub-dwn/qmrf/QMRF_
ALGAE_EC50_IRFMN.pdf
(accessed on 27 July 2023)

Algae (EC50)
Toxicity Model (Pro-
toQSAR/Combase)

Raphidocelis
subcapitata (Pseu-

dokirchneriella
subcapitata)

Long-term toxicity to aquatic
algae and cyanobacteria C.f.
OECD TG 201 Freshwater
Alga and Cyanobacteria,

Growth Inhibition
Test

BPA, BPA 2 EO,
BPS, BPF, BPZ,
TBBPA, 4,4′,4′′-

(ethan-1,1,1-
triyl)triphenol

Blázquez et al. 2021 [41]
https://www.vegahub.eu/

vegahub-dwn/qmrf/QMRF_
ALGAE_EC50_COMBASE.pdf

(accessed on 5 October 2023)

Algae Chronic
(NOEC) Toxicity
model (IRFMN)

Raphidocelis
subcapitata (Pseu-

dokirchneriella
subcapitata)

Long-term toxicity to aquatic
algae and cyanobacteria C.f.
OECD TG 201 Freshwater
Alga and Cyanobacteria,

Growth Inhibition
Test

BPA, BPA 2EO,
BPF, BPZ

https://www.vegahub.eu/
vegahub-dwn/qmrf/QMRF_
ALGAE_NOEC_IRFMN.pdf
(accessed on 5 October 2023)

Sludge
Classification

Toxicity model
(Proto-

QSAR/COMBASE)

Activated sludge
Activated Sludge,

Respiration Inhibition Test
(OECD 209)

BPS, 4,4′,4′′-
(ethan-1,1,1-

triyl)triphenol

https:
//www.vegahub.eu/vegahub-
dwn/qmrf/QMRF_SLUDGE_

CLASS_COMBASE.pdf
(accessed on 27 July 2023)

Sludge (EC50)
toxicity (Proto-

QSAR/COMBASE)
Activated sludge

Activated Sludge,
Respiration Inhibition Test

(OECD 209)

4,4′,4′′-(ethan-
1,1,1-

triyl)triphenol

https://www.vegahub.eu/
vegahub-dwn/qmrf/QMRF_

SLUDGE_EC50_COMBASE.pdf
(accessed on 6 October 2023)

BCF model
(CAESAR)

Cyprinos Carpio
and salmonids BCF fish BPA, TBBPA

Zhao et al., 2008 [49]
https://www.vegahub.eu/

vegahub-dwn/qmrf/QMRF_
BCF_CAESAR.pdf (accessed on

6 October 2023)

BCF model
(Arnot-Gobas)

Oncorhynchus
mykiss (Rainbow

trout)
BCF fish BPA, TBBPA,

TBMD 7

Arnot et al., 2003 [51]
https://www.vegahub.eu/

vegahub-dwn/qmrf/QMRF_
BCF_ARTNOTGOBAS.pdf

(accessed on 6 October 2023)

BCF model
(Meylan) Fish BCF fish BPA, TBBPA

Meylan et al., 1999 [54]
https://www.vegahub.eu/

vegahub-dwn/qmrf/QMRF_
BCF_MEYLAN.pdf (accessed on

6 Oc-tober 2023)

BCF model
(kNN/Read-

Across)
Fish BCF fish BPA, TBBPA

Manganaro et al., 2016 [56]
https://www.vegahub.eu/

vegahub-dwn/qmrf/QMRF_
BCF_KNN.pdf (accessed on

6 October 2023)

Persistence (soil)
quantitative model

(IRFMN)
Soil

Biodegradation in soil.
Aerobic and Anaerobic
Transformation in Soil

TBBPA

https://www.vegahub.eu/
vegahub-dwn/qmrf/QMRF_

PERSISTENCE_SOIL_REG.pdf
(accessed on 6 October 2023)

1 Bisphenol A. 2 Bisphenol F. 3 Tetrabromobisphenol A. 4 Bisphenol S. 5 Bisphenol Z. 6 Bisphenol A bis(2-
hydroxyethyl)ether. 7 4,4′-Methylenebis(2,6-DI-tert-butylphenol).

https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_EC50_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_EC50_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_EC50_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_EC50_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_EC50_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_EC50_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_NOEC_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_NOEC_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_ALGAE_NOEC_IRFMN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_SLUDGE_CLASS_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_SLUDGE_CLASS_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_SLUDGE_CLASS_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_SLUDGE_CLASS_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_SLUDGE_EC50_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_SLUDGE_EC50_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_SLUDGE_EC50_COMBASE.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_CAESAR.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_CAESAR.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_CAESAR.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_ARTNOTGOBAS.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_ARTNOTGOBAS.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_ARTNOTGOBAS.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_MEYLAN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_MEYLAN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_MEYLAN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_KNN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_KNN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_BCF_KNN.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_PERSISTENCE_SOIL_REG.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_PERSISTENCE_SOIL_REG.pdf
https://www.vegahub.eu/vegahub-dwn/qmrf/QMRF_PERSISTENCE_SOIL_REG.pdf
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3. Results and Discussion

In the initial phase of our methodology, we employed chemometric tools to analyze
a set of structurally diverse compounds. A total of 708 structural descriptors, devoid of
ecotoxicological information, were utilized to encode these compounds. Subsequently,
principal component analysis (PCA) was applied to compress the data and generate visual
representations. Moving to the second phase, we aimed to predict various ecotoxicological
properties using thirteen available in silico models.

To include the predictive results into PCA score plots, a color scheme was adopted,
serving as an indicator of the level of concern associated with each compound. Specifically,
we employed four models for predicting bioconcentration factors (BCF), three for evaluating
algae toxicity, two for assessing fish toxicity, two for evaluating activated sludge toxicity,
one for evaluating toxicity in Daphnia magna, and one for assessing toxicity in soil. This
two-step approach not only facilitated a comprehensive analysis of the structural features
of the compounds but also enabled the construction of an ecotoxicological profile for BPA
alternatives based on the predictions obtained. This comprehensive strategy enhances our
understanding of the potential environmental impact of the studied compounds.

In the scree plot of PCA shown in Figure 2, the first and second principal components
(PCs) carry 25.14 and 12.08% of the total variance, respectively, while the first 20 PCs
cumulatively carry 89.74% of the total variance.
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Figure 2. Scree plot showing the individual contributions to the total variance for first 20 PCs (red
columns) and the cumulative variance (blue line).

Notably, there are no loadings with particularly higher values. Out of the 708 descrip-
tors, 151 and 200 of them exhibit loading values higher than the average for PC1 and PC2,
respectively. This implies that no particular descriptor group carries the essential part of
the variance within the dataset.

Figures 3–15 show the score plots corresponding to the ecotoxicity models selected
for the analysis, which present the objects (structures) in dependence on PC1 and PC2. It
is evident that the compounds are evenly distributed over the maps, and no particular
clusters can be seen. However, in certain models, compounds with similar activity levels
(same color) tend to aggregate in specific regions of the maps. The four compounds with
disconnected structures are represented by black squares. It is worth noting that these
compounds were excluded from further analysis.
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Figure 3. Score plot for BCF model (Arnot−Gobas). Compounds are color−coded based on their BCF
values: green for values below 100 L/kg (considered of no concern), yellow for values between 100
and 1000 L/kg, and red for values exceeding 1000 L/kg. Compounds with disconnected structures
are indicated by black squares.
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100 and 1000 L/kg, and red for values exceeding 1000 L/kg. Compounds with disconnected structures
are indicated by black squares.
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structures are indicated by black squares.

Figures 3–6 illustrate the score plots of four models designed for predicting the bio-
concentration factor (BCF). Compounds with a BCF value below 100 L/kg are categorized
as of no concern and are denoted in green, those falling between 100 and 1000 L/kg in
yellow, and those exceeding 1000 L/kg in red. In Figure 3, illustrating the BCF model
(Arnot-Gobas), the line PC1 = 0 divides the map into two sections. The left segment, defined
by the condition PC1 < 0, contains 37 compounds, out of which 8 (21.6%) are predicted to
be of low concern, labeled green in the plot. Moving to Figure 4, the BCF model (CAESAR)
predominantly predicts compounds with a BCF below 100 L/kg, and no compound exceeds
1000 L/kg. However, 16 compounds with a BCF > 100 L/kg (yellow color) are concentrated
in the region where PC1 < 0.
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When examining the results from the four Bioconcentration Factor (BCF) models, it
becomes clear that a conclusive consensus report cannot be drawn. Among these models,
only two predict bioconcentration factors exceeding 1000 L/kg for certain compounds. The
lack of unanimity among the BCF models underscores the complexity and variability in
predicting the bioaccumulation potential of the studied compounds. This divergence in
predictions emphasizes the importance of cautious interpretation and further investiga-
tion to gain a comprehensive understanding of the potential environmental implications
associated with these compounds.

In Figure 5, representing the BCF model (kNN/Read Across), 32 compounds are predicted
to have a BCF between 100 and 1000 L/kg and no compounds with a BCF higher than
1000 L/kg. Meanwhile, in Figure 6, the BCF model (Meylan) predicts 33 compounds with
BCF larger than 1000 L/kg, with 10 of them exceeding 10,000 L/kg.
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Figure 14. Score plot for Sludge Classification Toxicity model (ProtoQSAR/COMBASE). Compounds
are color−coded based on their prediction as follows: toxic in red and non−toxic in green. Com-
pounds with disconnected structures are indicated by black squares.

For algae toxicity, three models were included in the analysis, and their score plots are
depicted in Figures 7–9. In Figures 7 and 8, compounds with a toxic dose EC50 less than
1.0 mg/L are denoted in red, those falling between 1.0 and 10 mg/L in yellow, and those
with a LC50 greater than 10 mg/L in green. Figure 9 showcases compounds with NOEC
under 0.1 mg/L in red, those with a dose between 0.1 mg/L and 1.0 mg/L in yellow, and
those with a dose over 1.0 mg/L in green.

Within the score plot of the Algae (EC50) Toxicity Model (ProtoQSAR/Combase) in Fig-
ure 7, there is an area PC2 < 2 mostly populated with non-toxic compounds, a pattern
similarly supported by the Algae Chronic (NOEC) Toxicity model (IRFMN) plot in Figure 9.
In the Algae (EC50) Toxicity Model (IRFMN), 35 compounds are colored red, 34 yellow, and
three green. The score plot (Figure 8) shows that compounds are equally distributed over
the map.

In Figure 10, Daphnia Acute (EC50) toxicity model (IRFMN), the compounds with EC50
under 0.1 mg/L are labeled in red, those between 0.1 and 1.0 mg/L in yellow, and those
above 1.0 mg/L (of low concern) are green. Most compounds in the region PC1 < 0 are
deemed of low concern.
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Regarding the Fish Acute (LC50) Toxicity model (IRFMN) in Figure 11, most of the
compounds have a toxicity below 10 mg/L, except for BPF (4,4′-methylendiphenol), which
displays a toxicity of 10.7 mg/L. The Fathead Minnow LC50 96 h (EPA) (Figure 12) shows
similar traits; however, three compounds have LC50s over 10 mg/L; bisphenol A bis(2-
hydroxyethyl)ether (BPA 2EO), tetrakis(dimethylaminomethyl)bisphenol A, and 5′-O-(p,p′-
dimethoxytrityl)thymidine (DMT-T).

Upon careful examination of the results obtained from both fish toxicity models, a
concluding consensus report cannot be formulated. The predictions from these models
exhibit a lack of uniformity, with divergent outcomes for various compounds. Further
investigation and consideration of additional factors may be essential for a more compre-
hensive understanding of the potential ecological implications and fish toxicity associated
with the compounds under study.

Figure 13 shows the Persistence (soil) quantitative model (IRFMN), with five compounds
predicted as persistent to very persistent, 23 as non-persistent to persistent, and the majority
(42 compounds) as non-persistent. Two compounds were not predicted by the model. In the
Sludge (EC50) toxicity (ProtoQSAR/COMBASE) (Figure 15), 17 compounds have predicted
EC50 values below 10 mg/L, 43 fall between 10 and 100 mg/L, and two have EC50 values
over 100 mg/L, each labeled in red, yellow, and green, respectively. Regarding the Sludge
Classification Toxicity model (ProtoQSAR/COMBASE) presented in Figure 14. The compounds
predicted to be toxic or non-toxic are labeled red or green, respectively.

Finally, we evaluated the obtained ecotoxicological profiles with a cumulative factor.
Each prediction was assigned a numerical value (1, 2, or 3) corresponding to its toxicity level,
with 3 indicating the most toxic compounds—represented by the red labels in Figures 3–15,
2 indicating moderate toxicity, and 1 signifying non-toxic substances. The sums over all 13
models for individual compounds are displayed in Figure 16. Fifteen compounds resulted
in a sum of over 30. The highest value lying at score 42 is attributed to the compound p,p′-
(2-pyridylmethylene)bisphenol (DDPM). As emphasized by Ballabio et al. [59], consensus
prediction, derived from diverse models constructed on distinct datasets and employing
different methodologies, may provide enhanced reliability compared to individual models.
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It is crucial to highlight that the evaluation conducted focused exclusively on the pre-
dicted ecotoxicological profile of DDPM. In a broader context, DDPM, along with other BPA
alternatives, is currently under consideration by the European Chemicals Agency (ECHA)
in the assessment of regulatory needs [60]. According to this document, currently, the avail-
able information is insufficient to assess the necessity for regulatory risk management. Key
areas such as reproductive toxicity, endocrine-disrupting (ED) properties, skin sensitization,
and persistent, bioaccumulative, and toxic (PBT)/very persistent and very bioaccumulative
(vPvB) characteristics for 65 bisphenols lack adequate data for conclusive judgments.

ECHA acknowledges that ongoing data generation efforts on other bisphenols may
inform future regulatory actions. However, potential challenges, including structural
variations and variations in reactivity due to different functional groups, could impact the
feasibility of employing read-across approaches. It is noteworthy that DDPM is registered
as an intermediate under Art. 17/18, limiting further data generation under Dossier
Evaluation. Additionally, substance evaluation for DDPM faces challenges, given the
general lack of close structural relations to other bisphenols that could justify concerns,
coupled with either low tonnages or low exposure potential [60].

4. Conclusions

We present the ecotoxicological study of bisphenol A and its potential alternatives. The
selection of models featuring bisphenol derivatives in their training data was performed on
the VEGA HUB platform. Regardless of the chosen models, a principal component analysis
(PCA) of the data was conducted, considering exclusively the molecular structures of the
compounds, as these molecules were represented by numerous structural descriptors. The
analysis showed that no particular group of descriptors carries the essential part of the
variance within the dataset.

The analysis of score plots reveals that no particular clusters are formed. Nonetheless,
certain score plot areas populated with predominately toxic or non-toxic compounds
can be identified. The position and neighbor compounds in the score plot can provide
additional support for the predictions. Additionally, we assessed the predictions for each
compound and model, assigning a value from 1 to 3 based on the predicted toxicity level.
The cumulative score across models serves as a comprehensive evaluation of the ecotoxicity
of each individual compound.

Notably, the highest score of 42 was achieved by p,p′-(2-pyridylmethylene)bisphenol
(DDPM). Additionally, 14 other compounds reached a score over 30: allyl bisphenol A
(DAB), tetramethylbisphenol A (TMBPA), BAPP, bisphenol A bisallyl ether, BPG, BPPH,
4,4′-methylenebis(2,6- dimethylphenyl cyanate), BPAP, BPM, BPP, BP-TMC, BPZ, DMT-Cl,
and BisP-IOTD. These compounds were predicted to exhibit higher toxicity at the selected
endpoints, potentially indicating a greater environmental concern.



J. Xenobiot. 2023, 13 736

While each of the models studied can be used to predict the ecotoxicity of bisphenol
derivatives, it’s important to note that they are not exclusively trained on this specific class
of compounds, so their predictions should be carefully evaluated. This underscores the
clear need for more experimental data, which can be used to develop models that are more
specific to BPA alternatives.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/jox13040046/s1, Table S1: Dataset of bisphenol alternatives
utilized in the study.
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