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A B S T R A C T

The in silico assessment of chemical toxicity is crucial for regulatory frameworks like REACH, which support the 
use of QSAR models and read-across techniques to predict the properties of compounds. This study addresses the 
challenge of evaluating bisphenol A (BPA) alternatives, for which specific predictive models are often lacking. 
Utilizing VEGA software, we examined three ecotoxicological endpoints: toxicity in Daphnia magna (Daphnia 
magna Acute (EC50) Toxicity model (IRFMN)), Pimephales promelas (Fathead Minnow LC50 96 h toxicity (EPA)), 
and Oryzias latipes (Fish Acute (LC50) toxicity model (IRFMN)). We employed Self-Organizing Maps (SOM) to 
cluster bisphenol compounds based on similarities to experimental data from model training sets. Principal 
Component Analysis (PCA) was used to reduce dimensionality and visualize data, with color-coding to indicate 
predicted properties. Our results reveal that while BPA is often a cluster indicator due to its extensive inclusion in 
training sets, BPA alternatives frequently exhibit similar toxicological concerns. The clustering approach pro
vides a nuanced understanding of the potential risks associated with BPA alternatives, suggesting that many may 
not offer significant safety improvements over BPA itself.

1. Introduction

The in silico assessment of toxic properties is an important method for 
the regulation of chemicals. For instance, the European chemical regu
lation REACH supports the use of Quantitative Structure–Activity 
Relationship (QSAR) models and read-across as alternative methods for 
assessing the physical, chemical, and biological properties of com
pounds (European Chemical Agency (ECHA), 2024). QSAR models 
mathematically describe the relationship between chemical structures 
and their properties. In read-across, chemical analogues are identified to 
form categories, and properties are estimated based on these categories 
(Gini et al., 2014; Nendza et al., 2013; Bouhedjar et al., 2020). However, 
Selecting the appropriate in silico modeling tool for read-across or QSAR 
models is challenging due to the wide array of models available, each 
predicting various endpoints, including those of environmental concern. 
This challenge is significantly bigger, as there is a lack of specific models 
tailored to this class of compounds. Existing models often include only a 
few BPA alternatives in their training sets, leading to less reliable pre
dictions or increased uncertainty for new compounds.

Bisphenol A (BPA) is a well-documented environmental concern due 
to its extensive use in industrial applications, particularly in the 

production of plastics, resins, and thermal paper. It enhances the 
strength and flexibility of synthetic products and is a key ingredient in 
polycarbonate plastics, epoxy resins, flame retardants, and more (Geens 
et al., 2012; Lassen and Brandt, 2011). The extensive use of BPA has 
raised significant concerns regarding its potential adverse effects on 
human health and the environment. In fact, studies have linked BPA 
exposure to endocrine disruption, reproductive abnormalities, devel
opmental disorders, and metabolic changes (Gong et al., 2017; Harnett 
et al., 2021; Jagne et al., 2016; Pouzaud et al., 2018; Rubin, 2011), 
making evident the increasing need to find safer alternatives to BPA. 
However, the new generation of compounds meant to replace BPA, like 
bisphenol F (BPF) and bisphenol S (BPS), are very similar in structure to 
the original BPA, raising concerns about their safety.

The safety of BPA alternatives is not fully verified (Chen et al., 2016; 
Eladak et al., 2015; Rochester and Bolden, 2015) and due to their 
structural similarities with BPA, the alternatives may also have similar 
endocrine-disrupting effects. Studies indicate that BPA alternatives may 
also exert endocrine-disrupting effects and pose potential health risks 
similar to BPA (Kojima et al., 2019; Liu et al., 2019; Nowak and Jakopin, 
2023). This has intensified concerns about their environmental impact 
(Adamovsky et al., 2024).
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In response to regulatory scrutiny and growing public concern, 
measures have been taken to restrict the use of BPA. Since 2008, BPA has 
been banned in various consumer products for infants and children and 
recently in materials that come into contact with food (Lory, 2025). The 
European Union has also restricted BPA in thermal paper when con
centrations exceed 0.02 % (EC, Commission Regulation (EU), 2016). In 
2021, the European Food Safety Agency (EFSA) recommended reducing 
the tolerable daily intake of BPA following a reassessment of its risks 
(EFSA, 2021). Despite these regulatory actions, the comprehensive 
assessment of BPA alternatives remains a challenge due to limited 
experimental data and variability in testing methodologies.

In this context, in silico toxicology methods offer a valuable approach 
to bridge knowledge gaps and enhance understanding. These methods 
are increasingly utilized to generate toxicity assessment information, 
thereby reducing reliance on traditional in vitro or in vivo studies 
depending on regulatory requirements and decision contexts. Continued 
research and development in in silico modeling are crucial for advancing 
chemical safety assessments and supporting evidence-based regulatory 
decisions.

In this work, we propose a clustering scheme using Self-Organizing 
Maps (SOM) to evaluate the results of three important ecotoxicologi
cal endpoints: toxicity in Daphnia magna (Daphnia magna Acute (EC50) 
Toxicity model (IRFMN)), Pimephales promelas (Fathead minnow LC50 
96 h toxicity (EPA)), and Oryzias latipes (Fish Acute (LC50) toxicity 
model (IRFMN)), as obtained from models available in VEGA software 
(EFSA, 2021); clustering helps identify groups of chemicals with similar 
properties. We used the similar compounds provided in the output of 
each compound prediction from the VEGA model, which have experi
mental data on the specific endpoint, to define a class indicator for each 
cluster. A class indicator is a compound from the training set that is 
characteristic of that class. This approach connects the predictions of 
BPA alternatives with experimental data, reducing in this way the un
certainty of the predictions. This additional information can support and 
strengthen the individual predictions for BPA alternatives compounds.

2. Materials and methods

2.1. Data

The data set consisting of 76 bisphenol compounds, which are 
considered as potential alternatives for BPA is given in Supplementary 
materials, [Suplement01, Table S1]. For four compounds with discon
nected structures (ionized form) the predictions are not obtained.

2.2. VEGA models

A brief description of the Ecotox models integrated within the online 
platform VEGA HUB 2013 (Benfenati et al., 2013) employed in this work 
is given below. It is important to emphasize that the VEGA models not 
only provide predictions but also information on the six most similar 
compounds from the model’s training set, referred to in our consider
ation as the ’similarity set’. Specifically, we focused on models that 
included one or more bisphenol derivatives in their training data.

For a handful of BPA alternatives, the models provide experimental 
and predicted toxicity values, which are listed in Table 1. According to 
the classification scheme, which considers three levels of concern, the 
majority of compounds are correctly classified. The only exception is 
2,2-bis(4′-hydroxyphenyl)-4-methylpentane, which is predicted to be a 
compound of moderate concern, but is of low concern. For Daphnia 
magna is the correlation coefficient (r) between experimental and pre
dicted EC50 values r2 = 0.8342.

2.2.1. Daphnia Acute (EC50) Toxicity Model (IRFMN) Version 1.0.1 
(Benfenati et al., 2019)

The model utilizes a tree ensemble random forest approach to 
quantitatively predict acute toxicity in Daphnia magna (EC50), expressed 
in mg/L. It relies on data sourced from the Japanese Ministry of Envi
ronment dataset (Ministry of Environment Japan, 2018). The model 
focuses on short-term toxicity to aquatic invertebrates, specifically tar
geting the 48-h Daphnia magna EC50 according to OECD Test No. 202: 
Daphnia sp. acute immobilization test. This test evaluates the percent
age of immobilized daphnias following a 48-h exposure to the test 
compound. The dataset used comprises 445 experimental data points 
collected from the Japanese Ministry of Environment, selected in 
accordance with OECD Test No. 202 guidelines. The dataset was 
randomly divided into training and test sets. In this model, the training 
set includes BPA and various BPA alternatives displayed in Table 2. This 
deliberate inclusion enhances the model’s ability to predict toxicity for 
compounds sharing similar structural characteristics.

2.2.2. Fathead Minnow LC50 (96 h) (EPA) Version 1.0.7 (Benfenati and 
Colombo, 2022a; Martin and Young, 2001)

This model focuses on short-term toxicity to fish, specifically tar
geting the fathead minnow (Pimephales promelas) LC50 endpoint, which 
signifies the concentration in water that results in mortality in half of the 
fathead minnow population within 96 h. Implemented as a linear 
regression model, it utilizes 21 molecular descriptors. The regression 
coefficients were derived from the original T.E.S.T. dataset, which in
cludes 816 compounds sourced from the ECOTOX aquatic toxicity 
database (http://cfpub.epa.gov/ecotox/, accessed on February 3rd, 
2025). Notably, while only BPA and Tetrabromobisphenol A are 
included in the training set, caution is advised when predicting the 
toxicity of compounds from this class. The limited representation of 
these compounds in the training data may affect the robustness and 
reliability of predictions.

2.2.3. Fish Acute (LC50) Toxicity Model (IRFMN) Version 1.0.1 
(Benfenati and Colombo, 2022b; Toma et al., 2021)

This model employs a tree ensemble random forest approach to 
quantitatively predict the toxicity in fish (Oryzias latipes, Japanese 
ricefish/medaka) LC50 (96 h), measured in mg/L. It utilizes data 
sourced from the Japanese Ministry of Environment dataset (Toma et al., 
2021). The model focuses on short-term toxicity to fish, specifically 
targeting the OECD Test No. 203 fish acute toxicity test. This test as
sesses mortality rates following exposure to the test substance over a 
preferred duration of 96 h. The dataset used for constructing the model 

Table 1 
Experimental and predicted toxicity values for BPA and BPA alternatives reported from three models.

Comp.# Name Daphnia Acute (EC50) 
Toxicity Model

Fathead Minnow (LC50) 
Toxicity Model

Fish Acute (LC50) Toxicity 
Model

Exp.(mg/ 
L)

Pred.(mg/ 
L)

Exp.(mg/L) Pred.(mg/L) Exp.(mg/L) Pred.(mg/L)

2 BPA 12.96 13.59 4.64 4.99 7.98 6.19
25 4,4′-sulphonyldiphenol 99.87 50.77
32 4,4′-methylenediphenol 11.97 24.05 12.97 10.77
65 2,2-bis(4′-hydroxyphenyl)− 4- methylpentane 12.96 5.5 2.69 1.63
70 2,6-dibromo− 4-[2-(3,5-dibromo− 4-hydroxyphenyl)propan− 2-yl] 

phenol
7.95 2.71 0.8034 0.0155
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consists of 331 experimental data points on Oryzias latipes selected in 
accordance with OECD Test No. 203 guidelines. To develop the QSAR 
model, the dataset was split into training and test sets at an 80:20 ratio. 
The training set includes BPA and two alternatives (Table 1). This 
deliberate inclusion enhances the model’s capability to predict toxicity 
for compounds sharing similar structural characteristics. However, it 
acknowledges that further refinement may be necessary to ensure robust 
and reliable predictions specifically for this class of compounds.

2.3. Molecular representation and clustering

The present analysis is focuses on similarity sets reported from VEGA 
models as described above. The similarity sets of all chemicals 

investigated by the model, form the representation space. In other 
words, the representation space is the union of all similarity sets. The 
representation space is specific to each model and tailored to a particular 
endpoint. The representation space is a part of the training set of the 
model and shows to which part of the training set, the data set of BPA 
alternatives is projected. Each investigated chemical has been repre
sented with a multidimensional vector, with each component of the 
vector indicating a compound from the representation space. These 
components are set to either zero or one. A component set to ’one’ in
dicates that a particular member from the representation space belongs 
to the similarity set of the chemical under study.

Taking into account the representation described above, we have 
used the Tanimoto coefficient as an additional measure of similarity 
between two molecules. The Tanimoto similarity coefficient is defined 
as: 

Ta,b =
na,b

na + nb − na,b 

Where: na,b are the number of compounds common to both similarity 
groups (overlap), na and nb are the number of compounds in the simi
larity groups (in the given case na = nb = 6). The analysis of the Tani
moto similarity indices between the members of a cluster and other 
molecules indicates the suitability of the clustering scheme.

2.4. Principal component analysis (PCA)

Principal component analysis (PCA) is a widely used technique for 
analysing multidimensional data. The basic idea of PCA is to reduce the 
number of variables while preserving the essential information of the 
data set. After converting the original variables into new variables, the 
objects are effectively represented in a new space with only a few var
iables. The objects represented in these new variables are visualized in 
score plots, where, in our case, the BPAs alternatives are color-coded 
according to their predicted properties. Additionally, loading analysis 
is employed to determine which original variables exert a significant 
influence on a particular new variable (Mora Lagares and Vračko, 2023).

2.5. SOM as a method for clustering and classification

Self-Organizing Maps (SOM), also known as Kohonen’s neural 
network, are a basic type of neural networks (Kuzmanovski and Novič, 
2008; Vračko et al., 2006; Vračko and Bobst, 2014). The architecture of 
SOM consists of a two-dimensional array of neurons, each represented 
by vectors of weights, which in our context corresponds to the dimen
sion of the representation space. The learning process of SOM is a 
non-linear, two-stage iterative algorithm. In the first step, the objects 
presented to all neurons in sequence, and the algorithm selects the most 
similar one (the winning neuron). In the second step, the weights of the 
winning neuron and its neighbouring neurons are adjusted to become 
more and more similar to the presented object. This process is repeated 
until the weights stabilize. At the end of training, the SOM becomes a 
network of weights. Each layer of weights is associated with a specific 
element of the representation space. When compounds are presented to 
the SOM, they are mapped onto the neurons so that similar compounds 
are close to each other. Compounds recognized as identical by the model 
are placed on the same neuron. In our case, compounds located on the 
same neuron are considered a cluster. In the next step, cluster indicators 
are assigned to each cluster. This involves determining the frequency of 
occurrence of individual compounds from the representation sets. The 
members of the representation space that are common to the compounds 
in the cluster are selected as cluster indicators (Vračko and Bobst, 2014; 
Vračko and Drgan, 2017). It should be emphasized that they are com
pounds with known experimental toxicity. The architecture of the 
Kohonen maps, used for clustering and cluster indicator selection is 
shown schematically in Graphical abstract.

Table 2 
Clusters containing bisphenol A obtained by three models.

Cluster Tox. 
dose

Indicators Tox. 
dose

​ mg/L ​ mg/L
Daphnia Acute (EC50) Toxicity 

Model
​ ​ ​

BPA 13.59 oxybenzone 1.9
bisphenol A bis(2-hydroxyethyl) 

ether
13.33 4-cumylphenol 1.7

bisphenol A cyanate ester 6.09 4,4′- 
methylenediphenol

12.01

allyl bisphenol A 3.13 1,1-bis(4- 
hydroxyphenyl) 
cyclohexane

1.8

bisphenol A bisallyl ether 4.08 4,4′-(4- 
methylpentane− 2,2- 
diyl)diphenol

13.0

tetramethyl bisphenol F 6.48 BPA 13.59
bisphenol AP 6.76 ​ ​
bisphenol B 7.68 ​ ​
4,4′-Dihydroxytetraphenylmethane 1.49 ​ ​
bisphenol E 16.07 ​ ​
p,p′-(2-pyridylmethylene) 

bisphenol Dihydroxydiphenyl- 
pyridyl methane

13.05 ​ ​

1,1′-(chlorophenylmethylene)bis 
[4- methoxybenzene]

2.99 ​ ​

4,4’,4′’-(ethan− 1,1,1-triyl) 
triphenol

0.0068 ​ ​

Fathead Minnow (LC50) Toxicity 
Model

​ ​ ​

BPA a4.64/ 
4.99

BPA 4.64

bisphenol AP 1.15 benzophenone 14.81
4,4′-Dihydroxytetraphenylmethane 0.2564 diphenamid 47.74
bisphenol E 5.27 1,1-diphenyl− 2- 

propyn− 1-ol
4.24

​ ​ 3-(4-tert- 
butylphenoxy) 
benzaldehyde

0.37

​ ​ methoxychlor 0.008
Fish Acute (LC50) Toxicity Model ​ ​ b

BPA a7.98/ 
6.19

4,4′- 
dihydroxybiphenyl

b− 2.31

bisphenol PH 0.71 4,4′- 
methylenediphenol

b− 2.36

tetramethyl bisphenol F a12.9/ 
10.8

BPA b− 2.80

2,2′-bisphenol F 7.38 4,4′-(4- 
Methylpentane− 2,2- 
diyl)diphenol

b− 3.61

bisphenol AP 0.849 4-Cumylphenol b− 3.95
bisphenol B 2.66 oxybenzone b− 3.3
4,4′-Dihydroxytetraphenylmethane 0.59 ​ ​
bisphenol E 6.19 ​ ​
fluorene− 9-bisphenol 0.51 ​ ​
bisphenol P 0.62 ​ ​

a experimental dose/predicted dose
b a-dimensional
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Technical parameters of SOM, such as network dimension and the 
number of training epochs, must be determined. These parameters were 
set based on two criteria: the largest dimension that prevents the top- 
map from containing empty neurons, and the average error per object 
(Jezierska et al., 2004). In this study, the SOM was set to a dimension of 
10 × 10 and trained with 1000 epochs.

3. Results and discussion

3.1. Representation

In our initial analysis, we examined the dimensions of the repre
sentation spaces for three endpoints.

The dimension of the training sets for three models (daphnia, fathead 
minnows and fish) were 312, 625 and 264, respectively. On the other 
hand, the dimensions of the representation spaces were smaller: 29, 58 
and 25, respectively. However, the frequency of particular compounds 
from the representation space appearing in individual similarity sets is 
not uniform. Fig. 1 illustrates the occurrence of the 20 most frequently 
appearing compounds across the three endpoints. Compounds that 
appear in more than 50 similarity sets are listed in Supplement02.

Due to its extensive industrial use, BPA has been widely studied for 
its toxicological and eco-toxicological properties, and therefore, it is 
included in the training sets of all three models considered in this study. 
Given the chemical class under consideration, BPA appears in the sim
ilarity sets of the majority of BPA alternatives. However, there are 
several BPA alternatives that do not include BPA in their similarity sets.

3.2. PCA results

The PCA score diagram for the acute (EC50) toxicity model for 
Daphnia magna is shown in Fig. 2a. The first principal component (PC1) 
accounts for 29.03 % of the total variance, while the second principal 
component (PC2) accounts for 17.23 %. The compounds with an EC50 
below 1 mg/L are considered to be of high concern, while those above 
10 mg/L are considered to be of low concern. A slight separation can be 
seen, with eight of the 14 non-toxic compounds being in the range 
where PC1 > 0. Leading loadings analysis shows that the leading 
loadings of PC1 are as follows (experimental dose in mg/L in paren
theses): BPA (13.01), 4-cumylphenol (1.70), 4,4′-methylenediphenol 
(12.01) and 1,1-bis(4-hydroxyphenyl)cyclohexane (1.80). For PC2, the 
leading loadings are (Tetrabromobisphenol A (7.95), oxybenzone 
(1.90), (4,4′-(4-methylpentane-2,2-diyl)diphenol (13.00) and 2,3,4,4′- 

tetrahydroxybenzophenone (39.02).
The PCA score diagram of the fathead minnow toxicity models is 

shown in Fig. 2b. For the majority of BPA alternatives, the predicted 
lethal dose (LD50) for fathead minnow is below 1 mg/L, indicating a 
toxicity of concern. The first and second principal components (PCs) 
account for 19.74 % and 11.52 % of the total variance, respectively. The 
leading loadings for the first PC are (experimental dose in mg/L in pa
rentheses): Flucythrinate (0.0007), Methoxychlor (0.008), BPA (4.66), 
Diphenamide (10.04), and (3-(4-tert-Butylphenoxy)benzaldehyde 
(0.36) while for the second PC, the key contributors are Tetrachlorobi
sphenol A (1.33) and Tetrabromobisphenol A (0.80). Compounds with 
toxicity values below 1 mg/L are considered of high concern and those 
with toxicity values over 10 mg/L of low or no concern. With the 
exception of one compound (CAS: 16224–36–5; Tetrakis(dimethylami
nomethyl)bisphenol A), all compounds with low or no concern are sit
uated below the line PC2 = 0.5.

The third model focuses on acute fish toxicity (LC50) from IRFMN. 
According to the predicted values, 26 compounds are of high concern, 
45 are of moderate concern, and one of low concern (BPF; 4,4′-meth
ylenediphenol). The PCA score plot is shown in Fig. 2c. The first and 
second principal components (PCs) account for 26.19 % and 18.00 % of 
the total variance, respectively. The leading loadings for the first PC are 
4-Cumylphenol (-3.95), 4,4′-Methylenediphenol (-2.36) and, 2,3,4,4′- 
Tetrahydroxybenzophenone (-1.73) while for the second PC, they are 
Oxybenzone (-3.30) and 2,3,4,4′-Tetrahydroxybenzophenone (-1.73) 
(experimental doses in parenthesis are a-dimensional as they appear in 
the outputs). The line PC1 = 0 approximately separates compounds of 
moderate concern (LC50 between 1 mg/L and 10 mg/L) from those of 
high concern (LC50 < 1 mg/L). In the region where PC1 < 0, there are 
33 compounds, of which 27 (81.8 %) are of medium concern and six 
(18.2 %) are of high concern. In the region where PC1 > 0, there are 39 
compounds, with 20 (51.3 %) of high concern, 18 (46.2 %) of medium 
concern, and one of low concern.

3.3. SOM results

Supplementary tables in Supplement01 show the clusters for three 
toxicities determined using the method described above. The tables also 
contain the data for the cluster indicators. As examples, here we describe 
clusters that are well separated from other compounds in the set. 
Additionally, in the Table 2 we highlight the clusters containing 
bisphenol A, and their respective cluster indicators.

In the Daphnia magna model, 15 clusters have been identified, each 
containing two to fourteen compounds. As an example, we present the 
compounds located on neuron (1,1). Together with 4,4′-[sulphonylbis 
(4,1-phenyleneoxy)]dianiline (5.38 mg/L) on the neighboring neuron, 
they are clearly separated from others. This cluster, located on neuron 
(1,1) consists of three compounds (predicted toxicity values in mg/L in 
parentheses): p-[[p- benzyloxyphenyl]s ulphonyl]phenol (15.02), 4-(4- 
isopropoxyphenyls ulfonyl)phenol (20.07), and 4-(4-Allyloxy- benze
nesulfonyl)- phenol (22.01). The cluster is characterized by five cluster 
indicators: 4,4′-Oxybis(benzenesulfonyl hydrazide) (2.90), Triphenyl 
phosphate (2.40), Oxybenzone (1.90), (3-Phenoxyphenyl)methanol 
(1.50), and 4,4′-Sulfonyldiphenol (50.86). Analysis of the SOM model 
shows that the weights of these five indicators are clustered together in 
the region of the mentioned neurons and do not overlap with other in
dicators. Fig. 3a and b show the distribution of weights for indicators 
4,4′-Oxybis(benzenesulfonylhydrazide) and 4,4’-(4Methylpentane-2,2- 
diyl)diphenol, which do not overlap. The largest cluster contain thirteen 
compounds including also the BPA (Table 2). Four compounds have 
toxic dose larger than 10 mg/L (no concern), eight are of medium 
concern and one is of high concern. Furthermore, three indicators are of 
no concern and three of medium concern. Further test with Tanimoto 
coefficients shows that 10 out of 15 clusters contain members with a 
coefficient of 1. This also applies to the thirteen compounds of BPA- 
containing cluster.

Fig. 1. Twenty most frequented compounds from representation space for 
three models.
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The SOM study for fathead minnow highlights a large representation 
space comprising 58 compounds. There are 18 clusters, each containing 
two to four compounds. As an example, we present two clusters located 
on opposite sides of the SOM map. The first cluster, located on neuron 
(10,10), includes three compounds: Bisphenol A glycidylmethacrylate 
(Silux), Bisphenol A diglycidyl ether diacrylate, and Bisphenol A bis(2- 
hydroxyethyl ether) dimethacrylate. The indicators of this cluster, 
with experimental toxicities in mg/L in parentheses, are: cyfluthrin 
(0.0016), dicumarol (5.1), rotenone (0.006), fenpropathrin (0.002), and 
flucythrinate (0.0017). In Fig. 3c the distribution of weights for rotenone 

is presented. Notably, three of these five indicators are cyano- 
compounds, which are not structurally related to BPA alternatives, 
suggesting that other structural features influenced the algorithm to 
select them as ’similar’. In fact, the VEGA program output comments 
state that the similarity is weak. The cluster on neuron (1,1), which 
includes BPA and three other compounds, is detailed in Table 2. The four 
compounds forming the cluster are of medium-, or concern. The pre
dictions are not completely supported by cluster indicators because two 
of them are compounds of no concern. Additional test with Tanimoto 
coefficients shows that six of 18 clusters include members with 

Fig. 2. Score plot of 72 BPA alternatives. Compounds are color-coded based on their EC50 or LD50 values: under 1 mg/L in red, between 1 mg/L and 10 mg/L in 
yellow, and over 10 mg/L in green. a: Daphnia Acute (EC50) toxicity model (IRFMN). b: Fathead minnow LC50 96 h model (EPA). c: Fish acute (LC50) toxicity 
model (IRFMN).
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Fig. 3. Distribution of weights in SOM models, which correspond to cluster indicators. a: In Daphnia Acute (EC50) toxicity model (IRFMN) belongs the level 41–4,4’- 
Oxybis(benzenesulphonyl hydrazide). b: In Daphnia Acute (EC50) toxicity model (IRFMN) belongs the level 412–4,4’-(4-Methylpentane-2,2-diyl)diphenol. c: In 
Fathead minnow LC50 96 h model (EPA) belongs the level 88 to rotenone. d: In Fish acute (LC50) toxicity model (IRFMN) belongs the level 130–4,4’-Dihrox
ybiphenyl. e: In Fish acute (LC50) toxicity model (IRFMN) belongs the level 448–4-cumylphenol.
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coefficient equal 1. This is also true for cluster containing BPA.
The representation space for fish comprises 25 compounds, five of 

which appear in over 50 similarity spaces of BPA alternatives. In further 
step the 18 clusters were identified, each containing two to ten com
pounds. The largest cluster with ten BPAs alternatives is located on the 
neuron (1.9) in the upper left corner and contains BPA. The compounds 
and cluster indicators are listed in Table 2. The distribution of weights 
for 4,4′-dihydroxybiphenyl and 4-cumylphenol is shown in Fig. 3d and e, 
respectively. The remaining four indicators cover almost the entire 
network and are included in the similarity sets of almost all BPA alter
natives. The test with Tanimoto coefficients shows that 15 out of 18 
clusters contain members with a coefficient of 1, as shown in Table 3. 
This also applies to the BPA- containing cluster.

4. Conclusions

Bisphenol compounds are important industrial chemicals. However, 
due to concerns that BPA, the most widely used bisphenol, can have 
some adverse effects, alternatives are being sought. Unfortunately, there 
is very limited toxicity data available for the proposed BPA alternatives 
consequently, more data collection is needed. In our approach, we 
present a clustering scheme for a number of BPA alternatives based on 
the similarity with three existing datasets, namely the toxicity data for: 
Daphnia magna acute toxicity EC50, fathead minnow LC50, and fish 
acute toxicity LC50. Considering the proposed molecular representation, 
the clustering schemes differ in the three cases. Considering the pro
posed molecular representation, the clustering schemes are different for 
the three cases. The aim of this research is to investigate how many 
compounds with known properties contained in different databases 
could be relevant for predicting the toxicity of BPA alternatives. In this 
frame, different scenarios may occur: Cluster indicators belong to the 
same toxicity class and can support the predictions for BPA alternatives, 
or the cluster indicators may belong to different toxicity classes and then 
it is not possible to assign a single toxicity class to a whole cluster. The 
final evaluation of an individual compound should consider first, all 
compounds in the cluster, and second, the cluster indicators. As an 
additional test we evaluate all pairs in a cluster with Tanimoto similarity 
coefficient. If this coefficient is equal 1 for a pair of compounds the 
compounds are considered by the model as identical. In all three models 
the cluster, which includes the BPA, contains compounds, which pair
wise show the Tanimoto coefficient equal one (Table 3).

The first question of this study was whether its alternatives are safer 
than BPA. The experimental toxic doses for three selected outcomes 
indicate that BPA is a compound of low and moderate concern. It should 
be emphasized that the three models predict the toxicity of BPA very 
well. The predictions for most of the compounds that are close to BPA in 
the proposed clustering scheme indicate a medium or high concern. In 
addition, the cluster indicators, i.e. the compounds from the training sets 
of the models, belong to all three toxicity classes, so that the statement 
that alternatives to BPA are safer cannot be supported. This opinion is 
consistent with some published reports (Faheem and Bhandari, 2021; 
Rosenmai et al., 2014).

This approach connects the predictions of BPA alternatives with 
experimental data, reducing in this way the uncertainty of the pre
dictions. This additional information can support and strengthen the 
individual predictions for BPA alternatives.
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