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ARTICLE INFO ABSTRACT

Edited by Dr. M.D. Coleman Multiple substances are considered endocrine disrupting chemicals (EDCs). However, there is a significant gap in
the early prioritization of EDC’s effects. In this work, in silico and in vitro methods were used to model estro-
genicity. Two Quantitative Structure-Activity Relationship (QSAR) models based on Logistic Regression and
REPTree algorithms were built using a large and diverse database of estrogen receptor (ESR) agonism. A 10-fold
external validation demonstrated their robustness and predictive capacity. Mechanistic interpretations of the
molecular descriptors (C-026, nArOH,PW5, BO6[Br-Br]) used for modelling suggested that the heteroatomic
fragments, aromatic hydroxyls, and bromines, and the relative bond accessibility areas of molecules, are
structural determinants in estrogenicity. As validation of the QSARs, ESR transactivity of thirteen persistent
organic pollutants (POPs) and suspected EDCs was tested in vitro using the MMV-Luc cell line. A good corre-
spondence between predictions and experimental bioassays demonstrated the value of the QSARs for prioriti-
zation of ESR agonist compounds.
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1. Introduction (WHO) define an EDC as every substance that causes endocrine-related

adverse health effects in an organism, its progeny, or subpopulations

The hormone estrogen plays an important role in growth, male and
female reproduction, cardiovascular health, cognition, and behaviour.
Any disruption in levels of estrogen can lead to an imbalance in hor-
monal homeostasis and an alteration of the expression of steroid hor-
mone receptors (Hamilton et al., 2017; WHO/UNEP, 2013).

The European Commission (EC) and the World Health Organization

(European Commission, 2011). EDCs have been associated with several
diseases and conditions in humans and metazoans and are considered a
challenge for the traditional risk assessment (Futran Fuhrman et al.,
2015). Three main classes of EDCs may be identified according to their
chemical nature and potential applications: i) synthetic chemicals used
in agriculture and industry/consumer products ii) synthetic compounds
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analysis; MC, media control; MTT, 3-(4,5-dimethylthiazolyl-2)-2,5-diphenyltetrazolium bromide; MLR, multiple linear regression; ANOVA, one-way analysis of
variance; OECD, Organisation for Economic Co-operation and Development; o-chlordane, oxy-chlordane; PBS, phosphate buffered saline; POPs, persistent organic
pollutants; PC, positive control; PCB, polychlorinated biphenyl; PRC, Precision-Recall Curve; PFOA, perfluorooctanoic acid; PFDA, perfluorodecanoic acid; PFNA,
perfluorononanoic acid; PFUnDA, perfluoroundecanoic acid; PLSR, partial least-squares regression; QSAR, Quantitative Structure-Activity Relationship; RGA, re-
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used in the pharmacology field, and iii) natural compounds or phy-
toestrogens that display estrogen-like activity (Gregoraszczuk and Ptak,
2013).

Persistent organic pollutants (POPs) include natural or synthetic
chemical compounds resistant to degradation and persist in the envi-
ronment over long periods of time, biomagnifying in the food chain, and
bioaccumulating in the exposed body (European Commission, 2006).
POPs are widely distributed in environment and in our daily lives, as
many of them are still used in the industry. Food is considered the main
source of human exposure to POPs (Guo et al., 2019; Rashid and
Alshahrani, 2020). Some POPs such as dichlorodiphenyltrichloroethane
(DDT), heptachlor, hexachlorobenzene (HCB), and polychlorinated
biphenyl (PCB) derivatives are proven or suspected EDCs, presenting a
growing global health and environmental concern (Ren et al., 2017).

Perfluorinated POPs may be involved in causing tumours and
toxicity in the liver, kidneys, and major endocrine organs (Steenland
et al, 2010). Meanwhile, early-life exposure to polychlorinated
diphenyl ethers can affect learning and memory functions in adult ani-
mals (Eriksson et al., 2001). Chlorinated POPs can also affect the
expression of ESRs. POPs such as DDT, PCBs, and their derivatives
stimulate the in vitro proliferation of ESR-positive MCF-7 breast cancer
cells (Shekhar et al., 1997). Furthermore, even low dose exposure (0.1
pM) to PCBs during critical windows of development may lead to the
downregulation of ESRf-positive cells in the anteroventral periven-
tricular nucleus, a key brain area controlling reproductive function in
mice (Salama et al., 2003).

The available experimental data on POPs acting as EDCs is still
limited due to the time and the number of resources needed to conduct a
detailed toxicological characterization. Furthermore, assessing the
endocrine disruptive potential of all suspected individual chemicals and
their mixtures using animal models is not an achievable goal due to
practical and ethical reasons. Alternatives to animal experimentation
including in silico and in vitro methods provide relevant and reproducible
information to identify possible endocrine bioactive compounds
(Goya-Jorge et al., 2020; Ruiz et al., 2017). These methodologies save
time, resources and provide valuable insight into the molecular mech-
anisms, which are advantageous when compared to in vivo techniques.
Furthermore, they have the regulatory endorsement of the EC and the
Organisation for Economic Co-operation and Development (OECD)
(OECD, 2014).

Reporter gene assays (RGA) are a commonly used tool to study gene
expression of transcription factors such as ESR, androgen receptor, and
aryl hydrocarbon receptor. These methods are convenient, relatively
inexpensive and they give reliable measurements (Connolly et al.,
2011). The associated mechanism is that agonist ligands bind to the
transcription factor (e.g. ESR) to form a complex that is translocated to
the nucleus. When this complex dissociates in the nucleus, the receptor
dimerizes and binds to DNA on specific steroid response sequences
which initiate the transcription of target genes. RGAs monitor this
transcriptional process of steroid receptors using a recombinant reporter
gene, allowing the endocrine disrupting potential of compounds to be
assessed (Frizzell et al., 2011).

In the present work, experimental results derived from ESR-RGA
were used for the in silico modelling the estrogenicity of chemicals,
with the goal of studying suspected endocrine disruptors and POPs.
Therefore, the mapped chemical space was mainly comprised of
potentially toxic chemicals. Many of the analysed compounds could
represent a high risk for wildlife of fish and birds (Chen and Hale, 2010;
Christou et al., 2020), and their presence has been demonstrated in the
blood and breast milk of the Scandinavian population (Berntsen et al.,
2017).

We design herein chemoinformatic models to predict estrogenicity
based on Quantitative Structure-Activity Relationship (QSAR) analysis.
The predictive capacity of the built models was assessed according to
OECD guidelines and experimentally validated by means of a cell-based
in vitro RGA using a set of POPs.
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2. Materials and methods
2.1. Insilico

2.1.1. Database and workflow

A database of chemical compounds with estrogenicity measurements
through different RGAs was built from literature in the context of Pro-
tectED project (http://protected.eu.com/) (SI-1). The cut-off of active or
inactive estrogenic activity was established following OECD guidelines
for ESR stably transfected transactivation in vitro bioassays (OECD,
2016). The compiled substances include environmental and persistent
pollutants, pesticides, industrial chemicals, pharmaceuticals and phy-
tocompounds. Structural curation of the database was carried out using
standard protocols provided by the Standardizer and StructureChecker
tools from ChemAxon (https://www.chemaxon.com). Mixtures, inor-
ganic substances, metal complexes and duplicate compounds were dis-
carded. Fig. 1 represents the general workflow followed to build the in
silico classification models of estrogenic activity.

2.1.2. Molecular descriptors and feature selection

The structures of all chemicals in the dataset were parametrized
using 2030 (0—2D) molecular descriptors from DRAGON software
(Todeschini et al., 2007). The calculated parameters correspond to
constitutional descriptors, topological descriptors, functional group
counts, atom-centred fragments, molecular properties, 2D binary and 2D
frequency fingerprints. Details on the definition of all molecular de-
scriptors are provided elsewhere (Todeschini and Consonni, 2009).

Relevant molecular descriptors for QSAR modelling were selected
using the ‘CfsSubsetEval’ attribute evaluator and the ‘BestFirst’ search
method as implemented in Weka software (Hall et al., 2009). Full
training and cross-validation modes were applied in a supervised attri-
bute selection.

2.1.3. QSAR modelling

k-Means and hierarchical clustering methods as implemented in
STATISTICA software (Weil, 2007) assisted in the rational division of 10
different combinations of training (80 %) and test (20 %) sets. Complete
linkage was used as the linkage rule and the squared Euclidean distance
as the distance measure.

QSAR classification models were built to relate the chemical struc-
tures to their estrogenic effects using the linear LReg method and the
non-linear fast decision tree learner REPTree, as implemented in WEKA
software (Hall et al., 2009). The applicability domain (AD) of the built
models was estimated using leverage metric, which is based on the
Euclidean distance to the centre of the models’ descriptor space. The AD
refers to chemical space for which the models’ predictions may be
deemed reliable and is a critical component of QSAR workflows, since
built models will offer predictions even for molecules outside the
respective chemical spaces. Any inferences based on such predictions
must be treated with extreme caution.

Several classification metrics were considered to evaluate the per-
formance of the trained QSAR models. The accuracy percentage indi-
cated the proportion of correctly predicted activity, while precision and
sensitivity (or recall) parameters indicated the positive prediction values
and the true positive rate, respectively. The true negative rate (speci-
ficity) and the area under a Receiver Operating Characteristic (ROC)
curve were also analysed. The obtained classifiers were used to screen
potential endocrine disrupting substances from a chemical library of The
Institute for Global Food Security from Queen’s University Belfast and
thirteen compounds were selected for in vitro experimental validation.

2.2. In vitro bioassays
RGA based on the MMV-Luc cell line (developed from MCF-7 human

mammary tumour cells that express the endogenous ESR) was used for
the evaluation of estrogenic in vitro activity of 13 POPs. This cell line was
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Fig. 1. Flowchart for the building and validation of QSAR classifiers of estrogenic activity.

developed and kindly provided by the Department of Food Science of the
University of Liege, Belgium. Details on the development of the cell line
can be found elsewhere (Willemsen et al., 2004).

2.2.1. Chemicals

A set of thirteen POPs was selected for the in vitro validation of the
predictive capacity of QSAR models. The list of POPs and the concen-
tration ranges tested are provided in Table 1. These compounds were
obtained from Sigma Aldrich (Missouri, USA) except PCB-118 provided
by Dr. Ehrenstorfer (Augsburg, Germany). All chemicals were dissolved
in dimethylsulfoxide (DMSO) (Acros Organics, Molinons, France),
except HCB in hexane (Merck, Massachusetts, USA), and stored at
—20°C.

2.2.2. Cell culture

MMV- Luc cells were cultured in a 75 cm? tissue culture flasks (BD
Biosciences, Bedford, MA, USA) at 37 °C with 5% CO- and 95 % hu-
midity. Dulbecco’s Modified Eagle Medium (DMEM) without phenol red
was used as cell culture medium and supplemented with 10 % foetal
bovine serum, 1% penicillin/streptomycin, and r-glutamine (2 mM) to
support growth. Cells were transferred two passages prior to RGA
analysis into assay media, which was composed of DMEM, 10 % hor-
mone depleted serum, 1% penicillin/streptomycin, and r-glutamine
(2 mM). All RGA cell culture reagents were supplied by Invitrogen,
Paisley, UK.

2.2.3. Reporter gene assays

MMV- Luc cells were seeded at a density of 40,000 cells per well, into
white-walled 96 well plates with clear flat bottoms (Greiner Bio-One,
Frickenhausen, Germany). Plates were incubated at 37 °C and 5% CO»
overnight prior to exposure to the tested compounds.

2.2.3.1. Estrogen receptor agonism. A dose-response curve of 17f-estra-
diol prepared in assay media was optimised with concentrations ranging
from 0.002 nM to 4.0 nM (Fig. 2). Subsequently, cells were exposed to
each of the 13 POPs at the concentration range provided in Table 1.
Assay media consisting of DMEM, 10 % hormone depleted serum, 1%
penicillin/streptomycin, and 1-glutamine (2 mM), was used as a media
control (MC). DMSO was used as a solvent control (SC) (0.2 % v:v in

assay media). Following 48 -h exposure, the supernatant was discarded,
and the cells washed twice with Phosphate-Buffered Saline (PBS) prior
to lysis with 1 x cell lysis reagent facilitated by agitation (Promega,
Southampton, UK). Finally, 100 pL luciferase (Promega, Southampton,
UK) was injected into each well and luciferase activity was measured
using the Mithras Multimode Reader (Berthold, Germany). The response
of the cell line to the tested compounds was compared with the solvent
control (SC).

2.2.3.2. Estrogen receptor antagonism. All POPs were tested in the
presence of 0.04 nM 17f-estradiol used as a positive control (PC),
calculated as the ECso concentration of 17f-estradiol standard curve
(Fig. 2). Cells were exposed to the concentration range of POPs given in
Table 1. DMSO was used as a solvent control (SC) (0.2 % v:v in assay
media). Following 48 h exposure, the supernatant was discarded, and
the cells washed twice with PBS, lysed with 1 x cell lysis reagent
facilitated by agitation (Promega, Southampton, UK). Then, 100 pL of
Luciferase (Promega, Southampton, UK) was injected into each well,
and luciferase activity was measured using the Mithras Multimode
Reader (Berthold, Germany). The response of the cell line to the POPs
was measured and compared with the PC (0.04 nM 17p-estradiol).

2.2.4. Cell viability assay

Cellular metabolism, an indicator of cell viability and cytotoxicity,
was monitored by a colorimetric assay using 3-(4,5-dimethylthiazolyl-
2)-2,5-diphenyltetrazolium bromide (MTT) (Sigma-Aldrich, St Louis,
MO, USA). Cells were seeded at 40,000 cells per well and incubated for
24 h. Then, cells were treated at a concentration range (see Table 1) for
each tested compound, and plates were incubated for 48 h. The super-
natant was then discarded, and the cells washed once with PBS. Lastly,
50 pL of MTT solution (2 mg/mL stock in PBS diluted 1:6 in assay
media) was added to each well and the cells were incubated for 3 h.
Viable cells convert the soluble yellow MTT to insoluble purple
formazan.

After incubation, the supernatant was once again removed and
200 pL/well of DMSO was added to dissolve the formazan crystals by
agitation at 37 °C for 10 min. Optical density was measured at 570 nm
with a reference filter at 630 nm. Viability was calculated as the
absorbance percentage of the sample when compared with the
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Table 1
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List of POPs in vitro evaluated: structures, identifiers, and range of tested concentration.

Common name* and CAS

Tested [pM]

Structure IUPAC name
number Min Max
Cl Cl PCB 118 1,2,4-trichloro-5-(3,4-dichlorophenyl) benzene 0.01 2.50
O C 31508-00-6
1
TR
Cl
Cl Cl PCB 153 2,2°,4,4’,5,5’-Hexachlorobiphenyl 0.01 2.50
& O 35065-27-1
|
L
Cl Cl
Cl PCB 138 1,2,3-trichloro-4-(2,4,5-trichlorophenyl) benzene 0.01  2.50
- O 35065-28-2
e
Cl
Cl Cl
Cl PCB 180 1,2,3,4-tetrachloro-5-(2,4,5-trichlorophenyl) benzene 0.01  2.50
cl Cl 35065-29-3
SOV
e
Cl Cl

Cl PCB 52 1,4-dichloro-2-(2,5-dichlorophenyl) benzene 0.01 2.50
35693-99-3
i Cl
Cl

Cl
Cl Cl PCB 101 1,2,4-trichloro-5-(2,5-dichlorophenyl) benzene 0.01 2.50
O 37680-73-2
Cl
|ee
Cl

FFFFFFO PFOA 2,2,3,3,4,4,5,5,6,6,7,7,8,8,8-pentadecafluorooctanoic acid 0.50 25.00
F 335-67-1
F OH

F FFF FF F

FFFEFFFFFF O PFDA 2,2,3,3,4,4,5,5,6,6,7,7,8,8,9,9,10,10,10-nonadecafluorodecanoic acid 0.50 25.00

F 335-76-2
E OH

F FFFFF FFF

E F FFFFFF O PFNA 2,2,3,3,4,4,5,5,6,6,7,7,8,8,9,9,9-heptadecafluorononanoic acid 0.50 25.00
375-95-1
F OH
F FF FF FF F
E F FFFFFFFF O PFUnDA 2,2,3,3,4,4,5,5,6,6,7,7,8,8,9,9,10,10,11,11,11-henicosafluoroundecanoic acid 0.50 25.00
2058-94-8
F OH
F FF FF FF FF F

Cl HCB 1,2,3,4,5,6-hexachlorobenzene 0.08  15.00
cl Cl 118-74-1
Cl Cl

Cl

Cl cl t-nonachlor (1R,2S,3R,5S,6R,75)-1,3,4,5,7,8,9,10,10-nonachlorotricyclo [5.2.1.02,6] dec-8- 0.50 25.00
cb 39765-80-5 ene

Cl

C

cl Cl

Cl cl oxychlordane 1,5,6,8,9,10,11,11-octachloro-4-oxatetracyclo [6.2.1.02,7.03,5] undec-9-ene 0.40 20.00
cb 27304-13-8

Cl

Cl (o]

Cl

*PCB: polychlorinated biphenyl, PFOA: perfluorooctanoic acid, PFDA: perfluorodecanoic acid. PFNA, perfluorononanoic acid. PFUnDA, perfluoroundecanoic acid,

HCB: hexachlorobenzene.
absorbance of untreated cells.

2.2.5. Statistical analysis

All in vitro experiments were performed in triplicate and repeated in
three independent exposures. Data were analysed using GraphPad Prism
v5.01 (San Diego, CA). Values are expressed as mean + standard error of

the mean (SEM) and in the percentage of solvent control (0.2 % DMSO)
for each parameter. The comparison analysis was done using a one-way
analysis of variance (ANOVA) followed by Dunnett’s multiple compar-
isons test. Mean concentrations were tested for significant difference at
95 % confidence level. A p value of < 0.05 was considered statistically
significant, p < 0.05 (*), <0.01 (**) and < 0.001 (***).
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Fig. 2. Standard curve generated for 17p-estradiol in the estrogen-responsive
MMV-Luc cell line. Reporter gene transactivation was measured by luciferase
activity as % response, n = 3. The solvent control (SC) 0.2 % DMSO was set at
0%. Maximum response (100 %) was detected at 4 nM. ECso response was
observed at 0.04 nM.

3. Results
3.1. Insilico

3.1.1. Database and molecular descriptors

The large and diverse ProtectED project database was constructed
from literature containing 613 chemical compounds studied as ESR
modulators in different RGAs (SI-1). After structure curation, 487
chemical compounds were retained for QSAR modelling purposes,
comprising 389 inactive and 98 active estrogenic compounds. As pre-
viously mentioned, a total of 2030 descriptors were computed for all
these compounds. After the removal of constant and nearly constant
descriptors, as well as those with pair correlation coefficients greater
than 0.9, 323 variables remained. The supervised feature selection
procedure yielded four parameters (C-026, nArOH, PW5, BO6[Br-Br]) to
be used in the development of classification QSAR models.

3.1.2. Classification QSAR models for estrogenicity

Two classification QSAR models based on LReg and RPTree algo-
rithms were obtained to predict the estrogenic potential of chemical
compounds (see SI-2). The adopted configurations and validation met-
rics for these two models are presented in Table 2 and Table 3,
respectively.

QSAR models were used to virtually screen an in-house library

Table 2
Configuration of the built QSAR models.

Parameter LReg Model RPTree Model

Size of the trees: 15—41
(Details in SI-2)

Coefficients

—0.51521 (+ 0.01) C-026
—0.55931 (+ 0.03) nArOH
—19.28679 (+ 0.56) PW5
+3.27769 (+0.05) intercept
e Training (80 %): n = 390 compounds

(20 %) 78 active, (80 %) 312 inactive

e Test (20 %): n = 97 compounds

(20 %) 20 active (80 %) 77 inactive

C-026, nArOH, PW5, BO6[Br-Br]

n = 487 compounds (98 active, 389 inactive)

Configuration

Division of datasets

(10-fold) clustering

Molecular descriptors
Database

Environmental Toxicology and Pharmacology 87 (2021) 103688

Table 3
Internal cross validation and 10-folds external validation of the built QSAR
models.

Parameter * LReg Model RPTree Model
c.v. Train External Test c.v. Train External Test

Balanced Accuracy 71.10 % 63.02 % 79.25 % 73.79 %
Precision 0.73 0.70 + 0.01 0.80 0.78 + 0.01
Sensitivity 0.73 0.72 £ 0.01 0.80 0.78 £ 0.01
Specificity 0.69 0.54 £+ 0.02 0.78 0.70 £ 0.02
F-Measure 0.72 0.71 4+ 0.01 0.80 0.78 4+ 0.01
ROC Area 0.81 0.77 + 0.01 0.82 0.78 + 0.02
PRC Area 0.81 0.80 £+ 0.01 0.79 0.79 £ 0.01

* Means from the 10-folds of Train or Test sets (+ standard error). ROC:
Receiver Operating Characteristics, PRC: Precision-Recall Curve.

(Queen’s University Belfast) of potential EDCs. Thirteen selected com-
pounds were tested in vitro as prospective experimental validation of the
chemoinformatic models. Eight of them were predicted as active estro-
genic modulators by one or both QSAR models (PCB 118, PCB 153, PCB
180, PCB 52, PCB 101, PFOA, o-chlordane, t-nonachlor), and five of
them were predicted in silico as inactive (HCB, PCB 138, PFDA, PFNA,
PFUnDA).

3.2. In vitro estrogenic activity measurements

The thirteen POPs were tested in vitro in the ESR-RGA. A dose-
response curve was generated in the MMV-Luc cell line using the rele-
vant steroid hormone standard 17-estradiol (Fig. 2).

In parallel, cellular metabolism as measured by MTT was used as an
indicator for cytotoxicity. None of the 13 compounds were cytotoxic at
any of the tested concentrations in the MMV-Luc cell line (Fig. 3).

Agonistic effects of the 13 tested POPs were expressed as a per-
centage relative to the maximal response seen in the 17p-estradiol

a)
140
2 —— PCB- 118
= 1204 — PCB- 153
£ 100+ —— PCB- 138
= —— PCB- 180
g 804 —— PCB- 52
-=- PCB- 101
L 60
2
] 40
7]
s 204
0 T T T T T
SC 0.01 0.1 1 25
Concentration (uM)
g "™ PFUNDA
HCB

100
-‘? t- nonachlor
g 80- o- chlordane
2 60
2
s 404
]
= 20

04— T r T

SC 0.1 0.750 25 12.50 25

Concentration (uM)

Fig. 3. Metabolic activity assessed by MTT conversion in the estrogen-
responsive cell line MMV-Luc after 48 h exposure to a) PCB 118, PCB 153,
PCB 138, PCB 180, PCB 52 and PCB 101, b) PFOA, PFDA, PFNA, PFUnDA, HCB,
t-nonachlor and oxychlordane. Means + SEM % of untreated cells, n = 3. Sig-
nificant differences from the solvent control (SC) are indicated with * =
p <0.05, ** = p <0.01, *** = p < 0.001.
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standard curve (4 nM = 100 %). Five out of the thirteen compounds
(PCB 180, PCB 101, PFOA, o-chlordane, t-nonachlor) showed statisti-
cally significant ESR transactivation at one or more tested concentra-
tions as represented in Fig. 4 (a—d).

In the presence of 0.04 nM (i.e. ECs) of 17p-estradiol, none of the
tested compounds displayed significant synergistic nor antagonistic ESR
transcriptional activity (Fig. 5).

4. Discussion
4.1. In silico models

The estrogenic activity models designed in this work complied with
all the regulatory principles required by the OECD for the validation of
QSAR models (OECD, 2016). First, the database used to model estro-
genic activity was derived from a homogeneous and highly informative
in vitro bioassay for ESR agonist modulation. Hence, the modelled

34 X PcB 118
324 11T PcB 153
30 Wjpcs 138
28 FAR PCB 180
26- [1Solvent Control (SC)
R 24
g 22_ F*ekk
g 204
£ %%
N |
-% 14+
o 124
14 10
8_
6_

2 é
2_

0. @I <éw ¥ &LM &
o WSS EF (FIES SIS S
NI 9 S a D a

Q Q

Concentration uM

34 PFOA

32 EPFDA

301 ﬂ]]]]]] PFNA

28- PFUNDA

gi- [ISolvent Control (SC)

Relative response %

Concentration uM
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endpoint was defined as the estrogenic activity exhibited by chemicals
in a RGA and transformed in a binary categorization of active or inactive
estrogenic compounds (OECD, 2016). Simple and interpretable statis-
tical algorithms (LReg and REPTree) were used to build QSAR models.

The models’ AD was established based on the leverage values (SI-2)
calculated from the corresponding molecular descriptors. All com-
pounds employed in the modelling procedure and the virtual screening
experiment were found to lie within the QSARs” AD.

The good statistical metrics in a strict 10-folds external validation
demonstrated the predictive capacity of the classifiers. Therefore, it was
verified that the QSAR models presented herein are useful to assess the
estrogenic capacity of chemicals. Additionally, as detailed later, mech-
anistic interpretations of the molecular descriptors used for modelling
are provided, as well as the in vitro experimental validation of the built
classifiers.
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Fig. 4. The agonistic response of thirteen POPs in the estrogen-responsive cell line MMV-Luc. a) PCB 118, PCB 153, PCB 138, PCB 180; b) PCB 52 and PCB 101; ¢)
PFOA, PFDA, PFNA and PFUnDA; d) HCB, t-nonachlor, o-chlordane. Responses are expressed as a % relative to 17p-estradiol response (4 nM = 100 %). DMSO 0.2 %
was used as solvent control (SC). n = 3; Significant differences from the SC are indicated with * =p < 0.05, ** = p < 0.01, *** = p < 0.001.
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4.1.1. Molecular descriptors

Mechanistic interpretations of the relation between the variables
(molecular descriptors) and the activity modelled, is highly recom-
mended in chemoinformatics, as indicated by the fifth OECD validation
principle for QSAR models (Meerts et al., 2001). The supervised algo-
rithm used to select attributes in this work allowed to identify and rank
the descriptors most relevant to the target variable (estrogenic activity).
Furthermore, the four variables selected (C-026, nArOH, PW5, B06
[Br-Br]) are simple and interpretable parameters.

The atom-centred descriptor C-026 is defined as R-CX-R, where the
—lines represent an aromatic bond that separates any group (R) from a C
atom linked to an electronegative (X) atom (i.e. O, N, S, P, Se, halogens).
Meanwhile, BO6[Br-Br] descriptor codifies for the presence or absence of
Br-Br at topological distance 6. Also closely related to C-026, the number
of aromatic hydroxyls (nArOH) in molecules seems to be an important
moiety for the ESR’s modulation. Therefore, in general, heteroatoms in
molecules (particularly O and Br), and the presence of aromatic bonds

are key structural features that may potentially influence the estrogenic
activity of chemical compounds. In this sense, it is not surprising that
diverse organobromine compounds such as brominated flame retardants
and bisphenol A derivatives routinely added to consumer products (e.g.
bottles, textile, food containers) have exhibited estrogenic activity
(Randi¢ and Basak, 1999).

On the other hand, PWS5 is a topological index (Path/walk 5 - Randi¢
shape index). The physicochemical weight of paths in this molecular
descriptor is the so-called “Randi¢ shape index”(Randic, 1995). Randi¢
shape is a molecular shape profile defined as a sequence that represents
the molecular shape and derived from the interatomic distances. All
atoms at the molecular periphery contribute to the elements of the
sequence (Estrada, 2002). As it has been previously highlighted, Randi¢
index is an indication of the accessible perimeter of atoms and therefore,
the relative bond accessibility areas of molecules (Saito and Rehmsme-
ier, 2015). Therefore, the selection of PW5 for modelling the estrogenic
activity emphasizes the importance of considering the accessible areas



E. Goya-Jorge et al.

of molecules that could interact with ESRs.

4.1.2. QSAR models

The early prioritization of toxicant substances is crucial to guarantee
human health and preserve the environment. In this work, simple and
interpretable QSAR models based on LReg and REPTree were built to
identify and prioritize chemical compounds as potential estrogenic
disruptors.

The two chemoinformatic models of estrogenicity yielded good in-
ternal and external performance (Table 3), with balanced accuracies
greater than 63 % for LReg and greater than 73 % for REPTree model.
Precision, sensitivity and specificity parameters ranged from 0.54—0.73
for LReg and from 0.70—0.80 for REPTree. The F-measure of the binary
classifiers was in all cases greater than 0.71. The area under the
receiving operating characteristic curve (ROC) was 0.77 in the external
validation of the LReg model, and 0.78 in the external validation of the
REPTree model. The precision-recall curve (PRC) area, which is a reli-
able parameter especially in imbalanced datasets (Cherkasov et al.,
2014), was close to 0.8 in the training and in the external validation of
both QSARs. All these metrics statistically demonstrated the adequate
robustness and the predictive capabilities of the obtained models (Li and
Gramatica, 2010).

QSAR models for predicting the biological effects mediated by ESRs
have been reported in the literature. The most relevant selected studies
are summarized in Table 4 for comparison purposes.

In general, most QSAR models reported to study estrogenic effects
have used the binding measurements to ESRs as an endpoint (as shown

Table 4
Comparative analysis of QSAR models of estrogenic activity.
QSAR Database Endpoints b Accuracy References
Methods * Metrics
k-NN 245 RBA 0.62—0.77 (Asikainen
et al., 2004)
BP-NN 125 RBA 0.81-0.85 (Jietal,
2008)
MLR, BR- 82 RBA ERa (Wang et al.,
NN, PLSR (ESRa & ESR) (0.63-0.92) 2010)
ERp
(0.75-0.98)
k-NN, IBk, 838 RBA 0.74-0.92 (Li et al.,
RF 2012a)
PLSR 36 RBA (ESRa) 0.58-0.94 (Li et al.,
2012b)
CoMSIA 44 RECyo (ESRa) 0.63—-0.65 (Zang et al.,
(PLS) 2013)
CART, LDA, 1537 Binding 0.70-0.80 (Zhang et al.,
SVM (interaction score) 2013)
STL & MTL 546 RBA 0.53-0.73 (Ng et al.,
(k-NN) (ERa) (ESRa & ESRp) 2015)
137
(ERp)
DF 3308 RBA (ESRa) 0.70—0.89 (Zhang et al.,
2017)
CART, LDA 440 Ternary 0.64-0.73 (Zhang et al.,
classification 2017)
(Agonism/
Antagonism
/Inactive)
LReg 478 Agonism (ESRs) 0.63-0.74 This work
REPTree

? QSAR methods. k-nearest neighbours (k-NN), backpropagation neural
networks (BP-NN), multiple linear regression (MLR), bayesian regularized
neural network (BR-NN), partial least-squares regression (PLSR), local lazy
method (IBk), RF (random forest), partial least-squares (PLS), comparative
molecular similarity indices analysis (CoMSIA), classification and regression
trees (CART), linear discriminant analysis (LDA), support vector machines
(SVM), single-task learner (STL), multi-task learner (MTL), logistic regression
(LReg), fast decision tree learner (REPTree).

b Endpoints. relative binding affinity (RBA), 20 % relative effective concen-
tration (RECyo, M). Estrogen Receptors (ESRs, ESRa, ESRp).
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in Table 4). Such endpoints, although useful to identify the capacity of
chemicals to bind and interact with the receptor’s ligand binding do-
mains, do not indicate the potential transcriptional modulation (ago-
nism and/or antagonism) induced by chemicals. In this sense, most of
these studies may not be directly compared with those obtained herein.
Other authors have suggested ternary classification models classifying
agonist, antagonist, or inactive estrogenic compounds (Zhang et al.,
2017).

The binary classifiers of the present work are an important contri-
bution due to the relevance of modelling ESR transactivation, different
from some other endpoints used previously. Simple and interpretable
statistical algorithms and variables were preferred in correspondence
with the parsimony principle. In addition, good performance was ob-
tained in the external validation for both LReg and REPTree models, and
no significant differences were identified when compared with the
available ternary classification models of estrogenic activity.

4.2. In vitro bioassay

The in vitro ESR-RGA provided rapid validation of the POPs as po-
tential endocrine disruptors. Five out of thirteen test compounds were
identified as ESR agonists. The effect responses varied for each com-
pound and appeared independent of the exposure concentration. The
test concentration used for PCBs ranged from 0.01 pM up to 2.5 pM. Two
out of six tested PCBs showed a significant agonistic response in the
MMV-Luc cell line. PCB 180 induced ESR transactivation at 0.1 pM
(Fig. 4a), while PCB 101 was active at 0.01 pM and 0.1 uM (Fig. 4b).

The selection of this set of POPs was based on recent studies that
warned about the endocrine disruptive potential of these chemicals and
their mixtures (McComb et al., 2020; Shannon et al., 2019; Yadav et al.,
2021). Moreover, their demonstrated presence in water, food, blood,
and breast milk, arouses great interest in their analysis (Berntsen et al.,
2017; Collet et al., 2020; Doan et al., 2020; Thomsen et al., 2010). The
range of concentrations tested was based on previous reports, and
although higher than the estimated actual exposure, it could occur in
highly exposed populations (Doan et al., 2019).

Many PCBs are known to interfere with ESR mediated responses and
play arole in the initiation and progression of cancers (Rattenborg et al.,
2002). One study demonstrated that PCB 180, PCB 138, and PCB 153
can alter estradiol induced expression of the key tumour suppressor gene
BRCAL (breast cancer type 1). The study used MCF-7 (BUS) (estrogen
responsive) and MDA-MB-231 cell lines to study dose-response effects of
POPs on BRCAl-promoter activity. In both cell lines, the
estradiol-induced promoter activity was significantly reduced by PCBs
at the maximum tested concentration of 10 pM (Qiu et al., 2020). In our
study, the PCB 180 and PCB 101 induced significant agonistic response
in the estrogen responsive MMV-Luc cell line at much lower concen-
trations (Figure 4a & 4b). Both PCB 180 and PCB 101 were predicted as
active estrogenic compounds by the in silico RepTree model (Table 5).

PFOA at 2.5 pM induced a statistically significant agonist response as
an activator of the ESR transcription (Fig. 4c). Consistent with these
results, perfluorinated compounds such as PFOA and PFOS have been
previously reported as activators of ESRs (Gao et al., 2013).

Chlordane derivatives such as o-chlordane and t-nonachlor are also
found to interact with the ESRs. Chlordane and its derivatives were
found to be agonists of the HeLa derived ESRa and ESRf at a concen-
tration of 10 pM. Both o-chlordane and t-nonachlor were predicted to be
activators of ESR using our in silico model (Table 5). The experimental
data indicated ESR agonistic response of o-chlordane and t-nonachlor at
0.4 puM, 10 pM, 20 pM and 12.50 pM, 25 pM respectively (Fig. 4d).

4.3. In silico vs. In vitro
Table 5 presents results of the estrogenic activity (active/inactive)

predicted by the QSAR models and the in vitro evaluation for the 13
POPs.
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Table 5
In silico predictions and in vitro evaluation of the estrogenic activity of 13 POPs.

Experimental Dataset In silico predictions

In vitro evaluation

Compounds CAS number LReg RPTree

HCB 118-74-1 Q Q Q
PCB 118 31508—00-6 Q Q Q
PCB 153 35065—27-1 Q Q Q
PCB 138 35065—28-2 8 Q Q
PCB 180 35065—29-3 8 Q 3
PCB 52 35693-99-3 Q Q Q
PCB 101 37680—73-2 Q Q 0
PFOA 335-67-1 8 Q 0
PFDA 335-76-2 Q Q Q
PFNA 375-95-1 Q Q Q
PFUnDA 2058-94-8 Q 0 0
o-chlordane 27304-13-8 Q Q 0
t-nonachlor 39765-80-5 Q Q 0

Q Active Q Inactive 0 Agonism

From Table 5, it is observed that in vitro analysis identified the five
agonists (PCB 180, PCB 101, PFOA, o-chlordane and t-nonachlor) and
that the RepTree model correctly predicted these same compounds as
active estrogenic compounds. Three of the five in vitro identified estro-
genic agonists were also predicted as active by the QSAR model based in
LReg. However, two PCBs (PCB 118, PCB 52) were incorrectly predicted
as active ESR modulators for both in silico models, while PCB 153 was
incorrectly predicted as active by the LReg model. These incorrect pre-
dictions are likely due to the close structural similarity between PCBs
and the presence of numerous active estrogenic PCBs in the in silico
modelled compound data set.

The five agonists (PCB 180, PCB 101, PFOA, o-chlordane, and t-
nonachlor) identified in vitro were correctly predicted as active estro-
genic compounds for the RepTree model. The majority of agonists were
also predicted as active by the QSAR model based in LReg. However, two
PCBs (PCB 118, PCB 52) were incorrectly predicted as active ESR
modulators for both in silico models, while PCB 153 was incorrectly
predicted as active by the LReg model.

With 61.5 % and 84.6 % of classification accuracy for LReg and
REPTree models, respectively, it may be inferred that both QSARs
demonstrated good predictive power. Therefore, their use is highly
recommended to prioritize chemicals as ESR-mediated endocrine
disruptors.

5. Conclusions

In this study, in vitro estrogenic agonism and antagonism de-
terminations are reported for a set of 13 POPs with demonstrated
presence in water, food, blood, and breast milk. Two classification
QSARs were obtained and validated to predict the agonist trans-
activation of estrogen receptors caused by chemical compounds. These
chemoinformatic tools were built based on LReg and REPTree, which are
simple and interpretable statistical methods. Internal and external
validation procedures demonstrated the robustness and predictive
power of the in silico methods. To the best of our knowledge, these are
the first binary classifiers suggested from a large and diverse dataset of
chemicals tested in a RGA, and with a prospective experimentally
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validated performance (>60 % accuracy), for the early prioritization of
chemical compounds with potential estrogenic activity. Besides, mech-
anistic interpretations revealed that structural characteristics of mole-
cules such as the presence of heteroatoms, aromatic hydroxyls, and the
relative bond accessibility areas are important for ESR’s modulation
and, consequently, for the endocrine disrupting activity.
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