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g r a p h i c a l a b s t r a c t
� Classification models for AhR ago-
nism were built using a large and
balanced dataset.

� A 10-fold external validation
demonstrated the robustness and
predictiveness of built QSARs.

� In vitro experimental validation
corroborated the predictivity of the
built ensemble classifier.

� The benzothiazoles were the most
prominent group among the AhR
agonists.

� The built QSARs may be useful in
guiding the screening of AhR
agonists.
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The aryl hydrocarbon receptor (AhR) plays a key role in the regulation of gene expression in metabolic
machinery and detoxification systems. In the recent years, this receptor has attracted interest as a
therapeutic target for immunological, oncogenic and inflammatory conditions. In the present report, in
silico and in vitro approaches were combined to study the activation of the AhR. To this end, a large
database of chemical compounds with known AhR agonistic activity was employed to build 5 classifiers
based on the Adaboost (AdB), Gradient Boosting (GB), Random Forest (RF), Multilayer Perceptron (MLP)
and Support Vector Machine (SVM) algorithms, respectively. The built classifiers were examined,
following a 10-fold external validation procedure, demonstrating adequate robustness and predictivity.
These models were integrated into a majority vote based ensemble, subsequently used to screen an in-
house library of compounds from which 40 compounds were selected for prospective in vitro experi-
mental validation. The general correspondence between the ensemble predictions and the in vitro results
suggests that the constructed ensemble may be useful in predicting the AhR agonistic activity, both in a
toxicological and pharmacological context. A preliminary structure-activity analysis of the evaluated
compounds revealed that all structures bearing a benzothiazole moiety induced AhR expression while
diverse activity profiles were exhibited by phenolic derivatives.

© 2020 Elsevier Ltd. All rights reserved.
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1. Introduction

The aryl hydrocarbon receptor (AhR) is a basic Helix-Loop-Helix
member of the Per-Arnt-Sim (bHLH/PAS) family of receptors known
to act as a cytoplasmatic sensor and as a promiscuous transcription
factor with crucial roles in the regulation of gene expression
(Mescher and Haarmann-Stemmann, 2018; Nebert, 2017). Studies
on AhR-mediated effects in normal physiological development and
physiopathological conditions have improved the understanding of
cellular responses to diverse chemical agents (Fujii-Kuriyama and
Mimura, 2007; Kawajiri and Fuji-Kuriyama, 2016). The highest
levels of AhR transcriptional activity are shown in barrier tissues
and the liver, where the receptor has been related to metabolic
machinery and detoxification systems. AhR activators include a
diverse array of environmental toxicants, as well as endogenous
ligands mainly derived from L-tryptophan metabolism (Bock, 2018;
Esser et al., 2018).

AhR agonism is a long-known toxicological mechanism of di-
oxins and related compounds, whose exposure and human health
risk have been extensively assessed (Gies et al., 2007). Reproductive
and immunological disruption, as well as carcinogenic effects, are
attributed to AhR transcriptional activity (Rothhammer and
Quintana, 2019). However, the complexity of AhR pathways has
led to consider that many of its adverse health consequences could
be exacerbated cellular responses of its endogenous roles (Mitchell
and Elferink, 2009; Roman et al., 2018).

The AhR is an emerging pharmacological target in intestinal
immunity and inflammation (Lamas et al., 2018; O’Donnell et al.,
2010), with particular interest for immune responses where Th17
and dendritic cells have been observed to express high levels of AhR
(Esser et al., 2009), as well as in inflammatory lung diseases such as
cystic fibrosis (Guerrina et al., 2018; Puccetti et al., 2018). Further-
more, the applicability of AhR ligands in chemotherapy has been
extensively studied and anticancer prodrugs have been suggested
as clinical candidates acting on the selective overexpression of AhR-
mediated transcription of cytochrome P450 1A1 (CYP1A1) (Murray
et al., 2014; Nandekar and Sangamwar, 2012).

Important in silico efforts have been made aimed at providing
better understanding of the AhR binding modes, the different
activation and inhibitory patterns, as well as the potential out-
comes of AhR modulation (Chitrala et al., 2018; Gadaleta et al.,
2018; Goya-Jorge et al., 2020). Unfortunately, most of the predic-
tive models reported to date have been based on AhR binding af-
finities, and thus do not distinguish between agonist and
antagonist effects, as well as their corresponding biological re-
sponses (Giani Tagliabue et al., 2019; Larsson et al., 2018). A handful
of in silico studies on AhR agonism may be found in the literature
but these have been based on small congeneric dataset of com-
pounds (Ghorbanzadeh et al., 2014), with the exception of a recent
study in which a large imbalanced database was employed
(Klimenko et al., 2019).

In the present report, the AhR activation was modeled using a
large and balanced dataset of chemical compounds and Quantita-
tive Structure Activity-Relationship (QSAR) methods based on
different machine learning algorithms. The models’ predictivity
and robustness was assessed using internal and external validation
workflows, followed by prospective in vitro experimental validation
for a set of chemical compounds of natural and synthetic origin.

2. Materials and methods

2.1. In silico

2.1.1. Database of AhR agonistic activity
A dataset of chemical compounds evaluated for their AhR
agonistic profile in the TOX21 Program was retrieved from the
PubChem bioassay repository (Wang et al., 2017). The AhR agonistic
capacity of these chemicals was evaluated based on a quantitative
high-through screening (qHTS) assay using a HepG2 (human he-
patocellular carcinoma) cell model stably transfected with an AhR-
responsive firefly luciferase reporter gene plasmid (Huang et al.,
2016). This dataset was curated based on standard data curation
protocols provided by ChemAxon Ltd software. Consequently,
duplicated compounds, mixtures, salts containing organic poly-
atomic counterions, inorganic substances or metal complexes were
all discarded. The obtained dataset comprised 7 times more inac-
tive than active AhR agonists. Therefore, it was balanced using a
structural similarity filter based on hybridization fingerprints; a
Tanimoto coefficient cutoff of 0.5 was applied (Steinbeck et al.,
2003).
2.1.2. Structural parametrization and variable selection
The chemical structural characteristics of the molecules

comprising the compiled dataset were codified using the infor-
mation indices (IFIs) implemented in the Graph Theoretical Ther-
modynamic STAte Functions (GT-STAF) module of the freely
available software for Molecular Descriptor Computations
ToMoCOMD-CARDD (acronym for Topological Molecular Compu-
tational Design-Computer Aided Rational Drug Design) (Barigye
and Marrero-Ponce, 2016; Martinez Lopez et al., 2015). The
following configuration was considered: Shannon’s and mutual
entropy IFIs were selected as the molecular descriptor types,
Pauling’s electronegativity, polarizability, AlogP, TPSA and the
electrotopological state were employed for the descriptor weight-
ing scheme. Moreover, a series of aggregation operators as a
generalization for the sum of atomic contributions were employed
and these include the norms (summation, Euclidean distance),
means (geometric, arithmetic, quadratic and harmonic means),
statistic aggregation operators (variance, skewness, kurtosis, range
and percentile 50) and the classical algorithms which include
autocorrelation, gravitational, Kier-Hall connectivity and the elec-
trotopological states molecular indices. All these descriptors were
computed for the connected subgraphs (CS) and substructure
fingerprint (SS) molecular fragmentation approaches, respectively.
Details on the definition of all GT-STAF indices are provided else-
where (Barigye and Marrero-Ponce, 2016). Constant variables and
those with x/x square correlation coefficients greater than 0.8 were
discarded. The filtered data matrix was posteriorly employed for
the QSARmodeling. Fig. 1 illustrates the general workflow followed
to build the QSAR classification models in the present report.
2.1.3. QSAR modeling
For the model building, the data matrix was split into training

(75%) and test (25%) sets, respectively. A mutual information rank-
based filter was applied to the training dataset to select the vari-
ables that best discriminate AhR agonists (actives) from non AhR-
agonists (inactives). Subsequently, several machine learning algo-
rithms coupled with the genetic algorithm (GA) feature selection
strategy were employed to build classification models for AhR
agonism. For the GA configuration, the population size was set to
100, the crossover and mutation probabilities were set to 0.5 and
0.2, respectively, while the F1 score was employed as the optimi-
zation function. The best classification models were subject to a 10-
fold test set validation and the average performance parameters
reported (refer to Fig. 1). Lastly, in-house libraries of compounds
were virtually screening and a set of potentially active AhR agonists
were selected for in vitro prospective validation.



Fig. 1. Workflow employed in the development and validation of QSAR models for aryl hydrocarbon receptor (AhR) agonism.
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2.2. In vitro

2.2.1. AhR transcriptional activity
The AhR-mediated transcriptional activity for the set of syn-

thetic and natural compounds was assayed in the AhR-HepG2
Lucia™ cell line (InvivoGen). The cells were maintained in Mini-
mum Essential Medium containing non-essential amino acids
(MEM-NEAA, Gibco ThermoFisher Scientific) supplemented with
10% (v/v) fetal bovine serum (FBS), penicillin (100 U/mL), strepto-
mycin (100 mg/mL) in a humidified 5% CO2 atmosphere at 37 �C.
Normocin (0.1 mg/mL) and Zeocin (0.2 mg/mL) were added to the
culture medium after the third passage.

The compounds cytotoxicity was studied by the MTT assay
(Mosmann,1983). Briefly, AhR-HepG2 cells were exposed to a range
of concentrations (1-100 mM) of the tested compounds for 24 h at
37 �C. Then, 100 mL/well of MTT solution (0.5 mg/mL) were added
and the plates were incubated until blue deposits were visible. The
absorbance was measured at 490 nm in a microplate reader (VIC-
TORx3, PerkinElmer Inc., USA).

The induction of AhR transcriptional activity was evaluated in a
reporter gene assay. The AhR-HepG2 cells suspended at
2.0 � 105 cells/mL were seeded into 96-well microplates (200 mL/
well), incubated for 24 h at 37 �C, and then, exposure to different
concentrations (5-100 mM) of the tested compound (10 mL/well)
during 24 h. A volume of 20 mL/well of supernatant were trans-
ferred to white sterile and flat-bottom 96-well microplates (Corn-
ing). Finally, 50 mL/well of the QUANTI-Luc™ assay reagent
(Invivogen) were added and the luminescence immediately
measured in a microplate reader (VICTORx3, PerkinElmer Inc.,
USA). The AhR agonist compound 5,11-Dihydro-indolo[3,2-b]
carbazole-6-carboxaldehyde (FICZ) assayed from 1 to 18 mM was
used as a positive control (PC). Compounds showing a maximum
response relative to FICZ (RPCmax) �10% were considered active as
agonist of AhR expression (OECD, 2016).

3. Results and discussion

3.1. Data set building and feature selection

A large and diverse dataset of compounds with known AhR
agonistic profile was retrieved from TOX21, curated and balanced
for subsequent in silico modeling. The final database comprised of
1837 chemical compounds of which 804 were active and 1033
inactive (this dataset is provided as Supporting Information SI-1). A
total of 4139 IFIs remained after the zero variance and x/x dimen-
sionality reduction procedure.

3.2. Classification models for AhR agonism

Classification models for AhR agonist activation based on the
Adaboost (AdB), Random Forest (RF), Gradient Boosting (GB),
Support Vector Machine (SVM) and Multilayer Perceptron (MLP)
algorithms were obtained. The configuration parameters and the
validation metrics obtained for the five models are presented in
Table 1.

As shown in Table 1, the built AhR agonistic activity classification
models yielded good external validation performance i.e. accuracies
�0.75, true active rates (sensitivity) � 0.71, true inactive rates
(specificity) � 0.77, active predictive values (precision) � 0.70, and
Matthew’s correlation coefficients� 0.48, respectively. Therefore, it



Table 1
Evaluation metrics of the classification models for AhR agonism.

QSAR Models a Accuracy g Sensitivity h Specificity i Precision j MCC k

Train ▪ Ext.V ▪▪ Train ▪ Ext.V ▪▪ Train ▪ Ext.V ▪▪ Train ▪ Ext.V ▪▪ Train ▪ Ext.V ▪▪

AdB b 0.91 0.75 0.90 0.71 0.93 0.77 0.91 0.70 0.82 0.48

RF c 0.86 0.79 0.87 0.76 0.84 0.82 0.81 0.77 0.71 0.58

GB d 0.85 0.76 0.82 0.73 0.87 0.78 0.83 0.72 0.69 0.51

SVM e 0.80 0.77 0.77 0.72 0.82 0.81 0.77 0.75 0.59 0.53

MLP f 0.80 0.78 0.75 0.72 0.85 0.82 0.80 0.76 0.60 0.55

a Classification models for the AhR agonistic activity using 38 molecular descriptors and 1837 chemical structures (804 active and 1033 inactive) (SI-1). The evaluation
metrics were calculated considering: TA ¼ true active, FI ¼ false active, TI ¼ true inactive, FI ¼ false inactive. ▪Train. Metrics obtained in the training of the models. ▪ ▪Ext.V.
average classification metrics obtained for the 10-fold external validation.

b Adaboost (AdB) classifier: number of estimators ¼ 250.
c Random Forest (RF) classifier: max depth ¼ 6, number of estimators ¼ 150.
d Gradient Boosting (GB) classifier: number of estimators ¼ 150.
e Support-Vector Machine (SVM): radial basis function kernel (RBF), C ¼ 14.0, gamma ¼ 0.07.
f Multilayer Perceptron: MLP 38-100-2, activation function: relu.
g Accuracy ¼ (TA þ TI) ÷ (TA þ FI þ FA þ TI).
h Sensitivity ¼ TA ÷ (TA þ FI).
i Specificity ¼ TI ÷ (TI þ FA).
j Precision ¼ TA ÷ (TA þ FA).
k Matthews Correlation Coefficient (MCC) ¼ (TA � TI e FA � FI) ÷ ((TA þ FA) � (TA þ FI) � (TI þ FA) � (TI þ FI)) ½.
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may be deduced that the built QSAR models possess adequate
robustness and predictive capacity (Cherkasov et al., 2014).

In a recently published study, composite QSAR models were
developed for a large imbalanced dataset of AhR agonism using
more than eight thousand structural keys transformed in factors
and ensemble QSARs based on Partial Logistic Regression (PLR)
(Klimenko et al., 2019). As shown in Fig. 2, no significant differences
(p > 0.05) were observed between the balanced accuracy in the
training and validation sets of the best model reported by Klimenko
et al., (2019) when compared with the classification accuracy of the
five QSAR models proposed herein.
3.3. Prospective experimental validation

The best classifiers of AhR agonismwere prospectively validated
by virtually screening in-house libraries of synthetic and natural
chemical compounds. A total of 40 compounds were selected for
Fig. 2. Comparative Performance of the built QSAR models and a reference method, i.e.
Partial Logistic Regression (PLRf) model from the literature named “QSAR 2:1” by
Klimenko et al., (2019). The training performance and the 10-fold cross-validation of all
QSAR models (represented as a range) were compared in a One-way ANOVA following
Turkey’s multiple comparison post-test. No significant differences (p > 0.05) were
identified.
in vitro experimental evaluation of their AhR agonistic activity
profile (details provided as SI-2). These compounds included 9 of
synthetic (S) origin i.e. 6 benzothiazoles (B01-B06) and 3 couma-
rins (C01-C03), and 31 of natural (N) origin i.e. 22 phenolic (P01-
P22, nine of which are flavonoids) and nine terpenoids (T01-T09,
mainly triterpenes derivatives). The predictions of AhR agonism for
each individual QSAR model for the 40 compounds are shown in
Table 2, while the structural identity, the consensus (majority vote)
prediction based on the five classifiers base classifiers and the ob-
tained in vitro results are presented in Table 3.

The cytotoxicity of the 40 compounds was evaluated by MTT
assay. The non-cytotoxic concentration to perform the subsequent
luciferase reporter gene assay of AhR-mediated transcriptional ac-
tivity was established as one which guarantees over 85% cell
viability.

As shown in Table 3, the selected exposure doses were much
higher for the natural occurring compounds (12.5e100 mM) than
for the synthetic derivatives (5-10 mM). The response percentage
relative to the positive control used (FICZ) was considered as the
threshold to identify active AhR agonists from the inactives. Based
on the maximum response induced at the highest dose for each
tested compound, 14 of the tested chemicals were classified as
active AhR-agonists due to their RPCmax � 10% (OECD, 2016), as
reported in Table 3.

The benzothiazole class of compounds was the most prominent
group of AhR agonists, consistent with other reports in the litera-
ture (Bradshaw and Westwell, 2005). The most potent AhR agonist
identified herein was the synthetic methyl benzothiazole B03, with
an 86.44% of activation relative to the endogenous agonist FICZ.
Thus, the disubstituted benzene ring with 2-nitroaniline signifi-
cantly improves the activity when compared to the analogous
methyl benzothiazoles monosubstituted with r-nitro benzene
(B01) or r-aniline (B02). Variations in the substituents of the
benzene ring fused with the thiazole (B04 and B05) resulted in an
approximately 4- and 3-fold decrease of the activity when
compared with the methyl derivatives B03 and B02, respectively.
The only pyridine benzothiazole tested (B06) showed a remarkable
induction of AhR (73.55%).

On the other hand, the best AhR agonist identified among the



Table 2
Predictions of the QSAR models built for the AhR agonism of 40 selected chemical compounds (light blue: active, dark blue: inactive).
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natural compounds, was the small phenolic molecule 4-
methylcatechol (P02), that exhibited activity in the same order as
the benzothiazole B06. Interestingly, slight variations in the simple
phenolic ring led to a partial (P01) or complete loss of activity even
in cases where the catechol function was present (P08). Some of
Table 3
Summary of the AhR agonist activity evaluated in vitro and predicted in silico (ensemble

ID a Origin b Structure & CAS number c [mM] d

Min Max

B01 S 5.0 10

CAS 488722-57-2
B02 S 5.0 10

CAS 92-36-4
B03 S 5.0 10

CAS 1448780-07-1
B04 S 5.0 10

CAS 132064-21-2
B05 S 5.0 10

CAS 488722-59-4
B06 S 5.0 10

CAS 1448780-06-0
C01 S 5.0 10

CAS 81-81-2
C02 S 5.0 10

CAS 109936-39-2
C03 S 5.0 10

CAS 2230787-75-2
P01 N 50 100

CAS 87-66-1
P02 N 50 100
these (P06, P03) showed an RPCmax close to the 10% threshold, but
most of the substituted simple phenols were inactive, particularly
the phenolic acids and their derivatives (P04, P05, P07-P09).
Diferuloylmethane curcumin (P10) approximated the threshold of
active AhR agonists, contrary to previous reports (Ciolino et al.,
) for 40 selected chemical compounds.

RPCmax (%)
±SEM e

in vitro AhR agonism f in silico Ensemble prediction g

16.03 ± 0.21 Active TRUE

66.34 ± 0.64 Active TRUE

86.44 ± 0.84 Active TRUE

22.32 ± 0.32 Active TRUE

20.61 ± 0.42 Active TRUE

73.55 ± 0.65 Active TRUE

6.45 ± 0.02 Inactive TRUE

6.77 ± 0.02 Inactive FALSE

6.95 ± 0.04 Inactive TRUE

15.53 ± 0.29 Active TRUE

79.35 ± 0.58 Active FALSE

(continued on next page)



Table 3 (continued )

ID a Origin b Structure & CAS number c [mM] d RPCmax (%)
±SEM e

in vitro AhR agonism f in silico Ensemble prediction g

Min Max

CAS 452-86-8
P03 N 50 100 9.09 ± 0.08 Inactive TRUE

CAS 2478-38-8
P04 N 50 100 7.19 ± 0.04 Inactive TRUE

CAS 119-36-8
P05 N 50 100 7.36 ± 0.03 Inactive TRUE

CAS 530-57-4
P06 N 50 100 9.40 ± 0.21 Inactive TRUE

CAS 499-75-2
P07 N 50 100 8.11 ± 0.05 Inactive TRUE

CAS 7400-08-0
P08 N 50 100 7.14 ± 0.04 Inactive TRUE

CAS 331-39-5
P09 N 50 100 7.62 ± 0.11 Inactive TRUE

CAS 1135-24-6
P10 N 50 100 9.97 ± 0.24 Inactive TRUE

CAS 458-37-7
P11 N 50 100 6.57 ± 0.14 Inactive TRUE

CAS 476-66-4
P12 N 12.5 25 <5.0 Inactive FALSE

CAS 1401-55-4
P13 N 50 100 4.17 ± 0.08 Inactive TRUE

CAS 989-51-5
P14 N 12.5 25 <5.0 Inactive TRUE

CAS 2957-21-3

E. Goya-Jorge et al. / Chemosphere 256 (2020) 1270686



Table 3 (continued )

ID a Origin b Structure & CAS number c [mM] d RPCmax (%)
±SEM e

in vitro AhR agonism f in silico Ensemble prediction g

Min Max

P15 N 50 100 14.48 ± 0.28 Active TRUE

CAS 520-33-2
P16 N 50 100 7.84 ± 0.06 Inactive FALSE

CAS 10236-47-2
P17 N 50 100 13.59 ± 0.13 Active FALSE

CAS 520-26-3
P18 N 50 100 10.30 ± 0.20 Active TRUE

CAS 520-36-5
P19 N 50 100 22.32 ± 0.27 Active FALSE

CAS 529-53-3
P20 N 50 100 30.76 ± 0.72 Active TRUE

CAS 30370-87-7
P21 N 50 100 7.47 ± 0.05 Inactive TRUE

CAS 153-18-4
P22 N 12.5 25 <5.0 Inactive TRUE

CAS 446-72-0
T01 N 50 100 16.05 ± 0.09 Active FALSE

CAS 2415-24-9
T02 N 12.5 25 <5.0 Inactive TRUE

CAS 545-48-2
T03 N 12.5 25 <5.0 Inactive FALSE

CAS 508-02-1

(continued on next page)
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Table 3 (continued )

ID a Origin b Structure & CAS number c [mM] d RPCmax (%)
±SEM e

in vitro AhR agonism f in silico Ensemble prediction g

Min Max

T04 N 12.5 25 <5.0 Inactive TRUE

CAS 73039-13-1
T05 N 50 100 7.32 ± 0.02 Inactive TRUE

CAS 638-95-9
T06 N 12.5 25 <5.0 Inactive TRUE

CAS 545-47-1
T07 N 50 100 9.62 ± 0.03 Inactive FALSE

CAS 473-98-3
T08 N 12.5 25 <5.0 Inactive TRUE

CAS 472-15-1
T09 N 12.5 25 <5.0 Inactive TRUE

CAS 474-62-4

a ID: Identification code, benzothiazoles (B01-B06), coumarin (C01-C03), phenolics (P01-P22), triterpenes (T01-T09).
b origin: S (Synthetic) or N (Natural).
c CAS registration number below each structural representation (further details of the compounds provided as SI-2).
d [mM]: in vitro assayed concentrations (Max: maximum and Min: minimum).
e RPCmax (%): Percentage of the maximum response relative to the positive control (agonist control FICZ) ± SEM.
f in vitro AhR agonism: based on the threshold of RPC�10% for AhR agonists, the classification of active/inactive agonist compounds is shown.
g in silico Ensemble Prediction: from the predictive results of the five QSARmodels built, a consensual activity prediction is suggested and comparedwith the experimental

results, showing TRUE when there is an agreement between the in vitro vs. in silico results or else, FALSE.
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1998), probably due to its predominant suppressive effects of AhR-
mediated transcription (Nakai et al., 2017; Nishiumi et al., 2007).
Surprisingly, ellagic acid (P11) and epigallocatechin gallate (P12)
did not exhibit any AhR agonism despite the multiple catechol
moieties in their structures.

The flavonoids (P14-P22) were the class of phenolic compounds
with the highest number of active compounds. Their relative AhR
agonistic activity was as follows: quercetin 3-arabinoside
(P20) > scutellarein (P19) > hesperetin (P15) z heperidin
(P17) z apigenin (P18). No differences were observed in the ac-
tivity displayed by the heteroside flavonoids and their corre-
sponding aglycones in neither flavanones nor flavones (P16 vs. P14
or P20 vs. P18, respectively). However, in the case of flavonols, the
presence of an additional glycoside unit (P20 vs P21) resulted in the
loss of the agonistic activity. Lastly, the isoflavone genistein (P22)
was found inactive, probably due to other modulatory effects on
AhR as some of its analogous (Chan et al., 2003).

Finally, in the terpenoids group of compounds (T01-T09), the
only active compound was the iridoid catalpol (T01), while betulin
(T07) approximated the activity threshold. Most of the assayed
terpenes were cytotoxic at exposure concentrations higher than
25 mM.

As may be observed in Table 3, the prospective in vitro experi-
mentation validated the predictiveness and applicability of the
built classification models for AhR agonist activity. Indeed, the
ensemble of five QSAR models built in this work, correctly pre-
dicted the activity profile of 31 of the 40 evaluated chemicals,
yielding a 77.5% of classification accuracy.

4. Conclusions

Five classification models for predicting the AhR antagonistic
activity of chemical compounds were built and validated, demon-
strating adequate robustness and predictive power. These classi-
fiers comprised an ensemble model, which was used to screen an
in-house repository of synthetic and natural occurring com-
pounds. Consequently, a set of 40 diverse chemicals was selected
for experimental validation. The satisfactory in vitro collaboration
of the predicted AhR agonistic activity supports the utility of the
built ensemble classifier in guiding the prioritization of chemical
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compounds with desired AhR agonistic activity profiles both in the
in toxicological and pharmacological contexts. It is important to
highlight that all the synthetic and most of the natural occurring
compounds tested in vitro herein have not been previously evalu-
ated for their AhR agonistic activity and is thus reported here for
the first time.
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