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ABSTRACT 
Rapid and correct identification of endocrine-disrupting chemicals (EDCs) is an 

important issue in environmental and human health risk assessment. Nowadays it is proved that 

structural diverse estrogen receptor agonists may induce cancer or endocrine function 
disruption. Because of the high cost and time-consuming nature of experimental tests, in silico 

methods are valuable alternative tools for identification of EDCs. However, the larger part of 

the available models could be applied successfully for prediction the binding potential toward 

the receptor without supporting information for possible functional activity 
(agonistic/antagonistic) effect. In this study, a large chemical dataset containing experimental 

data for estrogen binding and agonistic activity have been evaluated by application of profiling 

scheme for EDCs incorporated in non-commercial computational software tool. 
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INTRODUCTION 

Endocrine disrupting chemicals (EDCs) are considered to be a serious health threat by 

contributing to major diseases [1].  Recent studies have demonstrated that exogenous compounds in 

the environment, derived from agricultural, industrial and household sources, can act as estrogen 

and androgen agonists and/or antagonists, suggesting that these compounds might be able to mimic 

and block endogenous hormones [2]. 

In order to be experimentally recognized as EDC compounds a costly testing of large number 

of chemicals is required in most industrialized countries [3]. Because the mechanisms of endocrine 

disruption are diverse and complex (e.g., interactions with hormone and non-steroid receptors, 

activation of enzymatic and signaling pathways, etc.), a wide array of in vitro and in vivo tests is 

used to identify EDCs [4]. 

Experimental testing of large libraries of EDCs is time-consuming and expensive task. 

Accordingly, the benefits of alternative theoretical QSAR (Quantitative Structure–Activity 

Relationship) techniques to identify possible EDCs become obvious. Using QSAR methods, 

biological activity can be predicted based on chemical structures and properties, which can decrease 

the number of requested tests. Such behaviour is in line with EU recommendations in the new 

REACH system (Regulation (EC) No 1907/2006) for chemical regulation [5]. 

As part of the effort for developing fast and low-cost tools for facilitating chemical safety 

evaluations, a few learning methods have been used for computer prediction of ER binders. These 

methods use specific structural and physicochemical properties of the known ER binders and non-

binders to statistically derive structure–activity relationships (SAR) [6], quantitative structure–

activity relationships (QSAR) [7], and the rule-based (expert) decision models [8] for predicting ER 

binding potential of a molecule. The prediction accuracies of these models are at a useful level for 

facilitating the prediction of ER binders and non-binders. 

 While the prediction of the ER binding potential is important for chemical risk evaluations it 

should be pointed out that from toxicological point view it is of equal importance to distinguish the 

type of functional activity related to the agonistic or antagonistic effect of the investigated 

chemicals. Since the larger part of the available QSARs could be applied for screening and 

subsequent identification of potential ER binders their success for identification of 

agonist/antagonists is usually not evaluated. In addition, the limited experimental data for ER 

agonistic/antagonistic effect hampers such evaluations.  
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To address this limitation a module called ―ER binding profiler‖ for identification of estrogen 

receptor binders contained within the freely available Organisation for Economic Development 

(Q)SAR Toolbox has been applied for predictions of both – the binding potential and functional 

activity  as agonist of a large set of structural diverse chemicals.  

 

MATERIALS AND METHODS 

Estrogen binding and  data 

A set of 399 compounds with data for ER agonistic and non-agonistic effect were were taken 

from a single literature source [9]. A total of 89 ER agonists and 310 ER non-agonists have been 

proceed for evaluation of the binding potential and functional activity.  

 

OECD QSAR Toolbox 

This is a software tool especially designated for chemical risk assessment. A key part of the 

system is so called categorization of chemicals. The categorization allows grouping of chemical 

substances into chemical categories. The chemical category is such a group of substances 

possessing similar physicochemical, toxicological and ecotoxicological properties or their fate in 

environmental and occupational surrounding or they behave using the common pattern as a result of 

chemical similarity.  

An important advantage of the system is the large number of built-in profilers for different 

biological/toxic endpoints. Each profile consist a set of rules related to specific or general criteria 

associated to the respective endpoint. 

 

Estrogen binding profile 

The ER binding profiler requires only chemical structure information describing the two-

dimensional (2D) structure of molecules (for instance coded in SMILES format or directly drawn 

by the user) as an input. According to the classification scheme, cyclic chemical structures 

weighting less than 500 Daltons (Da) and bearing an OH and/or an NH2 group are considered as 

binders. On the other hand, a chemical is considered as a non-binder if it does not satisfy these rules 

or if its OH or NH2 groups are impaired by ortho di-substitutions. This set of criteria was derived on 

the basis of the findings reported in the scientific literature [10]. Details for each category are given 

in Table 1. 

 

Table 1. Structural criteria for the characterization of the binding potency of chemicals 

according to the ER binding profiler incorporated in the (Q)SAR Toolbox. 
Categories of ER binders Predictive rule 

Very strong binders 200<MW≤500 Daltons (Da) in combination with two non-

impaired OH groups attached to two different five or six carbon-
atom rings. 

Strong binders Chemicals with at least one 5-or 6-members carbon ring with an 

unhindered hydroxyl or amino group and 200<MW≤500 

Daltons (Da) 

Moderate binders Chemicals with a single five or six-member carbon ring 

structure with an unhindered hydroxyl-group (-OH) or amino-

group (-NH2) (one in the para- or meta-position on the ring)  

Weak binders Chemicals with at least one 5-or 6-members carbon ring with an 
unhindered hydroxy or amino group and MW < 170 Da 

Non binders   impaired OH or NH2 group  

  no presence of OH or NH2 group  

  non-cyclic structure  

  exceeded upper limit related to molecular weight (MW > 500) 
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RESULTS AND DISCUSSION 

The whole set of 399 chemicals was initially transferred into the QSAR Toolbox 

environment. As a result of application of the ER binding profiler 130 chemicals were classified as 

ER binders and 269 as non-binders. Next, the focus was set on analysis of misclassified binders 

agonist and non-agonists.  

From the total number of agonists - 69% (61/89) were predicted as ER binders. Since there 

were no information of the binding potency of the chemicals, experimental results for relative 

binding affinity (RBA, %) was retrieved from the OASIS ER binding database which is a part of the 

Toolbox. For 65 out of 89 chemicals RBA data were found. As it was expected the larger part of the 

chemicals were found to be ER binders. However, there were also examples of chemicals found to 

be non-binders by experimental data - 2,4- and 3,4-Dichlorophenols. In this case additional 

experimental studies will be required in order to confirm the estrogenic effect of those chemicals.  

On the other hand 21 chemicals were misclassified as non-binders and non-agonists as well 

(Table 1).   

 

Table 1. The list of 21 chemical structures predicted as non binders and non agonists. 
# CAS Name Details for negative ER binding 

1 21725-46-2 Cyanazine without OH or NH2 group 

2 128-37-0 2,6-di-tert-butyl-4-methylphenol impaired OH or NH2 group 

3 510-15-6 4,4'-dichlorobenzilic acid ethyl ester without OH or NH2 group 

4 52918-63-5 Deltamethrin  MW>500 

5 115-32-2 Dicofol  without OH or NH2 group 

6 143-50-0 Kepone without OH or NH2 group 

7 72-33-3 Mestranol impaired OH or NH2 group 

8 563-12-2 Ethion non cyclic structure 

9 72-20-8 Endrin without OH or NH2 group 

10 12789-03-6 Chlordane without OH or NH2 group 

11 1836-77-7 Chlornitrofen without OH or NH2 group 

12 68359-37-5 Cyfluthine without OH or NH2 group 

13 556-67-2 Octamethylcyclotetrasiloxane non cyclic structure 

14 319-85-7 Beta-hexachlorocyclohexane without OH or NH2 group 

15 5103-71-9 Alpha-chlordane without OH or NH2 group 

16 68-23-5 Norethynodrel without OH or NH2 group 

17 94-41-7 Chalcone without OH or NH2 group 

18 5466-77-3 Octyl methoxycinnamate without OH or NH2 group 

19 10540-29-1 Tamoxifen without OH or NH2 group 

20 13593-03-8 Quinalphos without OH or NH2 group 

21 128-39-2 2,6 Di-tert-butylphenol impaired OH or NH2 group 

 

As it is indicated in 86% (18/21) the lack of most important structural features for ER binding 

– the presence of hydroxyl or amino groups is associated with negative prediction.  However, there 

is no other chemical functionalities included in current version of the ER profiler for explanation of 

the estrogenic effect.  Due to the structural diversity of the false negatives several subsets based on 

the presence of specific functional group were analyzed. The larger group was found to contain 

―alkenyl halide‖ structural moiety. It was found that well known estrogenic compounds fall in this 

group. Among all of them one should mention Endrin, Dicofol and Chlordane widely used as 

insecticides (Fig. 1).  
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Fig.1. Representative chemicals found to be part from the group of ―alkenyl halides‖; (a) 

Endrin; (b) Dicofol and (c) Chlordane. 

 

The negative prediction result could be explained by the lack of structural rules in the current 

version of the ER profiler associated with polychlorinated compounds. In a recent study Serafimova 

et al. [11] have analyzed the estrogenic effect of a set of chlorinated compounds part of larger data 

set used for development of QSAR model. A specific structural definition along with range of the 

molecular descriptor EGAP (energy difference between highest occupied and lowest unoccupied 

molecular orbitals) was found to be suitable for correct identification of this type of chemicals. It is 

expected that the ER profiler could be significantly improved by addition of rules precisely defined 

as a result of further analysis of of chlorine containing compounds.   

Another group of false negatively predicted chemicals was found to contain ―carboxylic acid 

ester‖ moiety. Similarly as previous one the role of the functional group toward the estrogenic 

effect has been discussed by Serefimova et. al. [11]. Addition of appropriate prediction rule will 

further extend the predictive ability of the profiler for this category of chemicals. 

   

The prediction result obtained for non-agonist (310 chemicals) showed 78% (241/310) 

specificity (correctly predicted non-agonists). The result is satisfactory however, the most important 

part of the study was directed on identification of major contributing category rules responsible for 

incorrect predictions. Beside positive/negative predictions the ER binding profiler provides also 

information for ER binding affinity in four categories – very strong, strong, moderate and weak 

binders. It is assumed that there are different binding mechanisms which are distinctively 

pronounced for each affinity bin.  Next, the analysis was focused on each affinity group aiming to 

identify major chemical classes which are wrongly predicted. 

A total of 24 chemical were predicted as very strong or strong binders. Due to the structural 

diversity of those chemicals further precise definition of sub chemicals classes it was not possible. 

However, one should point out the presence of steroidal structures (b-sitisterol and dexamethasone) 

for which it is known that specific spatial characteristics in terms of distance between active sites 

(hydroxyl groups) are crucial for receptor binding. Since the ER profiler in its current version does 

not account such specific characteristics their addition will allow decreased incorrect predictions.  

 Small phenolic derevatives and mono hydroxybiphenyls are the major type of compounds 

found in the group of chemicals which were predicted as moderate ER binders. The ER binding 

affinity of these chemical classes has been exhaustively analyzed by Serafimova et al. [11]. In 

general it was found that simple structural rules could not be used for successful identification of 

those compounds. The effect has been associated with bioavailability thresholds in terms of specific 

range of the molecular descriptor LogKow (partitioning coefficient octanol/water). Thus, addition of 

range for LogKow is expected to be reasonable improvement of the ER profiler. 

In the group of weak predicted ER binders 34 chemicals were found. Similarly with previous 

groups the chemicals are almost evenly distributed across variety chemical classes.  It is not 

surprising due to the fact that lowest ER binding potential is associated with wide type of 

interaction mechanisms related to broad spectrum of chemical classes. However, it should be 
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pointed out that the predominant problematic type of chemicals are found to be again amino and 

hydroxyl phenolic compounds. It is clear that significant efforts are needed for improvement of ER 

profiler performance concerning these chemical classes in definition of more precise rules for both 

moderate and weak ER binders. 

   

CONCLUSIONS 

The evaluation of the ER profiler incorporated in the QSAR Toolbox demonstrates generally 

well-defined rules which yield reasonable performances on identification of estrogen binders with 

agonistic effect among large number of experimentally tested chemicals. The overall prediction 

results in terms of concordance were found to be 77% (correct predicted binders/agonists non 

agonists). Concerning predictive rules which bring larger part of incorrect predictions the focus was 

set on amines and hydrohy phenolic structural queries for which further modifications should be 

done in order to be more distinctive among binders/agonists and non binders especially for 

moderate and weak ER potency bin.  
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