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A B S T R A C T

Estrogen receptor alpha (ERα) belongs to the steroid receptor superfamily and acts as a ligand-activated tran
scription factor. Structurally, ERα comprises six domains labeled A through F. The DNA-binding domain (DBD) 
facilitates specific interactions with estrogen response elements, while the ligand-binding domain (LBD) engages 
with various agonistic and antagonistic hormones. Notably, numerous endocrine-disrupting chemicals (EDCs) 
exert adverse effects on estrogen signaling by interacting with ERα. Consequently, there is a critical need to 
evaluate the endocrine disruption potential of new chemical entities (NCEs) by scrutinizing their interactions 
with multiple pertinent targets. ERα is a pivotal target protein, and leveraging third-party tools for predicting the 
relative binding affinity (RBA) of small molecules via 2D-QSAR has become common. However, in this study, we 
advanced beyond conventional methods by developing machine learning-based 3D-QSAR models. These 3D- 
QSAR models were built using the classification dataset of VEGA V.1.2.0 for the estrogen receptor 
IRFMN–CERAPP and IRFMN-RBA models. Our investigation demonstrated that the 3D-QSAR models, which 
employ algorithms such as random forest (RF), support vector machine (SVM), and multilayer perceptron (MLP), 
outperform the VEGA models in terms of accuracy, sensitivity, and selectivity. Furthermore, the efficacy of these 
models was corroborated through validation against external datasets. Notably, the 3D-QSAR models exhibit 
superior accuracy and sensitivity compared to the VEGA model, thereby offering a promising approach for 
assessing the endocrine disruption potential of novel chemical entities.

1. Introduction

Estrogen receptors (ERs) are nuclear hormone receptors that are 
responsible for regulating gene expression and influencing cellular 
proliferation and differentiation in eukaryotic organisms. Certain 
endocrine-disrupting chemicals (EDCs) can activate these receptors, 
disrupting normal estrogen signaling [1]. ERα and estrogen receptor 
beta (ERβ) are two distinct types of estrogen receptors that share high 
similarity in their DNA binding domains but differ in other regions, 
leading to selective binding by EDCs. ERα binders are better character
ized than ERβ binders, with EDCs causing deregulation of response el
ements and resulting in neurological, developmental, and reproductive 
toxicity [2].

The NCEs could potentially be EDCs, as they may interact with the 
ligand binding domain of ERα [3,4]. Registration, Evaluation, Author
isation and Restriction of Chemicals (REACH), a European chemical 
regulator, identifies EDCs and others concerning chemicals requiring 
stringent permission and supervision. Evaluating the estrogen receptor 

binding potential of NCEs conventionally is costly and time-consuming.
High-throughput screening (HTS) offers an alternative by rapidly 

testing numerous molecules at lower costs. HTS has generated vast 
amounts of in vitro data accessible in bioassay databases, enabling the 
development of QSAR models for predicting EDC potential before syn
thesis [5,7]. With the rise of HTS data, virtual screening techniques have 
emerged as an even more advanced and reliable alternative. The Vega 
algorithm has developed QSAR binary classifier models using various 
data mining techniques, including support vector machines, fuzzy logic, 
decision forests, neural networks, and classification trees [6]. These 
models assess multiple endpoints to robustly evaluate the effects of 
EDCs, including transcriptional activity and binding interactions [5].

The Collaborative Estrogen Receptor Activity Prediction Project 
(CERAPP), conducted by VEGA, undertook a significant modeling effort 
demonstrating the efficacy of predictive computational models trained 
on high-throughput screening (HTS) data to assess thousands of chem
icals for estrogen receptor (ER)-mediated transcriptional activity. 
CERAPP integrates various models developed by 17 groups from the U.S. 
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and Europe, employing QSAR models and docking approaches primarily 
using a common training set provided by the U.S. EPA [8]. This effort 
resulted in the creation of 40 categorical and 8 continuous models for ER 
binding, agonist, and antagonist activity. The reliability and robustness 
of these models were evaluated using a dataset of 7522 compounds 
selected from the literature, and a consensus was established by 
weighing the models based on their accuracy [8].

Additionally, VEGA developed the relative binding affinity (RBA) 
model to predict the relative binding affinity of EDCs. This model uti
lized a dataset from the METI database comprising experimentally 
determined values of human ER-alpha activity, expressed as a percent
age of activity using 17-estradiol as a reference [5,8]. The dataset rep
resented a diverse range of compounds, including natural and synthetic 
steroids, drugs, and chemical contaminants. Both the CERAPP and RBA 
models employ a simplistic approach by considering only the 2D 
configuration of molecules, disregarding the 3D conformation and steric 
configuration [5]. However, the inclusion of 3D descriptors is essential 
for enhancing the reliability and robustness of QSAR models [9]. The 
3D-QSAR method involves a matrix corresponding to molecular fields 
defined by the 3D properties of the system, allowing for better charac
terization of nonbonded interactions between the ligand and the re
ceptor [10–12].

Earlier studies have reported the application of 3D-QSAR models as a 
tool for virtual screening of molecules and hit-to lead optimization. In 
some recent studies 3D-QSAR models have been developed to predict 
the activity of a molecule on ERα as antagonists using 3D-pharmaco
phore based approaches for 97 known Erα binders [13], CoMFA and 
CoMSIA methods-based 3D-QSAR regression models for 81 compounds 
[14]. However, most of these models were built using a small dataset 
with less structural diversity.

To address this limitation, the present study used the CERAPP and 
RBA datasets from VEGA V1.2.0 to develop a 3D-QSAR model aimed at 
enhancing predictability. Machine learning algorithms such as k-nearest 
neighbors (kNN), SVM, RF, and MLP were employed to develop multiple 
models with high reliability and robustness.

2. Materials and methods

2.1. Dataset collection and cleaning

The datasets used for developing the 3D-QSAR models were obtained 
through VEGA V1.2.0. The dataset corresponding to the estrogen Istituto 
di Ricerche Farmacologiche Mario Negri - Collaborative Estrogen Re
ceptor Activity Prediction Project (IRFMN–CERAPP) model used to 
predict ERα transcriptional activity included 1529 highly diverse mol
ecules. Among these, 89 molecules were labeled ‘active’, while the 
remaining 1440 were labeled ‘inactive’ [8]. Similarly, for predicting 
ERα receptor binding activity, the dataset associated with the estrogen 
Istituto di Ricerche Farmacologiche Mario Negri – Relative Binding Af
finity (IRFMN-RBA) model was used, consisting of 806 highly diverse 
molecules. Within this dataset, 290 molecules were labeled ‘active’, and 
the remaining 516 were labeled ‘inactive’ [5]. Notably, six molecules 
containing tin (Sn) were initially included. However, due to tool in
compatibility, these tin-containing molecules were excluded from the 
present study. The final dataset size for predicting ERα receptor binding 
activity was subsequently adjusted to 800 molecules (Fig. 1).

There are many approaches for evaluating the reliability and 
robustness of the QSAR model to predict the desired endpoint. Among 
them, validating QSAR models using external datasets is a powerful 
approach. In the present study, two different external datasets were used 
to evaluate the predictability of the models developed for the 
IRFMN–CERAPP and IRFMN-RBA datasets. The external dataset for 
IRFMN–CERAPP was derived from the VEGA evaluation set for 
IRFMN–CERAPP. Overall, 163 molecules tagged as agonists in the 
IRFMN–CERAPP evaluation set were considered. Furthermore, the 
external dataset for IRFMN-RBA was retrieved from the PDB, and the 52 

co-crystals in complex with human estrogen receptor alpha (hERα) were 
considered positive for receptor binding affinity. The external dataset 
was screened for two endpoints available in VEGA v1.2.0, namely, ER- 
mediated effects and ER-related binding affinity [15]. In parallel, the 
same external dataset was subjected to prediction using 3D-QSAR 
models developed during the study (Fig. 2).

2.2. Dataset partition

The data partitioning method involves dividing the dataset into 
subsets for training and testing, typically described by a split ratio. The 
commonly employed ratio is 80:20, indicating that 80 % of the data are 
allocated to the training dataset, while the remaining 20 % form the 
testing dataset. Although other ratios, such as 70:30, 60:40, and even 
50:50, are also utilized in practice, there is no definitive guidance on 
selecting the optimal ratio. Instead, the choice of dataset depends on the 
relevance and diversity of the dataset [16]. In this study, dataset parti
tioning was optimized using ratios of 80:20, 70:30, and 60:40, with 
activity classified as either 1 (active) or 0 (inactive). These ratios were 
chosen based on the Pareto principle, or the 80:20 rule, which is 
commonly used by practitioners, though its suitability may depend on 
the specific dataset.

2.3. Loop modeling of human ERα (hERα)

Various methods, including computational molecular field analysis 
(CoMFA), comparative molecular indices analysis (CoMSIA), pharma
cophore generation, and free-energy binding analysis, are employed in 
conducting 3D-QSAR studies [17]. Hence, determining the structure of 
the target protein is imperative. To this end, the human estrogen re
ceptor alpha (hERα) protein sequence, with a length of 595 amino acids 
(UniProt ID: P03372), was queried against the Protein Data Bank (PDB), 
yielding 433 available entries. Among these, numerous entries 
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the dataset is depicted by differentially colored bars.

Fig. 2. Illustration of workflow for the development and validation of 
QSAR models.
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contained structures for partial sequences and various inhibitors as 
cocrystals. Given the focus on the ligand-binding domain in this study, a 
curated entry containing raloxifene as a cocrystal (PDB ID: 1ERR) was 
selected. Raloxifene is a classic example of a selective estrogen receptor 
modulator (SERM) that has both agonistic and antagonistic effects on 
ERα. Specifically, it has antagonistic effects on the breast and uterus but 
has agonistic effects on bone [18]. Although the curated structure lacked 
certain loops, necessitating their modeling, the conformations were 
selected from a FREAD database of experimentally determined protein 
fragments. This modeling process was executed utilizing the loop 
modeling module available in Cresset Flare Pro Plus software [19].

2.4. Molecular docking

The structure of hERα was prepared to obtain the bioactive confor
mation via postloop modeling. This could appear as a single represen
tation, yet it is more plausible that this representation is an ensemble of 
closely related structures that showcase the concerted movements of 
both the protein and ligand upon binding. During preparation, hydro
gens corresponding to pH 7.0 were incorporated, considering the 
appropriate ionization states for both acidic and basic amino acid resi
dues [20]. Residue gaps were filled, and atoms from residues with 
incomplete backbone atoms were excised. The active site size was 
established at 6.00 Å, and the prepared protein was duplicated for 
molecular docking studies. The binding site of the cocrystal of raloxifene 
served as the active site, and a cocrystal-centric grid box was generated. 
To validate the docking parameters, low-energy conformations of ral
oxifene were docked into the active pocket of hERα employing a highly 
accurate albeit slow method, employing the extra precision quality 
available in the Cresset Flare module [21]. Simultaneously, molecules 
from the IRFMN–CERAPP and IRFMN-RBA datasets were also docked 
to hERα. A maximum of 10 docked conformations were generated, and 
the final best docked conformation was selected based on the binding 
energy (ΔG value).

2.5. Confirmation hunt and ligand alignment

Ligand alignment is a critical process that significantly influences the 
quality of the 3D-QSAR model. In this study, ligand-based alignment was 
employed to align the ligands in the IRFMN–CERAPP dataset using the 
cocrystal conformation of raloxifene as the reference molecule. The 
alignment process was performed using a Cresset Flare, with the 
eXtended Electron Distribution (XED) force field employed for field 
point calculations. To ensure accuracy in conformer selection, the Very 
Accurate and Slow calculation method was used during the conforma
tion search, aiming to obtain precise conformations conducive to 
generating a robust 3D-QSAR model. Similarly, conformation hunting 
and alignment were performed for the molecules in the IRFMN-RBA 
dataset using 8 cocrystal molecules found in complex with different 
entries for estrogen receptors in the PDB.

2.6. QSAR modeling

Classification or categorical QSAR models, such as kNN, RF, SVM, 
and MLP, were constructed to evaluate the potential of small molecules 
to inhibit hERα. These models incorporated 3D descriptors, including 
electrostatic and volume properties, to enhance model development. 
The efficacy of the models was assessed through metrics such as accu
racy, sensitivity, specificity, and Matthew’s correlation coefficient 
(MCC). Additionally, the predictive capability of the developed models 
was evaluated using an external dataset for validation purposes.

3. Results and discussion

3.1. Dataset quality and optimization

The quality and partitioning of the dataset are crucial elements in the 
performance of predictive models, particularly in the context of imbal
anced datasets, as they influence the sensitivity, accuracy, and robust
ness of the resulting models. In the present study, two distinct datasets, 
IRFMN–CERAPP and IRFMN-RBA, were analyzed for activity distri
butions and partition strategies.

The IRFMN–CERAPP dataset, consisting of 1526 molecules, was 
heavily imbalanced, with 1437 inactive and only 89 active molecules. 
Such an imbalanced distribution is a known challenge in machine 
learning and can lead to poor sensitivity in predictive models, as the 
model may become biased towards predicting the majority class (inac
tive molecules). To mitigate this, the dataset was partitioned into 
training and test sets at a 70:30 ratio, aiming to balance training data 
exposure while maintaining enough testing data for validation. In 
contrast, the IRFMN-RBA dataset, consisting of 806 molecules with a 
more balanced distribution (288 active and 518 inactive molecules), was 
split with three partition ratios—80:20, 70:30, and 60:40. This parti
tioning allowed for an empirical comparison of model performance 
across different training data sizes, shedding light on the impact of 
dataset size and balance on model accuracy and sensitivity.

As illustrated in Fig. 3, the models developed using partition ratios of 
80:20 (for IRFMN-RBA) yielded the best performance in terms of both 
sensitivity and accuracy. For example, the RF, SVM, and MLP models 
achieved sensitivity values of 0.93, 0.94, and 0.95, respectively, with 
accuracy of 0.97, 0.96, and 0.96 (Table 1). These results underscore the 
importance of selecting an optimal partition ratio, as models trained on 
an 80:20 partition achieved the highest balance between model 
complexity and predictive performance.

3.2. Loop modeling and molecular docking

The process of loop modeling and molecular docking represents a 
crucial step in understanding the structural elements critical for ligand 
binding. In this study, the crystal structure of hERα (PDB ID: 1ERR) 
revealed missing loops between residues Thr460 and Leu469 and be
tween Lys529 and Val534 (Fig. 4A). These missing loop regions, located 
near the ligand binding site, were modeled to examine their influence on 
the ligand binding site geometry. The loop modeling resulted in a sig
nificant increase in the surface area of the ligand binding site—from 
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541.89 Å to 1092.01 Å—demonstrating the structural significance of 
these loops in ligand binding as shown in Fig. 4B (the region highlighted 
with blue and the molecular surface representation).

The impact of loop modeling on the ligand binding site was quanti
tatively evaluated by comparing the surface areas of the ligand binding 
site before and after loop insertion. As shown in Fig. 4C and D, the total 
surface area of hERα increased by 669.02 Å, with a noteworthy increase 
of 550.21 Å² in the ligand binding site itself. This result highlights the 
importance of loop modeling in accurately defining ligand binding re
gions, thus improving the reliability of subsequent molecular docking 
experiments.

The validation of the docking protocol using the cocrystal structure 
of raloxifene further corroborated the accuracy of the docking approach 
(Fig. 5A). The root mean square deviation (RMSD) between the cocrystal 
conformation (Fig. 5B) and the docked pose (Fig. 5C) was found to be 
0.93 Å, well within the acceptable threshold of 2 Å [22]. Moreover, the 

docked conformation exhibited interactions with the same amino acids 
(e.g., Asp351, Glu353, Trp383, Arg394) as the cocrystal structure, 
validating the docking protocol’s ability to reproduce experimentally 
observed binding interactions. Furthermore, molecular docking was 
performed for 1437 inactive molecules in the IRFMN–CERAPP dataset, 
and the conformations with the lowest binding energies were identified. 
The phenobarbital with the lowest binding energy of − 6.28 kJ/mol was 
able to establish an interaction with only Phe404 in the ligand binding 
site (Fig. 6) and was considered an inactive reference for the confor
mation search and alignment of molecules in the IRFMN–CERAPP 
dataset. Since the cocrystals were used as the reference for the 
IRFMN-RBA dataset, there was no need to perform molecular docking 
for this dataset.

3.3. Assessment of the predictivity of 3D-QSAR models

The 3D-QSAR models developed in this study (using kNN, RF, SVM, 
and MLP algorithms) were evaluated in terms of predictive performance, 
with a focus on accuracy, specificity, sensitivity, and MCC. These metrics 
offer a comprehensive evaluation of the model’s ability to predict both 
positive and negative instances, especially in the context of imbalanced 
datasets, where accuracy alone may not fully reflect model performance 
[23,24].

3.3.1. Model accuracy
Accuracy, a widely used metric, measures the proportion of correct 

predictions made by a model, including both true positives and true 
negatives, over the total number of predictions. Although it is a 
straightforward measure of model performance, accuracy can some
times be misleading, especially when dealing with imbalanced datasets 

Table 1 
The differences between sensitivity and accuracy of different 3D QSAR models 
with different partition ratios such as 80:20, 70:30 and 60:40. The sensitivity 
and accuracy of VEGA model with the 82:12 partition ratio is also compared 
with the 3D-QSAR models.

IRFMN-RBA KNN RF SVM MLP

Sensitivity 60–40 NA 0.59 0.81 0.83 0.85
70–30 NA 0.59 0.88 0.91 0.91
80–20 NA 0.64 0.93 0.94 0.95
82–18 0.85 0.59 0.88 0.91 0.91

Accuracy 60–40 NA 0.76 0.92 0.91 0.91
70–30 NA 0.74 0.93 0.94 0.94
80–20 NA 0.76 0.97 0.96 0.96
82–18 0.85 0.74 0.93 0.94 0.94

Fig. 4. Modeling of missing loops. A: The structure of hERα with missing loops. B: The structure of hERα with modelled loops (highlighted in orange color). C: The 
structure of hERα with missing loops with molecular surface representation. D: The structure of hERα with modelled loops with molecular surface representation. The 
blue colored molecular representation corresponds to ligand binding site.
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or when different types of errors (false positives and false negatives) 
carry varying costs. In this study, accuracy was assessed for various 
models across two datasets: IRFMN–CERAPP and IRFMN-RBA. These 
datasets were used to predict the potential of small molecules for hERα 
activity, providing a practical context for evaluating model 
performance.

The results presented in Figs. 7 and 8, along with Tables 2 and 3, 
underscore the overall superiority of 3D-QSAR models compared to 2D- 

QSAR models in terms of accuracy. This difference highlights the 
importance of incorporating three-dimensional molecular features, 
which are better suited to capture the complexity and spatial arrange
ment of molecules, in predicting the biological activity of small 
molecules.

3.3.1.1. IRFMN–CERAPP dataset. In the IRFMN–CERAPP dataset, 
which is imbalanced, the 2D-QSAR model achieved an accuracy of 0.81, 

Fig. 5. Validation of docking protocol. A: Superimposition of co-crystal (Pink) and docked (Blue) conformations of raloxifene in hERα crystal structure. B: The co- 
crystal conformation of raloxifene showing interaction with binding site amino acids. C: The docked conformation of raloxifene showing interaction with binding site 
amino acids. The dotted lines indicate bonds between raloxifene and amino acids, green: hydrogen bond, blue: week hydrogen bonds, orange: steric clash, purple: pi- 
pi stacking and salt bridges.

Fig. 6. Molecular docking of phenobarbital with hERα. A: The three-dimensional representation of docked conformation of phenobarbital showing interaction with 
binding site amino acids. A: The two-dimensional illustration of phenobarbital showing interaction with binding site amino acids. The dotted lines indicate bonds 
between raloxifene and amino acids, orange: steric clash, purple: pi-pi stacking and salt bridges.
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reflecting its ability to make correct predictions for both active and 
inactive molecules. However, 3D-QSAR models exhibited significantly 
better performance, with all 3D-QSAR models surpassing 0.90 in 

accuracy (Table 2). This result suggests that 3D-QSAR models, which 
consider the spatial features and the three-dimensional structure of 
molecules, can better capture the intricate patterns related to molecular 
activity than the 2D-QSAR model.

The KNN model, a 3D-QSAR technique, achieved an accuracy of 
0.92, which is considerably higher than the IRFMN–CERAPP 2D-QSAR 
model. This improvement can be attributed to the fact that KNN calcu
lates the distance between molecules in a multi-dimensional feature 
space, which enables it to better account for the complex relationships 
between molecular structure and biological activity. However, the 
improvement in accuracy by KNN over 2D-QSAR is modest compared to 
other models.

The RF, SVM, and MLP models, all based on more sophisticated 
learning techniques, demonstrated even better accuracy rates, all 
achieving an impressive accuracy of 0.98 (Table 2). These models, 
which use decision boundaries or non-linear transformations to classify 
molecules, leverage advanced statistical techniques and optimization 
algorithms that further refine the classification, especially when dealing 
with the high-dimensional data typical of 3D-QSAR models.

3.3.1.2. IRFMN-RBA dataset. In the IRFMN-RBA dataset, which is more 
balanced than IRFMN–CERAPP, the 2D-QSAR model performed 
slightly better than the KNN 3D-QSAR model (accuracy of 0.85 vs. 0.74). 
This is likely because the 2D-QSAR model, which relies on simpler 
molecular descriptors, can perform adequately when the dataset is 
balanced, as the class distribution does not heavily bias the model.

In contrast, the 3D-QSAR models, excluding KNN, outperformed the 
2D-QSAR model by a significant margin. Random Forest (RF), Support 
Vector Machine (SVM), and Multi-Layer Perceptron (MLP) achieved 
accuracies of 0.93, 0.94, and 0.94, respectively (Table 3). These models 
have superior performance due to their advanced techniques in learning 
and decision-making, which are better suited to handling the molecular 
complexity captured by 3D-QSAR features.

3.3.2. Specificity of the models
Specificity, as a key metric in model evaluation, measures the pro

portion of true negatives (inactive molecules) that are correctly identi
fied by the predictive model. It plays a crucial role in distinguishing 
between inactive compounds and ensuring that the model does not 
falsely classify inactive molecules as active. In predictive modeling, 
particularly for datasets where the distribution of active and inactive 
molecules is imbalanced, achieving a high specificity is vital to ensure 
that the model is not overly biased toward predicting the majority class 
(inactive molecules). This ability to correctly reject false positives—i.e., 
inactive molecules predicted as active—ensures that the model is robust 
and accurate in its classification.

In the context of this study, specificity was examined across several 
models, including kNN, RF, SVM, and MLP for both the 
IRFMN–CERAPP and IRFMN-RBA datasets. The analysis revealed crit
ical insights into how these models performed in terms of specificity and 
what that means for their robustness and practical application.

3.3.2.1. kNN model performance. As described in Figs. 7 and 8, the kNN 
algorithm demonstrated lower specificity values compared to the 
IRFMN–CERAPP and IRFMN-RBA 2D-QSAR models, with specificity 
scores of 0.95 and 0.83 for IRFMN–CERAPP and IRFMN-RBA datasets, 
respectively (Tables 2 and 3). This result suggests that the kNN model 
struggled to differentiate inactive molecules from active ones, as seen in 
the higher number of false positives (inactive molecules incorrectly 
classified as active). The kNN algorithm relies on calculating the dis
tance between feature vectors in a high-dimensional space, but it does 
not inherently account for model fitting or optimization of decision 
boundaries. As a result, kNN tends to assign a new data point to the class 
of its nearest neighbors without distinguishing between class distribu
tions effectively. This lack of explicit boundary construction means that 
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Table 2 
The robustness of different QSAR models developed for IRFMN–CERAPP 
dataset to predict the potential of small molecule for hERα transcriptional 
activity.

IRFMN KNN RF SVM MLP

Accuracy 0.81 0.92 0.98 0.98 0.98
Sensitivity 0.85 0.60 0.76 0.82 0.89
Specificity 0.97 0.95 1.00 0.99 0.99
MCC 0.70 0.46 0.84 0.84 0.87

Table 3 
The robustness of different QSAR models developed for IRFMN-RBA dataset to 
predict the potential of small molecule for hERα binding activity.

IRFMN-RBA KNN RF SVM MLP

Accuracy 0.85 0.74 0.93 0.94 0.94
Sensitivity 0.85 0.59 0.88 0.91 0.91
Specificity 0.85 0.83 0.96 0.96 0.95
MCC 0.68 0.42 0.85 0.87 0.87
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kNN can misclassify inactive molecules more easily, leading to lower 
specificity.

3.3.2.2. RF, SVM, and MLP models. In contrast, the RF, SVM, and MLP 
models demonstrated significantly higher specificity across both data
sets. These models employ more sophisticated strategies that optimize 
decision boundaries and leverage fitting techniques that consider the 
entire feature space, allowing them to better handle the complexity of 
molecular activity prediction.

The RF model showed near-perfect specificity of 1.00 for the 
IRFMN–CERAPP dataset and 0.96 for the IRFMN-RBA dataset, high
lighting its ability to correctly identify the majority of inactive molecules 
(Table 2 and 3). The RF algorithm builds multiple decision trees based 
on subsets of the data, and its ensemble nature makes it robust to overfit. 
The random selection of features for each tree ensures that the model 
does not become biased by any one feature, improving its ability to 
generalize and correctly classify inactive molecules as negatives.

The SVM model performed similarly well, with specificity values of 
0.99 for IRFMN–CERAPP and 0.96 for IRFMN-RBA. SVM works by 
finding the optimal hyperplane that best separates the classes of data. 
The model’s ability to maximize the margin between the decision 
boundary and the closest data points (support vectors) makes it less 
prone to misclassifying inactive molecules as active. This is particularly 
beneficial in the case of imbalanced datasets, where correctly classifying 
the minority class (active molecules) is often prioritized. However, the 
model also maintains a strong ability to correctly classify the majority 
class (inactive molecules), ensuring high specificity.

The MLP model achieved high specificity values of 0.99 for 
IRFMN–CERAPP and 0.95 for IRFMN-RBA. MLPs, being a type of 
artificial neural network, can capture complex non-linear relationships 
in the data. The architecture of MLPs, with multiple layers of inter
connected nodes, allows the model to adapt and learn intricate patterns 
in the dataset. This leads to better generalization and accurate classifi
cation of inactive molecules, reflected in the high specificity values.

3.3.3. Sensitivity of the models
In machine learning, sensitivity (also known as recall or true positive 

rate) is a vital metric that measures a model’s ability to correctly identify 
positive instances. In the context of classification tasks, sensitivity pro
vides insight into how effectively a model detects the class of interest, in 
this case, active molecules. A higher sensitivity score indicates that the 
model is proficient at identifying the positive class, which, in many 
domains, is crucial for downstream applications. Understanding sensi
tivity is particularly important in scenarios where the cost of missing a 
positive case (false negatives) outweighs the cost of misclassifying a 
negative one (false positives).

In this study, sensitivity was explored across various machine 
learning models applied to two different datasets: IRFMN–CERAPP and 
IRFMN-RBA. The results indicated notable differences in sensitivity, and 
these differences were deeply related to both the characteristics of the 
datasets and the intrinsic strengths and weaknesses of each model. The 
sensitivity values provided in Table 2 and Table 3 offer important in
sights into the relative strengths of different models in predicting mo
lecular activity

3.3.3.1. Sensitivity in imbalanced datasets. The IRFMN–CERAPP data
set, being highly imbalanced, posed challenges for models in detecting 
the active molecules (positive class). Imbalanced datasets, where one 
class significantly outnumbers the other, can lead to models that are 
biased toward the majority class (inactive molecules in this case). This 
imbalance often results in models having low sensitivity, as they tend to 
predict the majority class more often and fail to identify many instances 
of the minority class.

The IRFMN–CERAPP 2D-QSAR model exhibited the highest sensi
tivity (0.85) compared to the 3D-QSAR models, such as kNN, RF, and 

SVM. The 2D-QSAR approach focuses on extracting simple descriptors 
from the molecular structure that can be used to predict biological ac
tivity. While 2D descriptors may not capture the complex spatial in
teractions of molecules, they proved to be effective at identifying active 
molecules in this specific dataset. The model’s ability to perform better 
in sensitivity highlights its robustness in recognizing the positive class 
despite the dataset’s imbalance.

The RF model showed lower sensitivity in the IRFMN–CERAPP 
dataset (0.76), which can be attributed to its ensemble nature. RF builds 
decision trees using random subsets of features and data points, leading 
to diverse predictions. While RF models generally perform well, their 
sensitivity can suffer in imbalanced datasets because the algorithm 
might overly focus on the majority class during the construction of de
cision trees, especially if the random features selected for the trees do 
not adequately represent the minority class. Therefore, RF may miss 
many active molecules, which are often outnumbered by inactive ones 
in the IRFMN–CERAPP dataset.

The SVM algorithm constructs a decision boundary that maximizes 
the margin between the classes. However, when working with imbal
anced datasets, SVM tends to perform poorly in terms of sensitivity 
because the decision boundary may lean heavily toward the majority 
class to minimize misclassifications. This results in a lower recall for the 
minority class, as the decision boundary is not flexible enough to ac
count for the sparse distribution of positive instances. This is reflected in 
the lower sensitivity of SVM in the IRFMN–CERAPP dataset (0.82), 
where the model had difficulty classifying enough active molecules 
correctly.

Among the 3D-QSAR models, MLP achieved the highest sensitivity 
(0.89) on the IRFMN–CERAPP dataset. MLP, being a neural network, is 
well-suited for handling non-linear relationships and complex patterns 
in the data. Its multiple layers allow the model to learn intricate features 
and interactions, which improves its ability to detect positive instances. 
The higher sensitivity suggests that MLP was better able to classify the 
active molecules despite the dataset’s imbalance, likely due to its ability 
to learn feature representations that distinguish the active from inactive 
molecules more effectively.

3.3.3.2. Sensitivity in balanced datasets. The IRFMN-RBA dataset, in 
contrast, is more balanced, with a more even distribution of active and 
inactive molecules. This balance significantly affects the performance of 
machine learning models, as the algorithms are not biased toward the 
majority class and can focus on detecting both active and inactive in
stances more effectively.

In this balanced dataset, the IRFMN-RBA 2D-QSAR model exhibited 
a sensitivity of 0.85, which was lower than that of the 3D-QSAR models 
but still respectable. The 2D-QSAR model again proved effective in 
identifying active molecules, demonstrating that while 2D-QSAR models 
may not capture the full molecular complexity, they are capable of 
achieving reasonable performance when the dataset is balanced.

For the IRFMN-RBA dataset, the RF model’s sensitivity increased to 
0.88, showcasing its improvement in a balanced dataset. The decision 
tree ensemble approach can now better handle both the positive and 
negative classes without being skewed by a majority class. RF’s ability to 
perform better in a balanced dataset speaks to its inherent capacity for 
distinguishing between classes, making it more effective when the class 
distribution is more even.

In the case of the IRFMN-RBA dataset, SVM performed well with a 
sensitivity of 0.91. The more balanced dataset allowed SVM to construct 
a more accurate decision boundary between active and inactive mole
cules. SVM’s ability to perform better with balanced datasets is due to its 
strategy of finding an optimal hyperplane that maximizes the margin 
between the two classes, a task that is more challenging when the 
dataset is imbalanced.

MLP also exhibited a high sensitivity of 0.91 for the IRFMN-RBA 
dataset, matching the performance of SVM. The neural network’s 
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ability to capture complex patterns in the data is advantageous when the 
dataset is balanced, as it allows MLP to effectively identify both active 
and inactive molecules with high recall. The performance of MLP in this 
case is a strong indicator of its capability to adapt to various data dis
tributions and still achieve superior results.

3.3.4. MCC of the models
MCC is a widely recognized binary classification metric that provides 

a more balanced measure of model performance than accuracy, partic
ularly in imbalanced datasets. Unlike accuracy, which can be misleading 
when the dataset is skewed, MCC accounts for all elements of the 
confusion matrix—true positives, true negatives, false positives, and 
false negatives. This makes MCC especially valuable for evaluating 
models in situations where a high accuracy might result from predicting 
the majority class, without effectively classifying the minority class. For 
instance, in an imbalanced dataset with 90 % inactive and 10 % active 
molecules, a model predicting only inactive molecules would achieve 
high accuracy but fail to classify any active molecules. MCC, however, 
ensures that a high score is only achieved when both classes are pre
dicted correctly [25], making it an ideal metric for datasets like 
IRFMN–CERAPP, which is highly imbalanced in favor of inactive 
molecules [26].

In the present study, MCC was calculated for several models devel
oped on two datasets: IRFMN–CERAPP (highly imbalanced) and 
IRFMN-RBA (balanced). The results from the MCC scores, combined 
with accuracy, sensitivity, and specificity, provide a deeper under
standing of the models’ capabilities to correctly classify both positive 
and negative instances.

3.3.4.1. IRFMN–CERAPP dataset (Highly imbalanced). For the 
IRFMN–CERAPP dataset, MCC served as a more reliable indicator of 
model performance than accuracy, as the dataset is heavily imbalanced. 
Accuracy alone might suggest that a model performs well simply by 
classifying the majority class (inactive molecules), while it might fail to 
detect the minority class (active molecules) effectively.

From Table 2, it is evident that the 3D-QSAR models, except for KNN, 
consistently achieved higher MCC scores than the IRFMN–CERAPP 2D- 
QSAR model. The MLP model, which is a 3D-QSAR model, achieved the 
highest MCC of 0.87, reflecting its robust performance in both identi
fying active and inactive molecules correctly. This demonstrates the 
advantage of using sophisticated 3D-QSAR models over 2D-QSAR 
models, especially when dealing with imbalanced datasets, where a 
high MCC indicates a balanced prediction capability for both classes.

The KNN model, despite being a 3D-QSAR model, had a relatively 
lower MCC of 0.46, suggesting that it struggled with correctly classifying 
negative instances (inactive molecules) when compared to the other 
models. The KNN model’s reliance on distance-based metrics might lead 
to difficulty in discerning subtle differences between molecules, espe
cially when considering both classes in the imbalanced dataset.

The RF and SVM models also performed well with MCC values of 
0.84, indicating that these models successfully identified both classes 
and showed robustness in performance, particularly in capturing the 
intricate patterns between molecular features.

Thus, the MCC values corroborate the accuracy results, revealing 
that 3D-QSAR models, especially MLP, provided a much better balance 
in correctly classifying both positive and negative instances than the 2D- 
QSAR model. This further supports the notion that MCC is more infor
mative than accuracy in evaluating models for imbalanced datasets.

3.3.4.2. IRFMN-RBA dataset (Balanced). For the IRFMN-RBA dataset, 
which is balanced, MCC continues to offer a nuanced view of model 
performance. In Table 3, the MCC values for all models, particularly 
SVM and MLP, highlight the models’ superior performance in correctly 
predicting both classes, with MCC values of 0.87 and 0.87, respectively. 
These values demonstrate that even when the dataset is balanced, MCC 

is a valuable metric to ensure that the models are not biased toward one 
class.

Notably, the IRFMN-RBA 2D-QSAR model outperforms the KNN 3D- 
QSAR model in terms of MCC, with a score of 0.68 compared to 0.42 for 
KNN. This suggests that, even for balanced datasets, MLP and SVM are 
more adept at distinguishing between active and inactive molecules, 
with KNN showing less reliability, possibly due to its limitations in 
handling high-dimensional feature spaces effectively.

3.3.5. Model validation using external dataset
One of the key challenges in QSAR modeling is evaluating the pre

dictive performance of models, and evaluation methodology has been 
the subject of many studies over the past several decades. The impor
tance of model evaluation and comparison is reflected in the fourth 
principle of the Organization for Economic Cooperation and Develop
ment (OECD), which states that a QSAR model must have “appropriate 
measures of goodness of fit, robustness, and predictivity” [27]. While 
best practice guidelines often emphasize the need for external validation 
of compounds that have been rigorously excluded from the training set, 
implicit assumptions about errors in the training and validation data and 
how these assumptions might affect performance evaluation tend to be 
overlooked [28].

In that regard, accuracy and sensitivity are considered measures for 
comparing and validating the robustness of 3D-QSAR models over 2D- 
QSAR models used in VEGA. The external dataset for IRFMN-RBA con
sisted of only active molecules; hence, the specificity and MCC were not 
calculated. As shown in Fig. 9, the accuracies of 3D-QSAR models such 
as SVM, RF, and MLP were better than that of IRFMN–CERAPP on 
external dataset; however, IRFMN–CERAPP was highly sensitive. 
Similarly, as shown in Fig. 10, the accuracy and sensitivity of the MLP 
3D-QSAR model were better than those of IRFMN-RBA on external 
dataset, while IRFMN-RBA was superior to the other 3D-QSAR models.

4. Conclusion

To conclude, the results of 3D-QSAR modeling, combined with 
various cheminformatics techniques, highlight the importance of proper 
data partitioning to avoid overfitting or underfitting. Machine learning- 
based algorithms proved essential for developing 3D-QSAR models, of
fering significant advantages over 2D-QSAR models, particularly in 
predicting the estrogen receptor-mediated effects of hERα. The hERα 
gene, a key target in endocrine disruption, was effectively modeled, with 
the MLP 3D-QSAR model emerging as a robust tool for predicting the 
binding affinity and activity of chemically diverse estrogen receptor 
molecules. These findings underscore the value of dataset optimization 
and advanced modeling techniques for improving predictive accuracy in 
molecular activity and binding studies.
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Fig. 9. The plot illustrating the predictive ability and the robustness of 
different QSAR models developed for IRFMN–CERAPP dataset to predict the 
potential of small molecule in the external dataset for hERα binding activity. 
The radius of the circle corresponds to sensitivity and each model is represented 
in different colors.
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Fig. 10. The plot illustrating the predictive ability and the robustness of 
different QSAR models developed for IRFMN-RBA dataset to predict the po
tential of small molecule in the external dataset for hERα binding activity. The 
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