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Abstract

Estrogen receptor alpha (ERa) is a protein that plays a role in processes such as cell growth and proliferation; however, it has become
an important research topic due to its overexpression in 70% of breast cancers. ERa inhibitors stop the growth of cancer cells by
blocking the activity of this protein. Traditional drug discovery methods are disadvantageous in terms of time and cost. Various
approaches exist in the literature for the discovery of ERa inhibitors. Therefore, a machine learning-based Quantitative Structure-
Activity Relationship (QSAR) approach was preferred in this study for the discovery of ERa inhibitors. In this study, a machine
learning-based QSAR approach was preferred due to its capacity to extract structure-activity relationships from large chemical datasets
and its ability to provide high-throughput screening opportunities. This method enables the prediction of biological activities by
expressing the chemical structural properties of molecules through numerical descriptors. The ChREMBL206 target identifier was
selected as the data source due to its widespread use, high data quality, and the opportunity for comparison with previous studies. The
obtained molecules were classified according to their IC50 values, and their chemical space distributions were analyzed using Lipinski
rules. Subsequently, 3153 molecular descriptors were calculated for 3053 molecules using the PADEL program. Feature importance
analysis revealed that fingerprints such as PubchemFP667 and PubchemFP527, as well as APC2D atom pair descriptors that stood out
in the LightGBM model, played critical roles in ERa inhibition. The developed models demonstrated superior performance with
accuracy above 94%, sensitivity around 90%, specificity above 95%, and AUC values above 0.97. This study contributes to the
efficiency of the drug discovery process by demonstrating that the activity of ERa inhibitors can be predicted with high accuracy rates.

Keywords: Estrogen receptor alpha (ERa), Classification-based-QSAR, Machine learning, Feature importance, Inhibitor activity
prediction

Ostrojen Reseptor Alfa (ERa) Inhibitorlerinin Aktivitelerinin Istatistiksel
Ogrenme ile Tahmini

Oz

Ostrojen reseptor alfa (ERa), hiicre biiyiimesi ve ¢ogalmasi gibi siireclerde gérev alan bir proteindir; ancak meme kanserlerinin
%70'inde asir1 bulunmasi nedeniyle énemli bir arastirma konusudur. ERa inhibitérleri bu proteinin aktivitesini engelleyerek kanser
hiicrelerinin biiylimesini durdurur. Geleneksel ilag kesif yontemleri zaman ve maliyet agisindan dezavantajlidir. ERo inhibitorlerinin
kesfi i¢in literatiirde ¢esitli yaklasimlar mevcuttur. Bu nedenle, ¢alismada ERa inhibitorlerinin kesfi i¢in makine 6grenmesi tabanlt
Kantitatif Yapi-Aktivite liskisi (Quantitative Structure-Activity Relationship - QSAR) yaklasimu tercih edilmistir. Bu caligmada, genis
kimyasal veri setlerinden yapi-aktivite iligkilerini ¢ikarma kapasitesi ve yiiksek verimli tarama imkani sunmasi nedeniyle makine
dgrenmesi tabanlt QSAR yaklasimu tercih edilmistir. Bu yontem, molekiillerin kimyasal yapisal dzelliklerini sayisal tanimlayicilarla
ifade ederek biyolojik aktivitelerini tahmin etmeye olanak saglar. Veri kaynagi olarak, yaygin kullanimi, yiiksek veri kalitesi ve 6nceki
caligmalarla karsilastirma imkani sunmasi nedeniyle ChEMBL206 hedef tanimlayicisi secilmistir. Elde edilen molekiiller IC50
degerlerine gore siniflandirtlmis, Lipinski kurallariyla kimyasal uzay dagilimlar analiz edilmistir. Ardindan PADEL programu ile 3053
molekiil igin 3153 molekiiler tanimlayict hesaplanmistir. Ozellik énemi analizinde, PubchemFP667 ve PubchemFP527 gibi parmak
izlerinin ve LightGBM modelinde 6ne ¢ikan APC2D atom ¢ifti tanimlayicilarinin ERa engellemesinde kritik rol oynadigi gériilmiistiir.
Gelistirilen modeller %94"in iizerinde dogruluk, %90 civarinda duyarlilik, %95'in iizerinde 6zgiilliik ve 0.97'nin iizerinde AUC
degeriyle istlin performans gostermistir. Bu ¢alisma, yiiksek dogruluk oraniyla ERa inhibitérlerinin aktivitesinin tahmin
edilebilecegini gostererek ilag kesif siirecinin verimliligine katki saglamaktadir.

Anahtar Kelimeler: Ostrojen reseptdr alfa (ERa), Siniflandirma tabanli QSAR, Makine &grenmesi, Ozellik 6nemi, Inhibitor
aktivitesi tahmini
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1. Introduction

Modern drug development processes are undergoing
a significant transformation with the advancement of
technology. The drug discovery process consists of
complex stages that require high costs and long time
periods (Arciniegas et al, 2000). Laboratory
experiments used in traditional approaches are
fundamentally examined in two categories: in vitro
experiments conducted outside living organisms and in
vivo tests performed directly on living organisms
(Glimtistas & Cakmak Pehlivanli, 2021).

In recent years, with the developments in the
pharmaceutical industry, traditional trial-and-error
methods that take an average of 12 years and reach a cost
of 1.8 billion USD have begun to be replaced by faster
and more economical intelligent drug development
methods that are based on statistical thinking and
supported by mathematics and computer sciences
(Shaker et al., 2021). Particularly, statistics-based
machine learning algorithms and artificial intelligence
methods are increasingly being used in solving complex
problems that are difficult to solve with traditional
methods in many important fields such as computer
science, medicine, finance, and engineering, thanks to
the analysis and interpretation of large datasets (LeCun
et al., 2015).

These methods, called ‘in-silico’ in the scientific
world, have the ability to predict the potential effects of
candidate drug molecules and provide valuable
preliminary information before proceeding to laboratory
tests. The advantages provided by a correct in-silico
approach are multifaceted: Firstly, it guides researchers
on which molecules should be subjected to laboratory
tests. Additionally, it enables more effective design of
experiments to be conducted, thereby reducing the use
of experimental animals, allowing the optimal
concentrations of molecules to be tested to be
determined in advance, and providing significant
savings in both time and cost (Giimiistas & Cakmak
Pehlivanli, 2021).

The importance of these technological developments
and in-silico approaches becomes distinctly evident,
particularly in the development process of estrogen
receptor alpha (ERa) inhibitors used in breast cancer
treatment. The development of estrogen receptor alpha
(ERa) inhibitors constitutes a critical example
demonstrating the importance of modern drug
technologies and in-silico approaches. ERa is an
important member of the nuclear receptor family in the
human body and plays a central role in the regulation of
fundamental cellular processes such as cell growth,
differentiation, and proliferation (Jensen & Jordan,
2003; Deroo & Korach, 2006).

In approximately 70% of breast cancer cases,
excessive production of ERa protein is observed, and
this situation causes uncontrolled proliferation of cancer
cells (Ali & Coombes, 2002; Musgrove & Sutherland,
2009). This finding has made ERa one of the priority
molecular targets in breast cancer treatment (Jordan,

2003; Anderson, 2002). Modern drug development
technologies and in-silico approaches play an important
role in the design and optimization of ERa inhibitors,
which enables the development of more effective and
selective treatment options (Huang et al., 2010; Sliwoski
etal., 2013).

In the development process of ERa inhibitors,
modern computer technologies come into play to
accelerate drug discovery and development studies. This
process begins primarily with the collection of
molecular structures and their activity values from
reliable data sources. ChEMBL is an open-access
database developed and managed by the European
Bioinformatics Institute, which provides researchers
with experimental data on more than 2 million
compounds and their biological activities (Gaulton et al.,
2017). On the molecules obtained from this database,
drug-likeness parameters known as Lipinski’s ‘Rule of
Five’ are first examined. These rules (molecular weight,
LogP, hydrogen bond donor and acceptor numbers) are
fundamental criteria used in evaluating the potential of
a molecule to act as a drug when taken orally (Lipinski,
2004). Analysis of Lipinski rules reveals the
distributions of active and inactive molecules in
chemical space, enabling the early-stage identification
of potential candidates with drug-like properties. These
rules are widely used, particularly in predicting the
absorption and permeability properties of orally
administered drugs, helping to filter molecules in the
early stages of the drug development process (Lipinski
et al., 2001). Following Lipinski's analysis, the PADEL
(Pharmaceutical Data Exploration Laboratory) program
is used for more comprehensive structural
characterization of molecules. PADEL is an open-
source software that makes important contributions to
the drug design process by calculating molecular
descriptors and fingerprints (Yap, 2011). Thousands of
different molecular descriptors can be calculated with
this program, which represents the structural details of
molecules more deeply.

Following this comprehensive molecular data
analysis, statistical learning methods come into play to
accelerate drug discovery and development studies in
the development process of ERa inhibitors. Prediction
models developed on PADEL descriptors perform
active-inactive classification to determine which
structural features have the strongest relationship with
activity. In recent years, ensemble learning algorithms
(such as Random Forest, XGBoost, LightGBM) have
shown significant success in these analyses (Al-
Thanoon et al., 2019; Qasim & Algamal, 2018). These
algorithms provide effective results in determining
important structural features by evaluating thousands of
properties of molecules simultaneously Through feature
importance analysis, valuable information is obtained
about the structural features to be targeted in the
optimization of ERa inhibitors and the design of new
potential inhibitors. This approach offers a faster and
more economical evaluation opportunity compared to
traditional experimental methods for complex biological
targets like ERa (Carracedo-Reboredo et al., 2021).
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In this study, a comprehensive approach has been
adopted in predicting the activity of ERa inhibitors.
Molecules obtained from the ChEMBL206 database
were first classified as active and inactive according to
their IC50 (half-maximal inhibitory concentration)
values.

IC50 is an important pharmacological parameter that
expresses the concentration required for an inhibitor to
reduce the activity of its target protein by 50% (Sebaugh,
2011). The lower this value, the higher the inhibitor
activity of the relevant molecule (Zhang et al., 2000).

To evaluate the drug likeness of the classified
molecules, their physicochemical properties were
analyzed using Lipinski’s Rule of Five, and their
distribution within the chemical space was examined.
For detailed characterization of the structural properties
of molecules, the PADEL program was used, and a total
of different molecular descriptors were calculated for all
molecules in the dataset.

2. Materials and Methods

In this study, a systematic and comprehensive
approach was adopted for predicting the activity of ERa
inhibitors. The research methodology includes data
characterization strategies and the application of various
machine learning algorithms. The basic dataset used for
analysis was obtained from the ChEMBL206 database
managed by the European Bioinformatics Institute.

The study follows a three-stage analysis process:

2.1. Molecular dataset preparation and Lipinski
analysis

The activity classification of ERa inhibitors obtained
from the ChEMBL206 database was performed based
on experimental IC50 values. The IC50 value is a
quantitative measure expressing the concentration
required for an inhibitor to reduce the activity of its
target protein by 50%. Molecules were classified into
three categories according to their IC50 wvalues:
molecules with IC50 1000 nM were designated as
’active’, molecules with IC50 10000 nM were
designated as ’inactive’, and molecules between these
two values were designated as ‘intermediate’
(Krippendorff et al., 2007).

The drug-likeness properties of molecules were
evaluated by calculating Lipinski’s Rule of Five
(Lipinski et al., 2001). According to this rule, a molecule
is likely to be an orally active drug if it violates no more
than one of the following criteria:

* Molecular weight (MW) - less than 500 Daltons

* Logarithm of octanol-water partition coefficient
(LogP) - less than 5

e Number of hydrogen bond donors — less than 5 or
fewer

*  Number of hydrogen bond acceptors — less than 10
or fewer

Chemical space analysis was performed using these
calculated Lipinski rules and activity classes, and MW-
LogP distributions of molecules were visualized
(Wagener & Van Geerestein, 2000).

2.2. Molecular descriptor calculation and
structural characterization

Comprehensive molecular characterization was
performed using the PADEL program. A total of 3153
different molecular descriptors were calculated for 3053
molecules. These descriptors provide a detailed
characterization of the structural properties of molecules
(atom and bond properties), topological characteristics
(molecular connectivity), electronic properties (charge
distribution), 2D and 3D structural properties, and
physicochemical parameters. This comprehensive
analysis also enabled the identification of molecular
fingerprints. The obtained PADEL descriptors were
combined with activity classes previously obtained from
the ChEMBL206 database and determined according to
IC50 values. During data preprocessing, molecules
classified as the ‘intermediate’ class were excluded, and
the task was reformulated as a binary classification
problem including only active and inactive categories.

2.3. Machine learning and feature importance
analysis

First, the prepared dataset was divided into 80%
training and 20% validation sets using random sampling
method while maintaining the proportions of active and
inactive molecules. The 20% portion was reserved as an
external validation set to evaluate the final model's
performance. On the training set, a cross-validation
method, which divides the dataset into different
training-test subsets, was applied to control whether the
models overfit the dataset and to evaluate generalization
ability. Various algorithms based on ensemble learning
approaches, which can make stronger predictions by
combining multiple base learners, were used in the
construction of classification models (Al-Thanoon et al.,
2019).

Next, the Random Forest algorithm creates multiple
decision trees by selecting random samples from the
dataset using the bootstrap sampling method and
determines the best split by using randomly selected
features at each node (Breiman, 2001). The Bagging
(Bootstrap Aggregating) algorithm, which works
similarly, reduces the variance of the model by
combining the predictions of decision trees trained in
parallel on different subsets created by bootstrap
sampling from the dataset (Breiman, 1996).

Then, XGBoost (eXtreme Gradient Boosting) and
LightGBM (Light Gradient Boosting Machine)
algorithms are advanced ensemble learning methods
that work with the gradient boosting principle. These
algorithms sequentially train weak learners that focus on
correcting the errors of previous models, minimizing the
gradient of the loss function at each step (Chen &
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Guestrin, 2016; Ke et al.,, 2017). LightGBM is an
optimized version that works faster than XGBoost,
especially on large datasets.

Additionally, the ExtraTrees (Extremely
Randomized Trees) algorithm, unlike standard decision
trees, uses completely randomly selected threshold
values in node splits. This approach reduces the variance
of the model while increasing computational efficiency
(Geurts et al., 2006). All these algorithms stand out with
their ability to model complex relationships in high-
dimensional data containing many variables.

Then, the classification performance of the created
models was measured using various evaluation metrics.
Specifically, accuracy (the ratio of correctly classified
samples to old samples), sensitivity (the ratio of
correctly predicted active molecules to all active
molecules), and specificity (the ratio of correctly
predicted inactive molecules to all inactive molecules)
were calculated.

Moreover, ROC (Receiver Operating Characteristic)
curves were drawn to evaluate the performance of the
models at different decision threshold values, and the
area under these curves (AUC - Area Under the ROC
Curve) was calculated to measure overall classification
success. The ROC curve is a graphical representation of
sensitivity (true positive rate) and 1-specificity (false
positive rate) across different threshold values. The
AUC provides an overall measure of the model’s ability
to distinguish between classes; values close to 1 indicate
perfect classification performance, whereas a value of
0,5 corresponds to random prediction (Sokolova et al.,
2006; Byvatov et al., 2003).

Finally, a comprehensive feature importance
analysis was performed through the trained models, and
the molecular properties that contributed most to ERa
inhibitor activity were determined. Feature importance
ranking was obtained using the intrinsic feature
importance mechanisms of ensemble learning models
(especially Random Forest and XGBoost). Feature
importance analysis makes important contributions to
understanding structure-activity relationships and the
rational design of new inhibitors.

3. Results

All analyses and model development studies used for
activity prediction of ERa inhibitors were conducted in
the Python programming language. The pandas and
numpy libraries were utilized for data analysis and
processing, while matplotlib and seaborn libraries were
employed for visualization. For the development of
machine learning models, scikit-learn, XGBoost, and
LightGBM libraries were utilized. Specifically, the
sklearn metrics module was used for model performance
evaluation, and the internal mechanisms of ensemble
learning models were employed for feature importance
analyses. The findings of the study were examined under
three main headings:

3.1. Drug-likeness analysis

The chemical space analysis of ERa inhibitors
revealed important structure-activity relationships by
visualizing the distribution of Molecular Weight (MW)
and LogP values of molecules, as shown in Figure 1. In
the chemical space plot, each point represents a
molecule, where colors indicate activity classes (green:
active, red: inactive, yellow: intermediate) and sizes
represent pIC50 values (4: low activity, 6: moderate
activity, 8: high activity, 10: very high activity).

The analysis results showed that active ERa
inhibitors are generally concentrated within the
molecular weight range of 200-1200 Da and LogP
values between 2-10. This distribution is generally
consistent with Lipinski’s rule of five for drug-likeness
and suggests that the molecules exhibit suitable
properties for oral bioavailability. Particularly, the
tendency of active molecules (green dots) to have higher
MW and LogP wvalues indicates that these
physicochemical properties may be important
determinants for ERa inhibitory activity.

Chemical space

dass
® active
intermediate
@ inactive
plC50
e 4
® 6
e 8
o 10

200 400 600 800 1000 1200
MW

Figure 1. Chemical space distribution of ERa inhibitors

The clustering of inactive molecules (red dots) in the
low MW and LogP region may result from these
molecules’ inability to form sufficient interaction
surfaces with the target protein. Molecules with
‘intermediate’ activity (yellow dots) are generally
located in the transition zone between active and
inactive regions. This chemical space distribution
provided valuable information for novel inhibitor design
by enabling a better understanding of the structural
features that determine the activity of ERa inhibitors,
particularly emphasizing that MW and LogP values
need to be within specific ranges for optimal activity.
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3.2. Performance evaluation of classification
models

In the machine learning approach applied for
predicting the activity of ERa inhibitors, a systematic
methodology was followed throughout the data
preparation and model development processes. Initially,
molecules obtained from the ChEMBL206 database
were classified into three different activity classes based
on their IC50 values, as presented in Table 1.

Table 1. Distribution of molecules by activity classes in the
initial dataset

Among ensemble learning algorithms, XGBoost and
LightGBM stood out with the highest accuracy rates.
This result demonstrates that gradient boosting
approaches can successfully capture patterns in complex
molecular data. Other ensemble models including
ExtraTrees and Random Forest, along with a basic
classifier, Logistic Regression, also exhibited similarly
high performance. It was observed that all models,
particularly  ensemble-based  algorithms, could
effectively distinguish between active and inactive
molecules.

Table 4. Performance scores of the machine learning models

Activity Class Number of Molecules  Percentage (%)
Active 1773 58.07
Inactive 725 23.75
Intermediate 555 18.18

In this classification, more than half of the total 2053
molecules were categorized as active, approximately
one-fourth were determined as inactive, and the
remaining small portion was classified in the
‘intermediate’ category. To optimize the prediction
performance of classification models, molecules with
intermediate activity values were removed from the
dataset, and the problem was addressed using a binary
classification approach as shown in Table 2.

Table 2. Distribution of the reorganized dataset for binary
classification

Activity Class Number of Molecules Percentage (%)
Active 1773 70.98
Inactive 725 29.02

In the dataset organized for binary classification, the
distribution shows approximately two-thirds active
molecules and one-third inactive molecules. This
distribution was maintained to ensure balanced class
representation during model training and validation. The
dataset was divided into 80% training and 20%
validation sets for model development and independent
evaluation of the developed models, while ensuring the
preservation of the original class distributions as
detailed in Table 3. This strategic division enabled the
models to make reliable predictions for both classes.

Table 3. Class distributions of training and validation sets

Set Class Number of Molecules (%)

Training Active 1418 70.97
Inactive 580 29.03

Validation Active 355 71.00
Inactive 145 29.00

To assess the generalization performance of the
models, the training set was subjected to 5-fold cross-
validation, and performance metrics were derived from
the external validation set. During the model
development process, various machine learning
algorithms were evaluated as summarized in Table 4.

Model Accuracy Sensitivity Specificity  F1-Score
XGBoost 94.80 90.0 97.0 0.91
LightGBM 94.60 90.0 97.0 0.91
ExtraTrees 94.00 90.0 95.0 0.90
Random Forest 93.80 89.0 96.0 0.89
Logistic Regression 93.40  88.0 96.0 0.89
Bagging 91.60 79.0 97.0 0.84

To comprehensively evaluate the classification
performance of the models, ROC (Receiver Operating
Characteristic) curves were generated, and the areas
under the curves (AUC) were calculated as illustrated in
Figure 2. ROC analysis results demonstrate that all
models exhibit strong discriminative performance.

Particularly, gradient boosting-based models
(XGBoost and LightGBM) achieved the highest
classification success. This was followed by other
ensemble-learning algorithms (Random Forest and
ExtraTrees), along with Logistic Regression and
Bagging algorithms. When examining F1-scores, it is
also observed that ensemble learning models exhibit
balanced precision and sensitivity. The distinct
separation of ROC curves from the random prediction
line (diagonal) confirms that all developed models are
highly successful in molecular activity prediction and
can produce stable and reliable results even at different
decision thresholds.

3.3. Feature importance analysis in molecular
activity prediction

In addition to performance evaluation of the
developed models, feature importance analysis was
conducted to understand which molecular descriptors
are more determinant in predicting estrogen receptor
alpha activity, as demonstrated in Figure 3. This analysis
visualizes the features most utilized by each machine
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Feature

learning model during the prediction process and their
relative importance degrees.

Figure 2. ROC curve comparison of different machine
learning models

ROC Curve Comparison
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3.3.1 Graphical analysis of feature importance

The feature importance graph presented in Figure 3
illustrates the top 20 molecular descriptors of the three
best-performing machine learning models (XGBoost,
LightGBM, and ExtraTrees). For each model, the
descriptors are ranked in descending order based on their
importance scores. A notable observation from the
graph is that each model employs a distinct feature, an
importance scoring scale. For instance, the feature
scores in the LightGBM model range from 0 to 80,
whereas those in the XGBoost model range from 0 to
0.05. This variation arises from the internal feature
evaluation mechanisms specific to each model.

For the sake of clarity and brevity, graphical
representations are provided in the main text only for the
three aforementioned models (XGBoost, LightGBM,

remaining models are available in the Supplementary
Materials.

3.3.2 Prominent descriptors by models

Table 5 summarizes the groups that the most
frequently prominent molecular descriptors belong to
and the chemical properties they represent.

This feature importance analysis demonstrates that
specific molecular descriptors and structural features are
more effective in predicting estrogen receptor alpha
activity. Particularly, the prominence of Pubchem
fingerprint descriptors and atom pair descriptors in most
models suggests that the molecular properties
represented by these descriptors are critical for
bioactivity prediction.

The important descriptors that stand out in different
models are as follows: In the Random Forest model,
PubchemFP308, PubchemFP667, and SubFP169; in the
XGBoost model, PubchemFP667, PubchemFP527, and
PubchemFP597; in the LightGBM  model,
APC2D3 C C, APC2D5 C C, and APC2D6 C C
atom pair descriptors; in the ExtraTrees model,
KRFP1148, PubchemFP667, and KRFP2949; in the
Bagging model, PubchemFP667, PubchemFP527, and
KRFPC3013; and in the Logistic Regression model,
KRFPC348, KRFPC607, and FP834 are observed as the
most determinative features.

When examining the most frequently repeated
features across all models, PubchemFP667 appears
among important descriptors in five different models
(Random Forest, XGBoost, LightGBM, ExtraTrees, and
Bagging). Similarly, PubchemFP527 was also found to
be commonly important in XGBoost, LightGBM, and
Bagging models.

Figure 3. Feature importance analysis of the models
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Table 5. Prominent molecular descriptor groupsand their chemical meanings

Descriptor Example Descriptors Chemical Meaning

PubchemFP PubchemFP667, PubchemFP527 Pubchem fingerprint. Represents specific struc-
tural features and functional groups.

KRFP KRFP1148, KRFP2949 Klekota-Roth fingerprint. Represents structural
motifs associated with bioactivity.

SubFP SubFP169, SubFP23 Substructure fingerprint. Represents ring sys-
tems and functional groups.

APC2D APC2D3_C_C, APC2D5_C_C Atom pair count. Represents distances between
specific atom pairs.

EStateFP EStateFP34 Electrostatic fingerprint. Represents electronic
distribution properties.

GraphFP GraphFP678, GraphFP913 Graph-based fingerprint. Represents topologi-
cal properties of the molecule.

MACCSFP MACCSFP139, MACCSFP131 MACCS keys. Represents standard structural
fragments.

ExtFP ExtFP613, ExtFP267 Extended fingerprint.  Represents extended

molecular properties.

4. Discussion

In this study, the effectiveness of statistical learning
approaches in predicting the activity of ERa inhibitors
was comprehensively evaluated. Analyses conducted on
molecular data obtained from the ChnEMBL database for
the ChEMBL206 target reveal the potential value of in-
silico methods in the drug discovery process.

The results obtained in the study demonstrate the
success of ensemble learning algorithms, particularly in
molecular activity prediction.

The chemical space analysis conducted in the first
phase of the research showed that active ERa inhibitors
cluster around specific physicochemical properties. The
tendency of molecules with molecular weights between
200-1200 Da and LogP values between 2-10 to show
high activity is an important finding that should be
considered in the design of new inhibitors. This
distribution is consistent with Lipinski’s drug-likeness
rules and suggests that the developed molecules may
also exhibit suitable properties in terms of oral
bioavailability.

In the performance evaluation of machine learning
models, the XGBoost algorithm showed the highest
success with 94.8% accuracy. This was followed by
LightGBM with 94.6% accuracy, ExtraTrees with
94.0%, Random Forest with 93.8%, and Logistic
Regression algorithms with 93.4%. These results reveal
that gradient boosting-based models (XGBoost and
LightGBM) are the most suitable algorithms for
predicting estrogen receptor activity. The high accuracy
of the XGBoost model demonstrates that the algorithm
can successfully learn complex molecular feature-
activity relationships.

When examining the sensitivity and specificity
values of the models, XGBoost and LightGBM
algorithms exhibited the most balanced performance
with 90% sensitivity and 97% specificity. This shows
that the models can predict both active and inactive

molecules with high accuracy. Particularly when
examining Fl-score values, gradient boosting-based
algorithms show superior performance with a value of
0.91. These results prove that the developed models can
make balanced and reliable predictions for both classes.

ROC curve analysis results show that all models
exhibit strong discriminative performance. XGBoost
achieved the highest classification success with an AUC
value of 0.974. This was followed by LightGBM (0.973
AUC), Random Forest (0.969 AUC), and ExtraTrees
(0.966 AUC) algorithms. The distinct separation of
ROC curves from the random prediction line confirms
that the developed models can produce stable and
reliable predictions even at different decision thresholds.

One of the most notable findings of the study is the
identification of the importance of specific descriptors
in molecular activity prediction. Feature importance
analysis enabled the identification of common
descriptors that stand out in different models. The fact
that the PubchemFP667 descriptor appears among
important features in five different models (XGBoost,
LightGBM, Random Forest, ExtraTrees, and Bagging)
shows that this structural feature plays a critical role in
ERa inhibition. Similarly, PubchemFP527 was also
found to be commonly important in XGBoost,
LightGBM, and Bagging models.

The APC2D atom pair descriptors (APC2D3 C C,
APC2DS5_C C,and APC2D6_C_C) that stand out in the
LightGBM model emphasize the importance of specific
distances between carbon-carbon atoms in predicting
molecular activity. These findings suggest that specific
atom-atom interactions may have a direct effect on
activity for ERa inhibitors. The high importance scores
of KRFP descriptors (especially KRFP1148 and
KRFP2949) in the ExtraTrees model indicate that
Klekota-Roth fingerprint descriptors can successfully
capture structural motifs associated with bioactivity.

When compared with similar studies reported in the
literature, the results obtained are quite promising. In a
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comprehensive analysis conducted by DiMasi and
colleagues, it was reported that the total cost of the
traditional drug discovery process, including post-
approval R&D costs, reaches $2.87 billion, and these
costs increase at an annual rate of 8.5% (DiMasi et al.,
2016). Considering this high cost and time burden, the
developed models will enable rapid and reliable
evaluation of potential ERa inhibitors. The results of
feature importance analysis provide important clues for
designing new ERa inhibitors. The prominence of
Pubchem fingerprint descriptors and atom pair
descriptors in most models shows that the molecular
properties represented by these descriptors are critical
for bioactivity prediction. This information can be
guided in determining which structural features should
be prioritized in the drug design process. For example,
focusing on molecules carrying the structural features
represented by PubchemFP667 could be an important
strategy in designing candidate molecules with high
activity potential.

The results of this study clearly reveal the potential
value of in-silico methods in the drug discovery process.
The developed models not only provide high accuracy
in predicting the activity of ERa inhibitors but also offer
valuable insights for designing new inhibitors. The
combination of machine learning algorithms and feature
importance analysis creates a powerful framework for
rational drug design. This approach can be used as a
valuable tool in filtering and prioritizing candidate
molecules before proceeding to laboratory tests, thus
significantly reducing the cost and duration of the
traditional drug discovery process.

5. Conclusions

This study comprehensively demonstrated the power
of machine learning-based QSAR models in predicting
the inhibitory activity of estrogen receptor alpha (ERa)
inhibitors. Using molecular fingerprints and atom pair
descriptors, high-performance models such as XGBoost
and LightGBM achieved accuracy rates exceeding 94%
and AUC values above 0.97, confirming the robustness
of ensemble learning approaches in molecular
classification tasks. The balanced sensitivity and
specificity values, along with superior F1-scores,
indicate the models’ capability to make reliable
predictions across both active and inactive classes.

Importantly, feature importance analyses revealed
critical structural patterns influencing bioactivity.
Descriptors such as PubchemFP667 and APC2D3 C C
emerged as consistently influential across several
models, highlighting their role in ERa inhibition. These
results suggest that specific substructural features and
atom-level interactions significantly contribute to
biological activity, offering valuable guidance for
rational drug design.

Considering the high cost and time constraints of
traditional drug discovery, the developed in silico
framework presents a rapid, reliable, and cost-effective

alternative for the early-stage screening and
prioritization of candidate molecules. Overall, the
integration of statistical learning techniques with
chemical informatics holds strong potential for
accelerating the identification and optimization of novel
ERa inhibitors, contributing meaningfully to the
discovery of new therapeutic options for hormone-
related cancers such as breast cancer.
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