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Abstract

Thrombotic disorders remain a major cause of global morbidity and mortality, with
dysregulation of blood coagulation pathways playing a central role in disease progression.
In particular, Thrombin is a key therapeutic target for anticoagulant drug development,
making accurate prediction of inhibitory activity highly relevant for accelerating discovery
efforts. Despite advances in computational drug discovery, there is still a need for
systematic evaluation of machine learning approaches for QSAR-based prediction of
anticoagulant activity. Many existing studies focus on single models or lack consistent
comparison frameworks, limiting insights into the relative performance of different
ensemble techniques. To address this gap, this study explores the application of multiple
ensemble machine learning methods, including Random Forest, XGBoost, Gradient
Boosting, and Extra Trees, combined with hyperparameter optimization using random
search. The main objective of this work is to conduct a comparative analysis of these
ensemble models to predict pIC50 values for thrombin inhibitors using molecular
descriptors derived from chemical structures. The results show that the Extra Trees
model achieved the best overall performance, with an R? of 0.697, RMSE of 0.851, and
MAE of 0.615 after tuning. Additionally, Gradient Boosting and XGBoost demonstrated
significant improvement following hyperparameter optimization, highlighting the
importance of model tuning in QSAR tasks. Overall, the study confirms that ensemble
learning methods yield reliable, accurate predictions of anticoagulant activity, with Extra
Trees emerging as the most effective approach for this dataset.
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1. Introduction

leading to clot formation [5]. Given its central role,
thrombin has emerged as an important therapeutic

Thrombotic disorders remain a major global health
challenge, contributing significantly to morbidity and
mortality through conditions such as deep vein
thrombosis, pulmonary embolism, and ischemic stroke
[1, 2]. Central to the pathophysiology of these disorders
is the dysregulation of blood coagulation pathways,
particularly the excessive activation of clotting factors [3,
4]. Among these, Thrombin plays a pivotal role as a serine
protease that converts fibrinogen into fibrin, ultimately
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target for developing anticoagulant agents to prevent or
treat thrombotic events [6].

In addition to its central role in fibrin formation, thrombin
also amplifies the coagulation cascade by activating
multiple clotting factors and platelets, making it a critical
convergence point in hemostasis. Compared with other
anticoagulant targets, such as Factor Xa or protease-
activated receptor-1 (PAR-1), thrombin inhibition
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provides a more direct mechanism to suppress clot
formation at its final stage. However, currently available
thrombin-targeting anticoagulants present several
limitations [7]. For instance, warfarin, although widely
used, requires careful monitoring due to its narrow
therapeutic window and significant drug-food
interactions. Direct thrombin inhibitors such as
dabigatran offer improved specificity but are still
associated with risks of bleeding complications and
variability in patient response [8]. These limitations
highlight the need to identify novel thrombin inhibitors
with improved safety and efficacy profiles. Therefore,
developing accurate predictive models specifically
targeting thrombin inhibition remains an important
objective in computational drug discovery.

Traditional drug discovery approaches for anticoagulants
are often time-consuming, costly, and resource-intensive,
involving extensive experimental screening and
optimization [9]. In recent years, computational methods
have gained increasing attention as efficient alternatives
to accelerate the drug discovery pipeline. Among these,
Quantitative  Structure-Activity Relationship (QSAR)
modeling has proven a valuable tool for predicting the
biological activity of chemical compounds using
molecular descriptors [10]. QSAR enables researchers to
uncover relationships between chemical structure and
pharmacological effect, thereby reducing the need for
exhaustive laboratory testing and facilitating the
identification of promising lead compounds [11].

The rapid advancement of machine learning techniques
has further enhanced the predictive capabilities of QSAR
models [12, 13]. Ensemble machine learning methods, in
particular, have demonstrated superior performance by
combining multiple base learners to improve accuracy,
robustness, and generalization [14]. Algorithms such as
Random Forest, XGBoost, Gradient Boosting, and Extra
Trees have been widely applied in cheminformatics for
their ability to capture complex nonlinear relationships in
high-dimensional data [14, 15].

Despite the growing application of ensemble learning in
drug discovery, limited studies have specifically focused
on thrombin as a target while simultaneously
benchmarking multiple ensemble algorithms under
consistent experimental conditions. Furthermore,
existing QSAR studies often do not explicitly address the
challenges associated with currently available thrombin
inhibitors, such as safety concerns and variability in
therapeutic response, which underscores the need for
improved predictive modeling approaches tailored to this
target. Such comparative analyses are essential for
identifying the most suitable modeling approach for
accurate prediction and for providing insights into the

strengths and limitations of each method when applied
to QSAR datasets.

In this study, we present a comparative analysis of
multiple ensemble machine learning models for QSAR-
based prediction of thrombin inhibitory activity. To the
best of our knowledge, this is one of the first studies to
directly benchmark several widely used ensemble
algorithms, including Random Forest, Gradient Boosting,
XGBoost, and Extra Trees, within a unified experimental
framework using the same dataset, descriptor set, and
validation strategy. The results not only identify the most
effective algorithm for predicting thrombin inhibition but
also highlight the relative strengths and limitations of
different ensemble strategies. Therefore, this work
provides a clearer understanding of model selection in
QSAR modeling and offers practical guidance for future
computational drug discovery efforts targeting thrombin.

The findings of this research aim to contribute to the field
of computational drug discovery by identifying the most
effective ensemble learning approach for QSAR-based
prediction of thrombin inhibitors. By providing a detailed
comparison of model performance and highlighting
optimal parameter configurations, this study seeks to
support the development of more accurate and efficient
predictive models. Ultimately, such advancements can
facilitate the discovery of novel anticoagulant agents,
improve therapeutic strategies for thrombotic disorders,
and reduce the overall cost and time associated with drug
development.

2. Materials and Methods

The overall workflow of this study is illustrated in Figure
1. The process begins with data collection from the
ChEMBL database, followed by the calculation of
molecular descriptors to transform chemical structures
into numerical features. These descriptors are then used
as input for multiple ensemble machine learning models,
including Random Forest, XGBoost, Gradient Boosting,
and Extra Trees. Each model is trained and optimized
through hyperparameter tuning. Finally, model
performance is evaluated using standard regression
metrics, and the best-performing model is selected based
on its predictive accuracy.

2.1. Data Collection

The dataset used in this study was retrieved from the
ChEMBL database, focusing on compounds associated
with the Thrombin target (CHEMBL204) and their
reported ICso values [16]. To maintain data reliability, any
compounds lacking ICso information were removed from
the dataset. In cases where a compound had multiple ICso
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Figure 1. Workflow of the QSAR-based machine learning framework for predicting thrombin inhibitory activity, including data collection,
descriptor calculation, model development, and performance evaluation.

measurements, the median value was selected to
represent its activity, ensuring a more robust estimate.

After preprocessing, the dataset contained 3,145 unique
compounds. The ICso values were then transformed to
plCso, defined as the negative logarithm (base 10) of the
ICso, to normalize the scale and improve model
performance [17]. Finally, the dataset was divided into
training and testing subsets using an 80:20 split, with
stratification applied to maintain the original distribution
of activity values across both sets.

2.2. Molecular Descriptors Calculation

To convert chemical structures into a format suitable for
machine learning, molecular descriptors were used as
input features. These descriptors provide numerical
representations of different molecular characteristics,
including structural patterns, atom composition, and
physicochemical properties [18]. By encoding such
information, they allow models to learn relationships
between molecular structure and biological activity.

In this study, descriptors were generated using the
Mordred tool, which computes a comprehensive set of
both two-dimensional and three-dimensional descriptors
for each compound [19]. This step resulted in a large
number of features describing various aspects of the
molecules.

To improve model efficiency and avoid redundant
information, feature selection was applied [20].
Descriptors with very low variance (below 0.1) were
removed, as they contribute minimal useful information

for prediction [21]. In addition, highly correlated
descriptors (Pearson correlation coefficient> 0.80) were
excluded to reduce multicollinearity, which can
negatively affect model stability and interpretation [22].
These thresholds were selected based on common
practices in QSAR studies to balance dimensionality
reduction and information retention. After applying these
filtering steps, a total of 309 molecular descriptors were
retained and used as input features for subsequent
model development.

2.3. Machine Learning Models

In this study, several ensemble-based machine learning
algorithms were employed to model the relationship
between molecular descriptors and anticoagulant
activity. Ensemble methods combine multiple learning
algorithms to improve predictive performance and
robustness compared to single models. The models
evaluated include Random Forest, XGBoost, Gradient
Boosting, and Extra Trees.

Initially, each model was trained with its default
hyperparameters to establish a baseline performance.
This step provides a reference point for evaluating the
extent of improvement achievable through optimization.
Following this, hyperparameter tuning was performed
using random search with 3-fold cross-validation and 20
iterations, which explores a range of parameter
combinations by randomly sampling from predefined
distributions. Compared with an exhaustive grid search,
this approach is more efficient while still delivering strong
performance [23]. The ranges of hyperparameters
explored for each model are summarized in Table 1.
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Table 1. Hyperparameter search space used for randomized search in ensemble machine learning models.

Model Hyperparameter Values Tested

XGBoost n_estimators 100, 200, 300
max_depth 3,5,7,10
learning_rate 0.01, 0.05, 0.1
subsample 0.7,0.8,1.0
colsample_bytree 0.7,0.8,1.0

Random Forest n_estimators 100, 200, 300
max_depth None, 10, 20, 30
min_samples_split 2,5,10
min_samples_leaf 1,2, 4

Gradient Boosting n_estimators 100, 200, 300
learning_rate 0.01, 0.05, 0.1
max_depth 3,57
subsample 0.7,0.8,1.0

Extra Trees n_estimators 100, 200, 300
max_depth None, 10, 20, 30
min_samples_split 2,510
min_samples_leaf 1,2, 4

The tuning process was carried out using cross-validation
to ensure reliable model evaluation and to reduce the
risk of overfitting. Key hyperparameters such as the
number of estimators, tree depth, and learning rate were
optimized for each model. The best-performing
configuration identified during the search was then used
to train the final model, which was subsequently
evaluated on the test dataset.

2.4. Performance Evaluation

The performance of the developed models was assessed
using several standard regression metrics to evaluate
prediction accuracy [24]. In this study, three commonly
used metrics were applied: the coefficient of
determination (R?), root mean squared error (RMSE), and
mean absolute error (MAE). The mathematical definitions
of R?, RMSE, and MAE are presented in Equations (1)-(3),
respectively:

Y1 — y)?

RZ=1- — 1
00 7P @
n
1
RMSE = |- (= 9 @
i=1
I~
MAE == |y~ 3| ®
i=1

where y; represents the observed (experimental) value,

%, denotes the predicted value, y is the mean of the
observed values, and n is the total number of samples.

The R? score measures how well the model explains the
variance in the observed data, with values closer to 1
indicating better predictive performance. In QSAR

modeling, an R? value greater than 0.6 is generally
considered acceptable, indicating moderate predictive
capability, while values above 0.7 reflect good model
performance and strong agreement between predicted
and experimental values.

RMSE quantifies the average magnitude of prediction
errors, with greater sensitivity to larger errors due to the
squaring of residuals. Lower RMSE values indicate better
model accuracy; in QSAR studies, RMSE values below 1.0
are typically considered acceptable for continuous
bioactivity prediction, depending on the dataset's
variability.

MAE measures the average absolute difference between
predicted and actual values, providing a more
interpretable estimate of prediction error that is less
influenced by outliers compared to RMSE. Lower MAE
values indicate more accurate and consistent predictions,
and values below 0.7 generally indicate good predictive
performance in similar QSAR applications.

Together, these metrics offer a comprehensive
evaluation of model performance. While R? reflects the
overall goodness of fit, RMSE and MAE provide insight
into the scale of prediction errors. Using all three metrics
allows for a more balanced comparison between models
and helps identify the most reliable approach for
predicting anticoagulant activity.

3. Results and Discussion

The performance of the ensemble models before and
after hyperparameter tuning is summarized in Table 2.
Overall, the models demonstrated moderate to strong
predictive ability in estimating anticoagulant activity
against Thrombin, with noticeable improvements after
applying hyperparameter optimization.
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Table 2. Performance comparison of ensemble machine learning models before and after hyperparameter tuning for predicting plCso
values of compounds targeting Thrombin.

Model R? RMSE MAE
Random Forest 0.655 0.909 0.685
Random Forest (Tuned) 0.659 0.903 0.679
XGBoost 0.643 0.924 0.671
XGBoost (Tuned) 0.666 0.894 0.649
Gradient Boosting 0.570 1.014 0.778
Gradient Boosting (Tuned) 0.675 0.882 0.654
Extra Trees 0.690 0.861 0.617
Extra Trees (Tuned) 0.697 0.851 0.615

10 A

Predicted Values (plCso)
[=1]

Actual Values (pICso)

Figure 2. Actual vs predicted plCso values for the Extra Trees model

Among the baseline models, Extra Trees achieved the
best performance, with an R? of 0.690, an RMSE of 0.861,
and an MAE of 0.617. This suggests that the model
captured the underlying relationships between
molecular descriptors and biological activity more
effectively than the other untuned models. Random
Forest and XGBoost showed comparable performance,
though slightly lower than that of Extra Trees. At the same
time, Gradient Boosting produced the weakest results in
its default configuration, with the lowest R? (0.570) and
highest error values.

After applying hyperparameter tuning using randomized
search, all models exhibited improvements in predictive
performance, although the magnitude of improvement
varied. The most notable enhancement was observed for
Gradient Boosting, where the R? increased significantly
from 0.570 to 0.675, accompanied by substantial
reductions in RMSE and MAE. This indicates that Gradient
Boosting is highly sensitive to parameter configuration
and can perform competitively when properly optimized.
Similarly, XGBoost showed meaningful gains, improving
its R2 from 0.643 to 0.666 and reducing prediction errors,
highlighting the importance of tuning for boosting-based
algorithms.

For tree-based bagging methods, the improvements
were more modest. Random Forest showed only slight
enhancement after tuning, with R? increasing marginally
from 0.655 to 0.659. Extra Trees, which already

performed strongly in its default state, achieved the
highest overall performance after tuning, with an R2 of
0.697, an RMSE of 0.851, and an MAE of 0.615. This
suggests that Extra Trees is inherently more robust and
less dependent on extensive hyperparameter
optimization than boosting methods.

Across all models, the tuned Extra Trees model emerged
as the best-performing approach for this QSAR task,
followed closely by the tuned Gradient Boosting and
XGBoost models. The results indicate that ensemble
methods based on randomized tree construction and
boosting strategies are effective for modeling complex,
nonlinear relationships in molecular descriptor data.
Additionally, the consistent reduction in RMSE and MAE
across the tuned models confirms that hyperparameter
optimization yields more accurate and reliable
predictions.

The scatter plot in Figure 2 illustrates the relationship
between experimentally observed plCso values and those
predicted by the Extra Trees model. Each point
represents a compound, with the x-axis corresponding to
actual values and the y-axis representing predicted
values. The dashed diagonal line indicates the ideal
scenario where predicted values perfectly match the
experimental data.

As shown in the figure, the data points are generally
distributed near the diagonal, indicating good agreement
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Figure 3. Residual plot for the Extra Trees model.

between predicted and actual values. This pattern
reflects the strong predictive performance of the Extra
Trees model, which achieved the highest R? and lowest
error metrics among all evaluated models. The clustering
of points around the diagonal suggests that the model
captures the underlying relationship between molecular
descriptors and anticoagulant activity targeting
Thrombin.

However, some deviations from the diagonal line are
observed, particularly at higher plCso values, where a few
predictions either underestimate or overestimate the
actual activity. This indicates that while the model
performs well overall, there is still some variability in
predicting compounds with extreme activity values. Such
discrepancies are common in QSAR modeling due to
structural diversity and limitations in descriptor
representation.

Figure 3 presents the residual distribution of the Extra
Trees model, where residuals (differences between
actual and predicted plCso values) are plotted against the
predicted values. The horizontal dashed line at zero
represents perfect predictions, with no error.

The residuals appear to be randomly scattered around
the zero line, indicating that the model does not exhibit
strong systematic bias across the prediction range. This
random distribution suggests that the model is well-fitted
and capable of capturing the general relationship
between molecular descriptors and anticoagulant activity
against Thrombin.

However, a slight increase in the spread is observed at
higher predicted values, indicating mild
heteroscedasticity. This means prediction errors tend to
be larger for more active compounds, a common
challenge in QSAR modeling due to increased structural
complexity or limited representation of highly active
compounds in the dataset. Additionally, a few outliers

with relatively large residuals are present, suggesting that
certain compounds are more difficult for the model to
predict accurately.

The results of this study demonstrate that ensemble
learning methods are effective for QSAR-based
prediction of anticoagulant activity targeting Thrombin.
Among the evaluated models, the Extra Trees model
consistently achieved the best performance, both before
and after hyperparameter tuning. Its ability to handle
high-dimensional descriptor space and capture nonlinear
relationships likely contributed to its superior predictive
accuracy. The strong alignment between actual and
predicted values, along with a stable residual distribution,
further supports its robustness.

Hyperparameter tuning played a significant role in
improving model performance, particularly for boosting-
based methods such as Gradient Boosting and XGBoost.
These models showed substantial gains after
optimization, highlighting their sensitivity to parameter
settings. In contrast, bagging-based methods like Extra
Trees and Random Forest demonstrated relatively stable
performance even with default configurations,
suggesting they are less dependent on extensive tuning.
This difference emphasizes the importance of selecting
appropriate models based on both performance and
computational efficiency.

Overall, the findings indicate that ensemble approaches
are well-suited for modeling complex structure-activity
relationships in  cheminformatics datasets. The
combination of diverse molecular descriptors and robust
machine learning algorithms enables reliable prediction
of biological activity. These results reinforce the value of
integrating computational modeling into early-stage drug
discovery, where accurate prediction of thrombin
inhibition can help prioritize promising compounds and
reduce experimental costs.
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Despite the promising results, this study has some
limitations. The model's performance depends on the
quality and diversity of the dataset, and using only
molecular descriptors may not fully capture all relevant
chemical and biological interactions. Additionally,
although sufficient, the dataset size may still limit the
model's ability to generalize to entirely new chemical
spaces, particularly for compounds with extreme activity
values.

Future research could focus on improving model
performance by incorporating additional data
representations, such as molecular fingerprints or graph-
based features, alongside descriptors. The use of
advanced optimization techniques, such as Bayesian
optimization or deep learning approaches, may further
enhance predictive accuracy. Moreover, external
validation on independent datasets and experimental
verification of the predicted compounds would
strengthen the applicability of the proposed models to
real-world drug discovery.

4. Conclusions

This study demonstrates the effectiveness of ensemble
machine learning approaches for QSAR-based prediction
of anticoagulant activity targeting Thrombin. Among the
evaluated models, the Extra Trees model achieved the
best overall performance, showing strong predictive
accuracy and robustness across evaluation metrics. The
results also highlight the importance of hyperparameter
tuning, particularly for boosting methods, in enhancing
model performance. Overall, the findings support the use
of ensemble learning as a reliable and efficient tool for
identifying potential thrombin inhibitors, thereby
accelerating drug discovery for thrombotic disorders.
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