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Abstract 

Thrombin, a key enzyme in the blood coagulation process, is an important target in the development 
of anticoagulant therapies. This study proposes an efficient and accurate quantitative structure–
activity relationship (QSAR) modeling framework that combines the XGBoost algorithm with the 
Successive Halving (SH) method for hyperparameter optimization. A dataset of 3,145 compounds 
was collected from the ChEMBL database, and molecular descriptors were generated using the 
Mordred calculator. After preprocessing and feature selection, the SH-tuned XGBoost model 
achieved the highest performance, with an accuracy of 85.69%, F1-score of 80.93%, and ROC-AUC 
of 0.917. Compared to baseline and Random Search-tuned models, the SH-tuned model 
demonstrated superior predictive accuracy and significantly reduced training time. Confusion 
matrix analysis confirmed the model’s strong sensitivity and balanced classification of active and 
inactive compounds. These results illustrate the effectiveness of combining gradient boosting with 
efficient hyperparameter optimization for virtual screening. The proposed framework reduces 
computational cost without compromising model quality and can support early-stage drug 
discovery. Future extensions may include regression modeling, expanded datasets, and integration 
of biological or pharmacokinetic data to further improve performance and applicability. 

Keywords: Classification; Drug discovery; Hyperparameter optimization; QSAR modeling; 
Virtual screening 

1. Introduction
The growing prevalence of thrombotic disorders, including stroke and deep vein

thrombosis, has intensified the demand for effective anticoagulant therapies [1,2]. 
Thrombin, a key enzyme in the blood coagulation cascade, remains a prime target 
for the development of novel therapeutic agents [3]. Traditional drug discovery 
approaches are often time-consuming and costly, prompting researchers to 
increasingly turn to computational methods to streamline the identification and 
optimization of thrombin inhibitors [4,5]. Among these approaches, quantitative 
structure–activity relationship (QSAR) modeling has emerged as a powerful tool, 
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leveraging molecular descriptors to predict the biological activity of chemical 
compounds [6]. 

QSAR modeling relies on the fundamental principle that a compound’s chemical 
structure determines its biological activity [7]. Over the years, machine learning 
techniques have significantly enhanced QSAR models by improving prediction 
accuracy and enabling the analysis of complex, high-dimensional data. Among the 
many algorithms available, ensemble learning methods, particularly gradient 
boosting frameworks, have gained popularity due to their robustness and 
performance [8]. However, efficient model selection and hyperparameter tuning 
remain challenging, especially when dealing with large chemical datasets and 
numerous molecular descriptors. 

Despite the advancements in machine learning-based QSAR modeling, the 
process of identifying optimal model configurations often requires extensive 
computational resources and time-consuming cross-validation [9,10]. Traditional 
grid or random search methods for hyperparameter tuning can be inefficient, 
especially when applied to large datasets with thousands of potential descriptor 
combinations [11]. This inefficiency poses a significant barrier to the rapid and 
scalable development of predictive models for drug discovery, particularly in 
scenarios demanding both high accuracy and speed, such as virtual screening of 
thrombin inhibitors. 

To address these challenges, this study proposes an efficient QSAR modeling 
framework for thrombin inhibitors that integrates the Extreme Gradient Boosting 
(XGBoost) algorithm with the Successive Halving (SH) technique for 
hyperparameter optimization. XGBoost is a high-performance ensemble method 
known for its predictive accuracy and scalability [12,13], while SH is a resource-
efficient tuning strategy that quickly eliminates underperforming configurations 
[14]. By combining these tools, the proposed approach aims to significantly reduce 
computational cost without compromising model quality, thereby accelerating the 
drug discovery process. 

This paper demonstrates that the integration of XGBoost with SH enables the 
development of highly accurate and computationally efficient QSAR models for 
predicting thrombin inhibitory activity. Through rigorous evaluation on benchmark 
datasets, the proposed method outperforms traditional approaches in both speed and 
predictive performance. These findings highlight the potential of advanced machine 
learning and optimization techniques to streamline early-stage drug discovery and 
offer a scalable solution for modeling complex biological activities. 
 
2. Methods 
 
2.1. Data Collection 

The dataset for this study was obtained from the ChEMBL database [15], 
specifically targeting the Thrombin protein (CHEMBL204) and associated IC50 
values. Compounds with missing IC50 data were excluded to ensure data quality. 
For compounds with multiple IC50 entries, the median value was used to obtain a 
consistent measurement [16]. Compounds with IC50 values greater than or equal to 
1000 nM were labeled as active, while those with lower values were labeled as 
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inactive [17]. After preprocessing, the final dataset comprised 3,145 unique 
compounds, each assigned a binary activity label suitable for machine learning 
classification. 

The dataset was then split into training and testing sets using an 80:20 stratified 
split to preserve the original class distribution. A summary of the class distribution 
across the full dataset, training set, and test set is presented in Table 1. 

Table 1. Class Distribution Summary 

Dataset Active 
(Count) 

Active 
(%) 

Inactive 
(Count) 

Inactive 
(%) 

Total 
Samples 

Full 1101 35.01% 2044 64.99% 3145 
Train 887 35.25% 1629 64.75% 2516 
Test 214 34.02% 415 65.98% 629 

 
2.2. Molecular Descriptors Calculation 

To represent the chemical structure of each compound numerically for machine 
learning, molecular descriptors were used as features. Molecular descriptors are 
quantitative representations of molecular properties derived from a compound's 
structure, capturing information such as topology, geometry, atom types, and 
electronic properties [18]. These descriptors were calculated for each compound 
using the Mordred descriptor calculator, which generates a wide range of two-
dimensional and three-dimensional descriptors [19]. To enhance model 
performance and reduce redundancy, descriptors with a variance lower than 0.1 
were removed, as they provide little discriminative power [20]. Additionally, 
descriptors with a pairwise Pearson correlation greater than 0.80 were excluded to 
avoid multicollinearity, which can distort model interpretation and learning [21]. 
After filtering, a final set of 309 molecular descriptors was retained for model 
training. 
 
2.3. XGBoost Model 

To classify potential drug candidates for cardiovascular applications, the 
XGBoost algorithm was employed due to its proven efficiency, scalability, and 
exceptional performance in structured data scenarios. XGBoost is a powerful 
ensemble learning technique based on gradient-boosted decision trees. It operates 
by building an additive model in a forward stage-wise fashion, where each new tree 
corrects the residual errors of the previous ensemble. This sequential learning 
approach allows the model to focus increasingly on difficult-to-predict instances, 
improving overall predictive accuracy [12,22]. 

One of XGBoost’s key advantages lies in its incorporation of both L1 (Lasso) 
and L2 (Ridge) regularization, which helps reduce model complexity and prevent 
overfitting. Additionally, XGBoost supports parallel and distributed computing, 
enabling faster training times even on large-scale datasets, which is essential in the 
context of drug discovery, where high-throughput screening data can be substantial 
[23]. These features make XGBoost an ideal choice for robust and scalable drug 
candidate screening pipelines in cardiovascular drug development. 
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2.4. Successive Halving 

To optimize model performance, hyperparameter tuning was conducted using the 
Successive Halving (SH) algorithm, a resource-efficient and scalable method for 
hyperparameter optimization. SH is particularly effective when evaluating 
computationally expensive configurations, as it balances exploration of a wide 
search space with exploitation of the most promising candidates [24]. 

The SH algorithm operates by evaluating a large number of hyperparameter 
configurations using a small amount of computational budget. After each evaluation 
round, a fixed proportion of the worst-performing configurations is discarded, and 
the remaining configurations receive an increased budget for further evaluation. 
This process is repeated iteratively until only the top-performing configurations 
remain [25]. 

Mathematically, given a total computational budget 𝑩𝑩, number of configurations 
𝑛𝑛, and a minimum resource 𝑟𝑟, the SH algorithm allocates resources as shown in 
Equation 1: 

 
𝐹𝐹𝐹𝐹𝐹𝐹 𝑖𝑖 = 0,1, … , �𝑙𝑙𝑙𝑙𝑙𝑙𝜂𝜂(𝑛𝑛)�:  𝑛𝑛𝑖𝑖 = �

𝑛𝑛
𝜂𝜂𝑖𝑖
� ,  𝑟𝑟𝑖𝑖 = 𝜂𝜂𝑖𝑖𝑟𝑟 (1) 

 
where η is the reduction factor, 𝑛𝑛 is the initial number of configurations, 𝑟𝑟 is the 

minimum allocated resource, 𝑛𝑛𝑖𝑖 is the number of configurations in round 𝑖𝑖, and 𝑟𝑟𝑖𝑖 
is the resource per configuration in round 𝑖𝑖. This approach ensures that 
computational resources are concentrated on high-potential configurations while 
maintaining efficiency by quickly eliminating underperformers. 

The specific hyperparameter search ranges used during tuning are detailed in 
Table 2. These ranges were selected based on prior literature and empirical 
experimentation to balance model complexity, generalization, and convergence 
speed. 
 

Table 2. XGBoost hyperparameter grid 

No. Hyperparameter Range Description 

1 learning_rate 0.001 
– 0.3 

Step size shrinkage used to prevent 
overfitting 

2 max_depth 3 – 19 Maximum depth of each tree 

3 subsample 0.5 – 
1.0 

Fraction of training data used for each 
boosting round 

4 colsample_bytree 0.5 – 
1.0 

Fraction of features used when constructing 
each tree 

5 gamma 0 – 5 Minimum loss reduction required to make a 
split 

6 reg_alpha 0 – 5 L1 regularization term on weights 
7 reg_lambda 0 – 5 L2 regularization term on weights 
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2.5. Performance Evaluation 
The performance of the trained XGBoost model with hyperparameters optimized 

via SH was compared against two baseline models: a default XGBoost model 
without tuning and an XGBoost model tuned using Random Search, using the same 
hyperparameter ranges defined in Table 2. All models were evaluated on a 
consistent test set. The following metrics were used to assess model performance: 
accuracy, precision, sensitivity (recall), specificity, and F1-score [26]. These 
metrics are defined in Equations 2–5: 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 (2) 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (3) 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅) =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (4) 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (5) 

 

𝐹𝐹1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ⋅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ⋅ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 (6) 

 
Where TP is the number of true positives, TN is the number of true negatives, FP 

is the number of false positives, and FN is the number of false negatives. 
In addition to these metrics, this study also calculated and visualized the Receiver 

Operating Characteristic - Area Under the Curve (ROC-AUC), which provides an 
aggregate measure of performance across all classification thresholds. 

 
3. Results and Discussion 

The XGBoost model optimized using SH was successfully trained and 
demonstrated the strongest overall performance in this study. The detailed 
evaluation results are presented in Table 3. The SH-tuned model achieved the 
highest accuracy at 85.69%, with excellent scores across all key metrics: precision 
(76.71%), sensitivity (85.65%), specificity (85.71%), and F1-score (80.93%). This 
indicates that the model was highly effective at distinguishing between active and 
inactive compounds. Furthermore, it completed training in just 13.3 seconds, 
highlighting its computational efficiency. 

In comparison, the Randomized Search (RF) tuned model also improved upon 
the baseline, achieving 83.94% accuracy and an F1-score of 77.40%, but required a 
significantly longer training time (73.3 seconds). While effective, it offered a less 
favorable balance between performance and efficiency than SH. 
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The baseline XGBoost model, trained with default hyperparameters and no 
tuning, achieved an accuracy of 82.03% and an F1-score of 74.49%, with very low 
training time (0.14 seconds). Although it performed reasonably well, its predictive 
power was lower than the tuned models. 

 
Table 3. Performance comparison of the baseline XGBoost model and tuned 

variants using Randomized Search (RF) and Successive Halving (SH) 
 

Model Time 
(s) 

Accuracy 
(%) 

Precision 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

F1-
score 
(%) 

XGboost 
(Base) 0.14 82.03 75.00 73.99 86.45 74.49 

XGBoost + 
RF 73.3 83.94 77.23 77.58 87.44 77.40 

XGBoost + 
SH 13.3 85.69 76.71 85.65 85.71 80.93 

 
Figure 1 illustrates the confusion matrices for the three XGBoost models 

evaluated in this study. These matrices provide a visual summary of each model’s 
ability to correctly classify active and inactive compounds. 

The baseline model correctly predicted 165 active and 351 inactive compounds. 
However, it misclassified 58 active compounds as inactive (false negatives) and 55 
inactive compounds as active (false positives). This indicates a tendency to 
underpredict active compounds, which can be problematic in a drug screening 
where identifying actives is crucial. 

The Randomized Search-tuned model showed improved performance over the 
baseline. It correctly classified 173 active and 355 inactive compounds, reducing 
false negatives to 51 and false positives to 50. This reflects a better balance between 
sensitivity and specificity, suggesting that hyperparameter tuning helps the model 
generalize more effectively. 

The SH-tuned model demonstrated the best performance. It correctly identified 
191 active and 348 inactive compounds. False negatives dropped substantially to 
32, highlighting the model’s strong sensitivity in detecting active compounds. 
Although the number of false positives slightly increased to 58, the overall 
classification results were more balanced, aligning with this model’s highest F1-
score and accuracy. 
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(a) (b) 

 
(c) 

Figure 1. Confusion matrices of XGBoost models: (a) baseline without tuning, 
(b) tuned with Randomized Search (RF), and (c) tuned with Successive 

Halving (SH) 

These confusion matrices support the conclusion that the SH-tuned model 
provides the most effective classification, particularly in terms of correctly 
identifying active compounds with minimal compromise in specificity. 

Figure 2 presents the ROC (Receiver Operating Characteristic) curves for the 
three XGBoost models. The baseline model achieved an AUC (Area Under the 
Curve) of 0.885, indicating strong classification ability. However, both tuning 
approaches improved upon this result. The RS-tuned model increased the AUC to 
0.905, showing enhanced capability in distinguishing active from inactive 
compounds. The best performance was again observed with the SH-tuned model, 
which achieved the highest AUC of 0.917, reflecting superior overall classification 
performance. 
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Figure 2. ROC curves for the XGBoost models: baseline (blue), tuned with 
Randomized Search (orange), and tuned with Successive Halving (green) 

 
This study demonstrates the effectiveness of combining the XGBoost algorithm 

with SH for optimizing QSAR models aimed at predicting thrombin inhibitory 
activity. The SH-tuned XGBoost model not only achieved the highest performance 
across all evaluated metrics, including accuracy, F1-score, and ROC-AUC, but also 
did so with a significantly reduced computational cost compared to traditional 
hyperparameter tuning methods like Randomized Search. 

The superior performance of the SH-tuned model can be attributed to the 
efficiency of SH in exploring a wide hyperparameter space while eliminating 
suboptimal configurations early in the process. This approach allowed for a faster 
convergence to optimal model parameters without exhaustive searches, which is 
particularly advantageous in drug discovery tasks where time and computational 
resources are limiting factors. Importantly, the enhanced sensitivity (recall) of the 
SH-tuned model highlights its utility in minimizing false negatives, critical in 
virtual screening applications where missing a potential active compound could 
hinder downstream drug development efforts. 

Despite these promising results, several limitations should be acknowledged. 
First, while the dataset used from ChEMBL was curated and filtered for quality, it 
still represents a relatively small portion of the chemical space relevant to thrombin 
inhibition. The final dataset, though balanced for a binary classification task, may 
not fully capture the structural diversity and complexity of all potentially bioactive 
molecules. Moreover, IC50 values were converted to binary classes based on a fixed 
threshold (1000 nM), which could oversimplify the gradient of biological activity 
and obscure nuanced structure–activity relationships. 

Additionally, while Mordred descriptors offer comprehensive molecular 
characterization, the exclusion of low-variance and highly correlated descriptors 
might inadvertently eliminate features with subtle but meaningful contributions to 
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model performance. The study also focused exclusively on XGBoost; alternative 
ensemble methods or deep learning architectures could be explored for further 
improvements. 

In terms of future work, expanding the dataset to include more diverse and newly 
identified thrombin inhibitors would enhance the model's generalizability. 
Incorporating continuous regression models alongside classification approaches 
may offer a more nuanced understanding of activity trends. Furthermore, combining 
SH with multi-objective optimization strategies could simultaneously balance 
predictive performance with interpretability or domain-specific constraints. 

Integration of more biologically relevant features, such as docking scores, 
physicochemical properties, or ADMET (absorption, distribution, metabolism, 
excretion, and toxicity) profiles, could also be explored to create a more holistic 
prediction framework. Lastly, deploying the optimized models in a real-time virtual 
screening pipeline could validate their practical utility and guide experimental 
validation efforts in early-stage drug discovery. 

 
4. Conclusion 

This study presents an efficient and accurate QSAR modeling framework for 
thrombin inhibitor screening by integrating the XGBoost algorithm with the SH 
method for hyperparameter optimization. The SH-tuned model outperformed both 
the default and Randomized Search-tuned variants in terms of predictive accuracy, 
sensitivity, and computational efficiency, demonstrating its potential for scalable 
virtual screening applications. By significantly reducing the time and resources 
required for model tuning without sacrificing performance, this approach offers a 
valuable tool for accelerating early-stage drug discovery and supports the broader 
adoption of machine learning in pharmaceutical research. 
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