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Abstract 

 

This comprehensive review explores the pivotal role of ensemble machine learning 

techniques in Quantitative Structure-Activity Relationship (QSAR) modeling for drug 

discovery. It emphasizes the significance of accurate QSAR models in streamlining 

candidate compound selection and highlights how ensemble methods, including 

AdaBoost, Gradient Boosting, Random Forest, Extra Trees, XGBoost, LightGBM, and 

CatBoost, effectively address challenges such as overfitting and noisy data. The review 

presents recent applications of ensemble learning in both classification and regression 

tasks within QSAR, showcasing the exceptional predictive accuracy of these techniques 

across diverse datasets and target properties. It also discusses the key challenges and 

considerations in ensemble QSAR modeling, including data quality, model selection, 

computational resources, and overfitting. The review outlines future directions in 

ensemble QSAR modeling, including the integration of multi-modal data, explainability, 

handling imbalanced data, automation, and personalized medicine applications while 

emphasizing the need for ethical and regulatory guidelines in this evolving field. 
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1. Introduction 

To discover new potential candidates during the drug 

design and discovery process, it is important to utilize 

efficient and reliable computational techniques [1–3]. 

One widely employed method is Quantitative Structure-

Activity Relationship (QSAR) modeling [4]. In QSAR 

modeling, mathematical models are constructed to 

establish the relationship between the structural and 

chemical characteristics of molecules and their biological 

activities [5]. 
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The importance of accurate QSAR models in drug 

discovery cannot be overstated. These models enable 

researchers to make informed decisions regarding the 

potential efficacy, safety, and toxicity of candidate 

compounds, thereby significantly reducing the time and 

resources required for experimental testing [6]. Accurate 

QSAR models also aid in the identification of lead 

compounds with desirable properties, paving the way for 

the development of innovative drugs and chemical 

solutions that can address pressing medical and 

industrial challenges [7]. 

As the pharmaceutical industry continues to grapple with 

escalating research costs and increasing pressure to 

deliver safe and effective drugs in a timely manner, the 

need for robust and accurate QSAR models has grown 

exponentially. For this purpose, machine learning 

approaches have gained prominence as a means to 

enhance the predictive performance and reliability of 

QSAR models [8, 9]. 

Machine learning is a branch of artificial intelligence (AI) 

that focuses on developing algorithms and models that 

enable computers to learn and make predictions or 

decisions without being explicitly programmed [10, 11]. It 

involves using data to train these algorithms, allowing 

them to recognize patterns, make predictions, and 

improve their performance over time [12–14]. Machine 

learning's versatility and utility have become increasingly 

apparent as it discovers innovative and impactful 

applications in various fields [15–18].  

One popular machine learning technique is ensemble 

machine learning. This technique combines multiple 

machine learning models to improve predictive accuracy 

and robustness. Instead of relying on a single model, 

ensemble techniques assemble a group of models that 

work together to make more accurate predictions, 

reduce the risk of overfitting, and enhance the overall 

performance of machine learning algorithms [19, 20]. 

Numerous studies conducted across various domains 

have consistently demonstrated the remarkable 

performance benefits of ensemble machine learning 

techniques [21–24]. 

This review aims to provide a comprehensive overview of 

ensemble machine learning techniques in QSAR-based 

drug discovery. We will delve into the fundamental 

concepts of QSAR modeling, discuss the challenges 

associated with traditional QSAR models, and elucidate 

how ensemble methods offer a promising avenue to 

address these challenges. Furthermore, we will explore 

the recent advancements and applications of ensemble 

techniques in drug discovery, highlighting their potential 

to accelerate the identification of novel drug candidates. 

2. QSAR Modeling  

2.1. Explanation of QSAR 

QSAR is a fundamental concept in drug discovery and 

computational chemistry that involves predicting the 

biological activity of chemical compounds based on their 

structural features [25]. QSAR establishes a quantitative 

link between a molecule's structure and its biological 

activity through mathematical models to help 

understand how the molecular characteristics of a 

compound influence its effectiveness as a drug candidate 

[26]. 

In drug discovery, QSAR plays an important role in 

screening and prioritizing compounds for further 

development [27, 28]. It allows researchers to identify 

molecules with the desired biological activity and 

optimize their chemical structures to enhance potency 

and selectivity. Additionally, QSAR models aid in 

predicting the toxicity and safety profiles of compounds, 

which is crucial for minimizing adverse effects during 

clinical trials [29, 30]. Overall, QSAR has become an 

indispensable tool in modern drug discovery, facilitating 

the efficient and cost-effective identification of potential 

therapeutic agents. 

QSAR tasks are typically categorized into two main types: 

classification and regression [31, 32]. Classification 

involves the prediction of discrete outcomes, such as 

whether a compound will exhibit a particular biological 

activity (e.g., active or inactive) [22]. QSAR classification 

models use machine learning algorithms to classify 

compounds into predefined categories based on their 

structural features and properties. These models are 

invaluable for early-stage drug discovery, as they help 

identify potential lead compounds and prioritize further 

experimental testing. 

On the other hand, regression tasks in QSAR deal with 

predicting continuous numerical values, often associated 

with the degree or potency of a biological response. For 

instance, researchers may use regression models to 

estimate the IC50 (half-maximal inhibitory concentration) 

or EC50 (half-maximal effective concentration) values of 

compounds, which provide quantitative measures of 

their efficacy [33]. Regression-based QSAR models 

leverage mathematical algorithms to establish a 

relationship between the structural attributes of 

molecules and their corresponding quantitative 

biological activities [34]. These models are crucial for 

optimizing drug candidates and fine-tuning their 

chemical structures to achieve the desired level of 

potency. 
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2.2. Molecular Descriptors 

Molecular descriptors are important components of 

QSAR studies that serve as the quantitative 

representations of a molecule's structural and chemical 

characteristics [35]. Molecular descriptors encompass a 

wide range of numerical values that capture various 

aspects of a molecule's structure and properties [36]. 

These descriptors can include information about 

molecular size, shape, electronic distribution, 

hydrophobicity, and many other attributes and are 

important for transforming complex molecular 

structures into numerical data that can be used in 

mathematical models [37]. 

Various specialized software tools and libraries have 

been developed to calculate molecular descriptors 

efficiently. These tools, such as Mordred [38], Dragon 

[39], RDKit [40], AlvaDesc [41], and PaDEL-descriptor [42], 

play an instrumental role in automating the process of 

descriptor calculation, saving researchers valuable time 

and ensuring accuracy. 

Molecular descriptors are used to build quantitative 

models that relate these numerical representations to 

the biological activity or property of interest. By analyzing 

the relationship between descriptors and activity data, 

QSAR models can make predictions about the activity of 

new compounds, facilitating the prioritization of potential 

drug candidates for further experimental evaluation. 

Consequently, the accurate selection and calculation of 

molecular descriptors are important in the successful 

application of QSAR techniques in drug discovery. 

The integration of feature selection methods such as 

Genetic Algorithm (GA) [43, 44], Particle Swarm 

Optimization (PSO) [45], and Recursive Feature 

Elimination (RFE) [46] further enhances the effectiveness 

of QSAR models, allowing the identification of the most 

relevant molecular descriptors, allowing for a more 

focused and precise modeling process. This ensures that 

the QSAR model is built on the most informative features, 

ultimately improving its predictive accuracy and 

interpretability. 

3. Ensemble Learning Techniques for QSAR 

Machine learning for QSAR tasks often encounters 

challenges such as overfitting, model instability, and the 

presence of noisy or incomplete data [47, 48]. These 

issues can result in unreliable predictions and reduced 

model generalization. Ensemble learning, a powerful 

technique in the machine learning toolbox, offers a 

promising solution to mitigate these problems. By 

combining multiple base models, ensemble methods can 

enhance predictive accuracy, reduce variance, and 

improve the overall robustness of QSAR models. In this 

section, we delve into various ensemble learning 

techniques. 

3.1. AdaBoost 

AdaBoost, short for Adaptive Boosting, is a powerful 

ensemble method that combines multiple weak learners 

to create a strong, accurate model. It works by assigning 

weights to each data point and adjusting these weights 

during each iteration to focus on the instances that were 

previously misclassified. Weak learners, often decision 

trees with limited depth, are trained sequentially, and 

their predictions are combined to form the final 

ensemble model. AdaBoost is particularly effective when 

dealing with complex classification problems and can 

adapt to various data distributions, making it a valuable 

tool in machine learning for improving predictive 

performance [49, 50].  

3.2. Gradient Boosting 

Gradient Boosting is a versatile ensemble method that 

builds a strong predictive model by sequentially training 

a series of decision trees [51]. Unlike AdaBoost, Gradient 

Boosting focuses on minimizing the errors made by the 

previous trees at each step. It does this by fitting new 

trees to the residuals or errors of the previous 

predictions. This iterative process helps Gradient 

Boosting gradually refine its model, making it adept at 

handling both regression and classification tasks [52]. 

3.3. Random Forest 

Random Forest is a robust and versatile algorithm that 

leverages the power of decision trees to create an 

ensemble model [53]. However, it differs from traditional 

decision tree models by constructing multiple trees 

during training. These trees are built using bootstrapped 

samples of the data, and at each node, a random subset 

of features is considered for splitting. This randomness 

helps reduce overfitting and makes Random Forest less 

susceptible to outliers [54]. The final prediction is 

obtained by aggregating the predictions of all individual 

trees, typically through majority voting for classification 

or averaging for regression. Random Forest is highly 

effective, easy to implement, and resistant to overfitting, 

making it a popular choice for a wide range of machine 

learning tasks [46, 55].  

3.4. Extra Trees 

Extra Trees, also known as Extremely Randomized Trees, 

is an advanced ensemble learning technique that extends 

the principles of Random Forest. While Random Forest 

selects the best split among a random subset of features 

at each node, Extra Trees goes a step further by making 
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completely random splits. This additional randomness 

makes Extra Trees even less prone to overfitting than 

Random Forest [56]. By building multiple randomized 

trees and combining their predictions through averaging 

(for regression) or majority voting (for classification), 

Extra Trees offers a powerful and highly robust approach 

and is useful when dealing with noisy or high-

dimensional datasets [57]. 

3.5. XGBoost 

XGBoost (Extreme Gradient Boosting) is an advanced 

gradient boosting algorithm that works by improving 

traditional gradient boosting methods with regularization 

techniques, parallel processing, and a clever optimization 

algorithm [58]. XGBoost can handle both regression and 

classification tasks and has the ability to work with 

missing data effectively. It is highly customizable, allowing 

users to fine-tune various hyperparameters to achieve 

optimal results for their specific problem. XGBoost has 

gained widespread popularity and utility in both machine 

learning competitions and real-world applications due to 

its exceptional versatility and high-performance 

capabilities [23, 59]. 

3.6. LightGBM 

LightGBM (Light Gradient Boosting Machine) is a gradient 

boosting framework developed by Microsoft. It 

distinguishes itself through its speed and efficiency, 

making it particularly well-suited for large datasets and 

high-dimensional feature spaces [60]. LightGBM employs 

a histogram-based approach to find the best splits during 

tree construction, which drastically reduces computation 

time [61]. With its impressive scalability, customizable 

options, and ability to handle categorical features 

efficiently, LightGBM has become a preferred choice for 

many data scientists and machine learning practitioners 

seeking top-tier performance in diverse applications [21, 

62, 63]. 

3.7. CatBoost 

CatBoost is a machine learning algorithm that excels in 

dealing with datasets containing categorical variables 

[64]. Unlike traditional gradient boosting methods that 

require one-hot encoding or other preprocessing 

techniques for categorical features, CatBoost can work 

directly with such data [65]. It employs a technique called 

ordered boosting, which optimizes the order of 

categorical features during tree construction, reducing 

overfitting and improving predictive accuracy. 

Additionally, CatBoost incorporates robust handling of 

missing values and offers efficient GPU support for 

accelerated training. Its ease of use and exceptional 

performance on a wide range of tasks have made 

CatBoost a valuable tool in the machine learning toolkit, 

especially for those dealing with real-world datasets rich 

in categorical information [24, 66]. 

4. Applications of Ensemble Learning in QSAR 

In this study, we conducted a literature review spanning 

the last five years, with a specific focus on the application 

of ensemble learning techniques in QSAR for drug 

discovery.   

4.1. Classification Task 

Table 1. provides a comprehensive overview of recent 

applications of ensemble machine learning techniques in 

QSAR for classification tasks. Ensemble methods, such as 

Random Forest, XGBoost, AdaBoost, and Gradient 

Boosting, have consistently demonstrated their prowess 

in improving predictive accuracy when compared to 

individual machine learning models. These ensemble 

approaches have been applied to tackle a diverse range 

of challenges, from predicting drug interactions with 

specific protein targets like Beta secretase 1 or Bruton's 

tyrosine kinase to understanding the behavior of viral 

proteins in diseases like Plasmodium falciparum or SARS-

Cov-2. 

Notably, XGBoost stands out as a recurrently successful 

ensemble method, consistently achieving high accuracy 

rates across multiple studies. In the context of Bruton's 

tyrosine kinase inhibitor prediction, for instance, XGBoost 

achieved an exceptional accuracy rate of 94.1%, 

surpassing all other machine learning models. In addition 

to XGBoost, Random Forest has also proven to be a 

formidable choice, particularly in applications related to 

drug discovery. These ensemble techniques harness the 

collective intelligence of multiple base models, allowing 

them to capture complex relationships within the data 

and enhance predictive performance. 

Furthermore, the table underscores the importance of 

selecting the most suitable ensemble method for each 

specific problem. Different datasets and target proteins 

may benefit from distinct ensemble strategies, as 

evidenced by the variations in model performance across 

studies. As machine learning continues to play a pivotal 

role in advancing drug discovery and molecular biology, 

the effective utilization of ensemble methods remains a 

promising avenue for improving the accuracy and 

reliability of predictive models in these critical domains. 

4.2. Regression Task 

Table 2. presents the application of ensemble methods 

for regression tasks in QSAR for drug discovery. In these 

studies, Random Forest consistently emerges as a 

powerful ensemble method, demonstrating its versatility 



Infolitika Journal of Data Science, Vol 1, No 1, 2023 

 Page | 36  
 

Table 1. Application of ensemble machine learning model in QSAR for classification task. 

Method Year Dataset Findings Ref. 

SVM, KNN, Random Forest, 

XGBoost 

2019 Plasmodium 

falciparum 

the XGBoost model achieved an accuracy rate of 86.00%, 

outperforming all machine learning models. 

[67] 

Random Forest, AdaBoost, 

Extra Trees 

2020 Dengue virus NS3 

protein 

The Extra Trees model achieved the highest performance 

with an accuracy score of 73.00%, outperforming other 

machine learning models. 

[68] 

Naïve Bayesian, KNN, SVM, 

Random Forest, XGBoost 

2021 Beta secretase 1 Random Forest and XGBoost achieved F1-score of 87.00%, 

respectively 

[69] 

Random Forest, XGBoost, 

Naïve Bayesian, SVM, ANN 

2022 SARS-Cov-2 The XGBoost model achieved an accuracy rate of 84.50%, 

exceeding the accuracy levels of all other machine learning 

models. 

[70] 

Random Forest, XGBoost, 

Decision Tree, QDA, KNN, SVM, 

LDA, LR, Naïve Bayesian, ANN 

2022 3CLPro-protease 

inhibitor 

XGBoost and Random Forest achieved the highest accuracy 

compared to the other machine learning models. 

[71] 

AdaBoost, Extra Trees, 

Gradient Boosting, Random 

Forest, 

2023 Beta secretase 1 

inhibitor 

The Random Forest model attained an accuracy of 82.53%, 

surpassing the accuracy of all other machine learning 

models. 

[72] 

Random Forest, Gradient 

Boosting, LightGBM, XGBoost, 

Extra Trees 

2023 Androgen receptor The Extra Trees model achieved an accuracy of 73.50%, which 

was the highest among all the other machine learning 

models. 

[73] 

LightGBM 2023 Acetylcholinesterase 

inhibitor 

The LightGBM model achieved an accuracy of 82.47% [62] 

AdaBoost, Gradient Boosting, 

Random Forest 

2023 Diacylglycerol 

Acyltransferase-1 

inhibitor 

The gradient boosting model attained the highest accuracy of 

80.00% compared to the other machine learning models. 

[74] 

Random Forest, XGBoost 2023 Bruton’s tyrosine 

kinase inhibitor 

The XGBoost model attained an accuracy of 94.1%, 

surpassing all other machine learning models in terms of 

performance. 

[75] 

LightGBM, XGBoost 2023 Hepatitis C NS5B 

protein 

The combination of LightGBM and XGBoost achieved the 

highest accuracy of accuracy of 85.07% compared to the 

individual model. 

[76] 

Table 2. Application of ensemble machine learning model in QSAR for regression task. 

Ensemble Method Year Dataset Findings Ref. 

Decision Tree, SVM, DNN, 

Random Forest  

2019 Janus kinase 2 Random Forest achieved the highest R2 of 0.74 compared to 

the other machine learning models. 

[77] 

Linear Regression, Random 

Forest, SVM 

2019 5-lipoxygenase 

inhibitors 

Random Forest achieved the highest R2 of 0.93 compared to 

the other machine learning models. 

[78] 

SVM, Random Forest, ANN, 

KNN, Deep Learning, Linear 

Regression 

2020 p38α mitogen-

activated protein 

kinase inhibitors 

Random Forest achieved the highest R2 of 0.82 compared to 

the other machine learning models. 

[79] 

XGBoost  2020 Dipeptidyl 

peptidase-4 

XGBoost achieved the highest R2 of 0.94 [80] 

Random Forest 2021 STAT3 Random Forest achieved an R2 of 0.886 [81] 

Random Forest 2022 Hepatitis C NS5B 

inhibitors 

Random Forest achieved the highest R2 of 0.73 [33] 

Catboost, LightGBM, XGBoost 2023 p-glycoprotein 

inhibitors 

Catboost, LightGBM, and XGBoost achieved R2 of 0.97, 

respectively 

[82] 

XGBoost 2023 Kirsten rat sarcoma 

viral G12C 

XGBoost achieved an R2 of 0.76 [83] 

 

and robustness across different datasets and target 

variables. For instance, in the context of Janus kinase 2 

prediction, Random Forest achieved an impressive R2 

value of 0.74, while in the study of 5-lipoxygenase 

inhibitors, it achieved an exceptionally high R2 of 0.93. 

Random Forest also performed well in predicting the 

activity of STAT3, Hepatitis C NS5B inhibitors, and other 

targets, further highlighting its reliability in regression 

tasks. 

XGBoost, another ensemble technique, also showcased 

its prowess in several instances. For example, in the 

prediction of Dipeptidyl peptidase-4 activity, XGBoost 

achieved an outstanding R2 of 0.94. Similarly, in the case 

of Kirsten rat sarcoma viral G12C prediction, XGBoost 

achieved a commendable R2 of 0.76. 

Moreover, the table introduces the effectiveness of 

newer ensemble methods, such as CatBoost and 
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LightGBM, which demonstrated their promise in 

modeling p-glycoprotein inhibitors with an R2 of 0.97 

each. This suggests that the ensemble landscape for 

regression tasks is continually evolving, with emerging 

methods offering competitive performance. 

These findings collectively underscore the significance of 

ensemble methods in regression-based drug discovery 

and molecular biology research. The selection of the 

most suitable ensemble method often depends on the 

specific dataset and target property under investigation, 

emphasizing the importance of tailoring the modeling 

approach to the unique characteristics of each problem. 

As regression tasks continue to play a pivotal role in 

understanding molecular interactions and designing 

novel drugs, the application of ensemble techniques 

remains a valuable strategy for enhancing predictive 

accuracy and advancing scientific discovery. 

5. Challenges and Considerations in Ensemble QSAR 

Modeling 

Ensemble QSAR modeling, while a powerful approach for 

enhancing predictive accuracy, has its challenges and 

considerations. In this section, we explore some of the 

key issues that researchers and practitioners must 

address when employing ensemble techniques in QSAR 

modeling. 

5.1. Data Quality and Preprocessing 

Ensemble models are sensitive to the quality and 

preprocessing of input data. Challenges arise when 

dealing with noisy, incomplete, or biased datasets. Data 

preprocessing, including feature selection, handling 

missing values, and addressing class imbalance, becomes 

critical to ensure the effectiveness of ensemble 

techniques [84, 85]. 

5.2. Model Selection and Hyperparameter Tuning 

Choosing the right ensemble algorithm and configuring 

its hyperparameters can be a complex task. Different 

ensemble methods may perform better on specific 

datasets or for particular QSAR problems. Additionally, 

tuning the hyperparameters for each base model within 

the ensemble requires careful consideration to achieve 

optimal results [86]. 

5.3. Computational Resources 

Many ensemble techniques, especially gradient boosting 

methods like XGBoost and LightGBM, can be 

computationally intensive [87]. Training multiple models 

in parallel or sequentially may require substantial 

computational resources and time, making it essential to 

balance model complexity with available resources. 

5.4. Overfitting 

Ensemble models, if not appropriately regularized or if 

the base models are too complex, can be susceptible to 

overfitting. Overfit models perform well on training data 

but poorly on unseen data, undermining the 

generalization ability of the ensemble [88]. Regularization 

techniques and cross-validation are crucial for mitigating 

overfitting risks [89, 90]. 

6. Future Directions in Ensemble QSAR Modeling 

Ensemble QSAR modeling, a robust approach for 

improving predictive accuracy in drug discovery and 

molecular modeling, is poised for significant 

advancements in the future. One promising direction is 

the integration of multi-modal data, encompassing 

molecular structures, omics data, and clinical 

information, to provide a more comprehensive 

understanding of drug-target interactions and enhance 

prediction accuracy [91]. Additionally, the fusion of 

traditional ensemble methods with deep learning 

approaches offers exciting prospects, combining the 

representation learning capabilities of deep models with 

the reliability of ensembles [92]. 

In order to get more interpretable models, the 

development of explainable ensemble techniques will 

remain a priority. These models will elucidate the 

contributions of individual models within the ensemble, 

addressing regulatory compliance and facilitating 

decision-making in drug development [93, 94]. 

Leveraging transfer learning and pre-trained models will 

reduce the computational cost of training ensembles and 

accelerate model development, particularly for 

specialized QSAR tasks. 

Furthermore, ensemble QSAR models are expected to 

play a pivotal role in real-time drug discovery and 

personalized medicine [95]. Tailoring drug 

recommendations and treatment plans to individual 

patients' genetic and molecular profiles will rely on highly 

accurate and adaptable ensemble models [96]. As the 

field advances, ethical and regulatory considerations will 

also become increasingly significant, necessitating the 

establishment of guidelines to ensure fairness, 

transparency, and accountability in model development 

and deployment.  

7. Conclusion 

In summary, this review paper highlights the significant 

role of ensemble machine learning techniques in 

advancing QSAR modeling for drug discovery. These 

methods offer enhanced predictive accuracy and 

robustness, addressing challenges in traditional QSAR 
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models. Recent applications demonstrate their success in 

providing higher performance compared to classic 

machine learning models. However, challenges such as 

data quality, model selection, and overfitting must be 

carefully managed. The future promises the integration 

of multi-modal data, explainable models, and 

personalized medicine applications. Ensemble QSAR 

modeling remains a vital tool in accelerating drug 

discovery and addressing medical challenges. 
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