
		
			
				
					
				
			

			
				
					Trop J Nat Prod Res, August 2025; 9(8): 3784 - 3793  

					ISSN 2616-0684 (Print)  

					ISSN 2616-0692 (Electronic)  

					Tropical Journal of Natural Product Research  

					Available online at https://www.tjnpr.org  

					Original Research Article  

					Enhancing Quantitative Structure–Activity Relationship Predictive Power and  

					Explainability: Meta-Modeling and Shapley Additive Explanations Feature  

					Importance Analysis for Drug Discovery  

					Ardo Sanjaya 1,2*, Hana Ratnawati2,3, Nathanael A. Mianto1, Keyshia V. Camillo4, Aryo Tedjo5,6, Wisnu A. Kusuma 7,8  

					1Department of Anatomy, Faculty of Medicine, Maranatha Christian University, Bandung, 40164, Indonesia  

					2Biomedical Research Laboratory, Faculty of Medicine, Maranatha Christian University, Bandung, 40164, Indonesia  

					3Department of Histology, Faculty of Medicine, Maranatha Christian University, Bandung, 40164, Indonesia  

					4Undergraduate Program in Medicine, Faculty of Medicine, Maranatha Christian University, Bandung, 40164, Indonesia  

					5Department of Medical Chemistry, Faculty of Medicine, Universitas Indonesia, Jakarta, 10430, Indonesia  

					6Bioinformatics Core Facilities - IMERI, Faculty of Medicine, Universitas Indonesia, Jakarta, 10430, Indonesia  

					7Bioinformatics Study Program, Faculty of Mathematics and Natural Science, IPB University, Bogor, 16680, Indonesia  

					8Tropical Biopharmaca Research Center, Institute of Research and Community Empowerment, IPB University, Bogor, 16128, Indonesia  

					ABSTRACT  

					ARTICLE INFO  

					Quantitative structure-activity relationship (QSAR) modeling plays a crucial role in drug  

					discovery by predicting biological endpoints based on molecular structure. Existing studies lack  

					consensus on the optimal fingerprint, and many function as black boxes with limited  

					explainability. This study addresses these gaps by integrating multiple fingerprints through meta-  

					modeling and applying SHAP analysis to enhance prediction accuracy and interpretability. The  

					performance of several fingerprints was evaluated across ten proteins to predict pIC50.  

					Concordance analysis using the Concordance Correlation Coefficient (CCC) was used to evaluate  

					prediction agreement and reproducibility. Shapley Additive exPlanations (SHAP) analysis was  

					used to analyze the feature importance of the molecular substructure in the base model and  

					fingerprint importance in the meta-model. A streamlit web application was developed to  

					demonstrate prediction and feature importance visualization. No fingerprints showed superiority  

					over the others. Concordance analysis showed high agreement with CCC values above 0.98,  

					reflecting high prediction reproducibility. Meta models combining Morgan6 and other fingerprints  

					outperformed individual models in 7 protein targets. SHAP analysis revealed that fingerprint  

					importance is context-dependent on the target proteins. The web application demonstrated the  

					importance of identifying critical substructures using a case study in Donepezil. Although  

					fingerprints modeled different aspects of the molecule, they have similar performance. The  

					fingerprints showed high predictive reproducibility and agreement. This study demonstrates that  

					while individual molecular fingerprints offer comparable predictive performance, integrating  

					them through meta-modeling enhances prediction accuracy and interpretability. Combined with  

					SHAP-based fingerprint importance analysis, the study provides a reproducible and explainable  

					QSAR framework that advances data-driven drug discovery.  
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					At its core, QSAR modeling is employed to generate mathematical  

					models capable of predicting biological and toxicological properties,  

					Introduction  

					Ligand-based drug design methods, including quantitative structure–  

					activity relationship (QSAR) modeling, have been recognized as  

					fundamental components of virtual screening strategies in drug  

					discovery, enabling the efficient evaluation of large molecular libraries.  

					This approach was first introduced 50 years ago by Hansch and Fujita.1  

					such as IC₅₀, EC₅₀, and various toxicity endpoints, through the  

					application of regression and classification techniques.2,3 These  

					mathematical models utilize molecular descriptors and fingerprints to  

					characterize chemical structures.4–6 Such descriptors and fingerprints  

					serve as inputs for various algorithms designed to correlate structural  

					information with biological properties. Consequently, the predictive  

					performance of these models is partly dependent on the molecular  

					descriptors or fingerprints used as inputs, as well as the quality of the  

					underlying data.7 Numerous fingerprint types are currently available,  

					each representing a distinct set of structural information for a given  

					molecule.7,8 Although QSAR modeling has become an indispensable  

					tool for screening extensive molecular libraries, the selection of  

					molecular fingerprints plays a pivotal role in influencing the predictive  

					accuracy of the model. In recent decades, QSAR modeling has  

					progressed from simple linear regression to sophisticated machine-  

					learning-based approaches, which offer the advantage of handling large  

					datasets.9–12 These methodological advances have facilitated the  

					development of more precise models but have also introduced  

					challenges, such as reproducibility and input selection. Various  
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					molecular fingerprints have been developed to capture unique structural  

					and chemical characteristics. These fingerprints are generally classified  

					into structural keys, such as MACCS13 and PubChem fingerprints,14 and  

					the so-called true fingerprints, including Atom Pairs15 and Circular  

					Fingerprints.16 Structural keys typically rely on predefined patterns and  

					are highly context-specific, often depending on the databases from  

					which they are derived. Conversely, true fingerprints can provide  

					comprehensive representations of molecular substructures.8,17,18  

					each incorporating distinct fingerprint representations to yield a final  

					prediction. This technique has demonstrated the potential to improve  

					predictive accuracy across diverse real-world scenarios. Kwon et al.  

					applied ensemble learning to enhance the classification performance on  

					several real-world toxicological datasets.24–26 Their findings indicated  

					that combining machine-learning models led to significant  

					improvements over individual base models, although statistical  

					validation was not conducted to confirm these differences.  

					Despite the diversity of available fingerprints, a comprehensive  

					comparison has yet to be conducted to evaluate their performance in  

					predicting potency parameters, such as IC₅₀. Studies have  

					predominantly focused on classification tasks within pharmacokinetics  

					and have shown limited generalizability to QSAR and drug potency  

					prediction.19–22 A recent study by Orosz et al.18 compared several  

					fingerprints and descriptors for ADME-Tox predictions. However, this  

					study did not assess the ability of these descriptors or fingerprints to  

					predict potency. Furthermore, the reproducibility of machine-learning-  

					based QSAR models remains a concern, as it is unclear whether  

					consistent evaluation metrics translate into comparable predictive  

					outcomes. This uncertainty presents a challenge when selecting the  

					most appropriate fingerprint for a specific application.  

					Given that these fingerprints represent distinct structural  

					representations of molecules, combining them may offer a more  

					comprehensive molecular representation, thereby enhancing predictive  

					performance. This rationale is supported by previous research that has  

					improved traditional QSAR models using transfer or ensemble  

					learning.10,17 Transfer learning involves the use of models derived from  

					large, publicly available datasets and the subsequent application—or  

					“transfer”—of learned knowledge to a new, typically smaller dataset.  

					Cai et al. (2020) investigated this approach and emphasized its utility  

					for datasets characterized by limited sample sizes.23 Another strategy,  

					ensemble learning, integrates predictions from multiple base models,  

					The predictive performance of various fingerprints in QSAR modeling,  

					using IC₅₀ as the primary endpoint, was systematically assessed to  

					address these research gaps. Multiple machine-learning algorithms  

					were implemented, and a concordance analysis was conducted to  

					evaluate the level of agreement among the models derived from  

					different fingerprints, thereby assessing fingerprint reproducibility. In  

					addition, models integrating predictions from multiple fingerprints were  

					examined for their potential to improve predictive performance.  

					The contribution of each fingerprint is quantified using feature  

					importance analysis, providing  

					a

					comprehensive evaluation of  

					fingerprint effectiveness in the context of drug discovery. It is  

					anticipated that the findings of this study will support the identification  

					of the most suitable fingerprints for QSAR modeling, facilitate the  

					advancement of virtual screening strategies, and enhance the overall  

					drug discovery workflow.  

					Materials and Methods  

					Biological activity data were obtained from the ChEMBL database  

					(https://www.ebi.ac.uk/chembl/), focusing on proteins selected to  

					represent various protein classes. These proteins were selected as  

					representative potential drug targets in the human body. The list of  

					proteins is shown in Table 1.  

					Table 1: Protein Targets used in this research.  

					No  

					ChEMBL ID  

					Protein Name  

					Classification  

					1

					CHEMBL262  

					Glycogen synthase kinase-3 beta  

					Protein Kinase  

					2

					3

					4

					CHEMBL2971  

					CHEMBL220  

					CHEMBL230  

					Tyrosine-protein kinase JAK2  

					Acetylcholinesterase  

					Protein Kinase  

					Enzymes - Hydrolase  

					Enzymes - Oxidoreductase  

					Family A G Protein-coupled  

					Receptor  

					Cyclooxygenase-2  

					5

					6

					CHEMBL217  

					CHEMBL210  

					Dopamine D2 receptor  

					Family A G Protein-coupled  

					Receptor  

					Beta-2 adrenergic receptor  

					7

					8

					CHEMBL228  

					CHEMBL3884  

					Serotonin transporter  

					Transporter  

					Sodium/glucose cotransporter 2  

					Transporter  

					Family A G Protein-coupled  

					Receptor  

					9

					CHEMBL233  

					CHEMBL325  

					Mu opioid receptor  

					10  

					Histone deacetylase 1  

					Eraser  

					Fingerprint Generation  

					Data Preprocessing and Cleaning  

					Fingerprints were generated using the Python package pyFingerprint  

					version 2.027 and RDKit version 2023.03.2.28 The fingerprints produced  

					included Atom Pairs,15 Topological Torsions,29 ECFP/Morgan,16  

					MACCS keys,13 and PubChem fingerprints.14 The RDKit package was  

					employed to generate the Atom Pair15 and Topological Torsion29  

					fingerprints using default settings with a bit length of 2048 bits. ECFP  

					fingerprints were also generated using RDKit by applying a radius of  

					two for ECFP4 and three for ECFP6, both with a bit length of 2048 bits.  

					The pyFingerprint package 30 was used to generate MACCS keys with  

					a bit length of 166 bits and PubChem fingerprints with a bit length of  

					881 bits. https://doi.org/10.3390/toxics11090785  

					Data retrieval was conducted using the Python ChEMBL WebResource  

					Client version 0.10.8. Data entries lacking canonical SMILES or IC₅₀  

					values were excluded from the analysis. Duplicate entries were merged  

					by inferring the IC₅₀ value from the median. IC₅₀ values were log-  

					transformed to pIC₅₀ prior to model training and prediction. The  

					coefficient of determination (R²) was used as the primary evaluation  

					metric in all models.  

					The dataset was split at an 80:20 ratio to train the base and meta-models.  

					An additional split was applied for training and validation using a 75:25  

					ratio for both the base and meta-models. These preprocessing steps were  

					31  

					similar to the study by Khan et al. and were designed to ensure the  

					absence of data leakage during model development.  
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					Base Model Creation  

					Statistical Testing and Data Visualization  

					Machine-learning models were created using the Python library scikit-  

					learn version 1.2.2.32 Three algorithms were selected as base models:  

					Random Forest,33 Support Vector Machine (SVM),34 and Extreme  

					Gradient Boosting.35 These models were chosen for their consistency  

					and high performance, each representing a distinct algorithmic  

					paradigm in machine-learning-based prediction. 36  

					Hyperparameter optimization was performed using the Python package  

					Optuna version 3.3.0,37 employing the mean squared error as the  

					objective function, with a maximum of 200 trials per model.  

					Statistical analysis was conducted using the Python packages SciPy  

					version 1.10.139 and Statsmodels version 0.14.040 to compute p-values  

					for multiple statistical comparisons. The Friedman test, a non-  

					parametric alternative to repeated measures ANOVA, was applied to  

					compare fingerprint performance in the base models. Where significant  

					differences were observed, Nemenyi post hoc tests were conducted for  

					further analysis. Additionally, paired t-tests and Wilcoxon signed-rank  

					tests, adjusted using the Benjamini–Hochberg correction for multiple  

					testing, were used to assess performance differences between the base  

					and meta-models. Friedman’s test was also applied to the SHAP results,  

					including both aggregated SHAP values and individual fingerprint  

					SHAP values for each tested protein, to assess statistical significance.  

					Data visualization was performed using the Python packages matplotlib  

					(version 3.7.1)41 and seaborn version 0.12.2.42  

					Concordance Analysis  

					The Concordance Correlation Coefficient (CCC) was employed as a  

					statistical measure to evaluate the agreement between predicted values  

					derived from different fingerprints. 38 This metric was selected because  

					of its ability to assess both the accuracy and degree of concordance  

					between the outputs of the two models. A custom function was  

					implemented to compute the CCC using the following formula:  

					Comparison of Performance Metrics for Individual Proteins  

					The R² values were analyzed by aggregating results according to  

					specific proteins or fingerprints. 6 For each combination of fingerprint  

					and machine-learning algorithm, 10 R² values were calculated for both  

					the base and meta-models, reflecting QSAR performance per protein.  

					These R² values were used to compare each protein's performance  

					between its base model (using a single fingerprint) and its meta-model  

					counterpart (utilizing multiple fingerprints).  

					2

					=

					2

					2

					+

					2 + (  

					−

					)

					Where:  

					ρc = CCC  

					ρ = Pearson correlation coefficient between two sets of predicted values  

					σx = Standard deviation of the predicted values from the first model  

					σy = Standard deviation of the predicted values from the second model  

					μx = Mean of the predicted values from the first model  

					Comparison of Performance Metrics for Individual Fingerprints  

					An additional set of R² values was compiled by aggregating data based  

					on fingerprints across all tested proteins. This included R² metrics from  

					both the base models and meta-models trained using each fingerprint.  

					Five R² metrics—one for each fingerprint—were generated, enabling  

					comparisons of single-fingerprint performance across all proteins with  

					those derived from multi-fingerprint meta-models. 6  

					As all meta-models were constructed using ECFP6, no direct  

					comparison was made between the performance of this fingerprint in  

					base modeling and its role in meta-modeling.  

					μy = Mean of the predicted values from the second model  

					The CCC values were computed for each fingerprint combination pair.  

					These values were visualized as heat maps using the Python package  

					Seaborn (version 0.13.2) to enable intuitive comparisons across  

					different fingerprint combinations. CCC analyses were conducted  

					separately for each of the three machine-learning algorithms, resulting  

					in three sets of CCC results.  

					Web-App Development  

					Meta-Model Creation  

					As a proof of concept, a web application was developed using the  

					Streamlit package (version 1.39.0) to predict pIC₅₀ values by integrating  

					two distinct molecular fingerprints: Morgan6 and PubChem. These  

					fingerprints represent complementary encoding strategies and were  

					selected to provide diverse structural information.  

					The application accepts SMILES strings as input, which are converted  

					into the two selected fingerprints before being processed by the  

					pretrained Random Forest models. The resulting predictions are then  

					combined using a meta-model to improve accuracy.  

					Meta-models were constructed using three algorithms: SVM, Ridge  

					Regression, and Extreme Gradient Boosting. For the meta-model  

					development, the prediction outputs from the Random Forest-based  

					models were utilized as input features. The Random Forest was selected  

					because of its consistently superior performance across all base models,  

					achieving the highest accuracy metrics. 31  

					The fingerprints used in the meta-modeling were paired with ECFP6, a  

					fingerprint commonly utilized in QSAR applications because of its  

					31  

					robust performance and widespread adoption.  

					Meta-models were  

					In addition to the prediction outputs, the application includes the results  

					of a feature importance analysis conducted using SHAP. The top 10  

					most influential features or bits from each base model and fingerprint  

					type were calculated. To enhance interpretability, the important features  

					of the tested compounds were directly visualized using 2D molecular  

					structures (for Morgan6) or substructure definitions (PubChem).  

					This web application highlights the advantages of combining different  

					molecular descriptors and emphasizes the role of model explainability  

					in QSAR modeling. This study provides valuable insights into drug  

					development and screening workflows. The application is publicly  

					trained on unseen data from the hold-out set using a training–validation  

					split of 80:20.  

					The Python package Optuna was employed for hyperparameter  

					optimization, with a maximum of 50 trials per meta-model. The mean  

					squared error served as the objective function during tuning. The R² was  

					used as the evaluation metric for assessing meta-model performance. 38  

					Feature Importance Analysis  

					To evaluate the contributions of different fingerprints to the predictive  

					performance of the meta-models, a Shapley Additive Explanations  

					(SHAP) analysis was conducted using the Python package SHAP  

					(version 0.42.1). This method was selected because of its effectiveness  

					in interpreting the outputs of machine-learning models, 31,36 particularly  

					when multiple models are used, as in the meta-modeling process.  

					The SHAP values quantify the contribution of each fingerprint to the  

					predictions, where larger absolute values (positive or negative) indicate  

					a greater influence on the model output. To ensure a model-agnostic and  

					comprehensive assessment of fingerprint relevance, the absolute SHAP  

					values were aggregated across different samples and ChEMBL IDs for  

					each fingerprint type.  

					accessible  

					on  

					the  

					Hugging  

					Face  

					platform  

					(https://huggingface.co/spaces/faith8/meta-qsar).  

					Results and Discussion  

					Comparing Predictive Performance Across Different Fingerprints  

					This study systematically assessed the predictive validity of various  

					molecular fingerprints for QSAR modeling using IC₅₀ values. A total of  

					180 base models were constructed using 10 proteins, six fingerprints,  

					and three machine-learning algorithms (Figure 1). The resulting R²  

					values were averaged to facilitate comparisons across the different  

					algorithms.  
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					Figure 1: Overview of the QSAR modeling pipeline used in this study.  

					Specifically, 180 models were generated using a combination of 10  

					results suggest that the performance of the PubChem fingerprint was  

					consistently lower than that of the other fingerprints.  

					proteins, six fingerprints, and three algorithms. The R² values were  

					averaged across the algorithms to assess fingerprint performance,  

					producing R² metrics that were both protein- and model-agnostic  

					(Figure 2A). Visual inspection revealed that the metrics of the tested  

					fingerprints were similar. However, statistical analysis using the  

					Friedman test indicated a significant difference in performance between  

					at least one pair of fingerprints (Figure 2B). Follow-up post hoc testing  

					(Figure 2C) revealed that the PubChem fingerprint underperformed  

					significantly compared with MACCS (0.50 vs 0.57; p < 0.05), Morgan4  

					(0.50 vs 0.57; p < 0.05), and Morgan6 (0.50 vs 0.56; p < 0.05). These  

					Although these differences were statistically significant, they may not  

					be substantial enough to indicate major disparities in overall fingerprint  

					utility. Nevertheless, the relatively poor performance of the PubChem  

					fingerprint suggests that it may not be optimal for high-stakes  

					applications. This underperformance may be attributed to the key-based  

					structural approach used by PubChem, which may lack the capacity to  

					fully represent molecular complexity compared with circular  

					fingerprints, such as ECFP.  

					Figure 2: Comparative analysis of QSAR model performance of different molecular fingerprints.  

					Moreover, the smaller feature space of the PubChem fingerprint  

					increases the risk of bit collisions, where identical bit representations  

					correspond to different compounds.43 This limitation can reduce the  

					fingerprint’s ability to capture key molecular features essential for  
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					predicting compound activity, especially for complex or novel  

					structures. This is further compounded by PubChem’s focus on  

					database-driven substructures that lack specificity and do not adapt well  

					to chemically diverse datasets.14 By contrast, ECFP fingerprints offer  

					flexibility and high resolution by encoding chemical structures without  

					relying on predefined features.16,44  

					An additional noteworthy finding is that the MACCS fingerprint  

					consistently outperformed PubChem, despite both being based on key  

					structural systems. This is remarkable given that MACCS uses a smaller  

					feature space (166 bits) than that of PubChem (881 bits).13,14  

					Furthermore, MACCS fingerprints are susceptible to bit collisions,  

					sometimes representing up to eight distinct compounds with a single  

					bit.43 However, this disparity in performance may be attributable to the  

					optimization of the MACCS fingerprint for bioactivity modeling,  

					whereas PubChem is primarily designed for chemical similarity and  

					substructure searching.13 Several studies have reported varying findings  

					regarding the predictive performance of MACCS and PubChem, often  

					depending on the specific protein target or toxicological endpoint under  

					investigation.18,45 Thus, the inconsistencies observed in this study may  

					reflect differences in how each fingerprint encodes functionally relevant  

					molecular features. Some fingerprints are inherently better suited for  

					specific biological or chemical prediction tasks.  

					Despite these differences, nearly all fingerprints tested demonstrated  

					strong predictive performance. This reinforces the importance of  

					selecting the most appropriate fingerprint for each task to maximize  

					predictive capability across various protein targets.  

					Analyzing Reproducibility: Consistency in Predictions Across  

					Fingerprints  

					Different molecular fingerprints encode distinct structural information  

					and may, therefore, yield varying predictive outcomes. The agreement  

					across fingerprints was evaluated to assess the consistency of these  

					predictions. The results demonstrated that the prediction outputs across  

					the various models—Random Forest (Figure 3A), SVM (Figure 3B),  

					and Extreme Gradient Boosting (Figure 3C)—were nearly identical  

					among fingerprint pairs.  

					Figure 3: Concordance analysis of molecular fingerprints displayed using heatmap matrices.  

					The lowest CCC was 0.985 between the Morgan6 and Topological  

					Torsion fingerprints when using the SVM model. In general, the  

					Random Forest model produced the highest CCC values across  

					fingerprint combinations, indicating the greatest prediction consistency.  

					These findings suggest that the fingerprints tested across these models  

					yielded highly reproducible and consistent results.  

					CCC has previously been employed to quantify the agreement between  

					model predictions and experimental data, thereby validating the  

					model’s generalizability.24,46 In this study, CCC was used to evaluate  

					whether the predictions based on different fingerprints were consistent.  

					The strong concordance observed indicates that QSAR models  

					constructed using varying fingerprints can achieve comparable  

					predictive performance, despite differences in the structural information  

					encoded by each fingerprint.  

					linear relationships in data.47,48 The findings also reinforce the  

					widespread use and strong performance of Random Forests in QSAR  

					modeling.48–50 Overall, these results further support the robustness and  

					reproducibility of Random Forests when multiple fingerprints are used  

					for QSAR predictions. Based on these results, Random Forest was  

					selected as the base model for further evaluation and integration with  

					meta-modeling approaches.  

					Unified Meta-Models Improve Prediction Accuracy  

					The integration of multiple molecular fingerprints was explored to  

					enhance predictive performance. Meta-models incorporating multiple  

					fingerprints consistently outperformed base models that relied on a  

					single fingerprint (Figure 4A and B). Statistical comparison of base and  

					meta-models across individual proteins revealed  

					a

					statistically  

					These results highlight the high reproducibility of the models used in  

					this study. The strongest concordance was observed in models  

					developed using the Random Forest algorithm, which showed a near-  

					perfect correlation. This underscores the capacity of tree-based  

					approaches to handle diverse molecular representations and model non-  

					significant improvement in seven of the 10 proteins tested (Figure 4C).  

					The median increase in R² (Figure 4D) ranged from 0.015  

					(CHEMBL230) to 0.143 (CHEMBL217).  
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					Figure 4: Comparison of individual model and meta-model performance across different proteins and fingerprints.  

					Across all fingerprints tested, significant performance gains were  

					recorded when they were used in meta-models in combination with  

					Morgan6 (Figure 4E). The smallest improvement was observed for the  

					Morgan4 fingerprint (R² difference = 0.015; p < 0.01), whereas the  

					largest was observed for the PubChem fingerprint (R² difference =  

					0.106; p < 0.001). These findings indicate that meta-models effectively  

					leverage the complementary characteristics of diverse fingerprints to  

					improve prediction accuracy across a majority of protein targets.  

					The meta-modeling strategy was based on the premise that combining  

					multiple molecular fingerprints could exploit their individual strengths.  

					For instance, circular fingerprints, such as ECFP/Morgan, encode  

					detailed structural information regarding atom connectivity,¹⁶ which  

					complements the broader, less granular, and more interpretable features  

					encoded by key-based fingerprints, such as MACCS or PubChem.13,14  

					This diversity enables meta-models to detect molecular features that  

					may be overlooked when using individual fingerprints alone, thereby  

					enhancing predictive capability.  

					Fingerprint Contributions to Predictive Modeling Depend on the Target  

					Substance  

					Feature importance analysis using SHAP values was conducted to  

					investigate whether consistent patterns existed in how different  

					fingerprints contributed to the meta-model predictions. Figure 5A  

					presents a comparison of SHAP value distributions across fingerprints.  

					Morgan4 exhibited the highest median absolute SHAP value; however,  

					this difference was not statistically significant (Figure 5B).  

					Figure 5C compares the mean absolute SHAP values for each  

					fingerprint grouped by protein. This figure highlights considerable  

					heterogeneity in SHAP values across different proteins, which is further  

					emphasized by the variations in median SHAP values shown in Figure  

					5D. Specific protein-level analyses were not the focus of this study;  

					rather, the objective was to determine whether any individual  

					fingerprint consistently contributed significantly to the overall  

					predictive performance of the model.  

					The SHAP analysis conducted in this study provides insights into the  

					relative contributions of each fingerprint to the model predictions.  

					Given the absence of statistically significant differences among  

					fingerprint contributions, it can be inferred that the impact of each  

					fingerprint on meta-model performance—particularly when paired with  

					Morgan6—is largely comparable. This similar contribution across all  

					fingerprints may explain why meta-modeling effectively improves  

					predictive performance: it integrates each fingerprint’s unique  

					representation of ligand molecular features.  

					Further analysis revealed that fingerprint contributions vary across  

					specific proteins, indicating that each fingerprint may have context-  

					dependent importance. This suggests that the predictive relevance of a  

					fingerprint depends on the molecular characteristics of the target  

					protein.  

					Prior research supports this approach, demonstrating that ensemble and  

					meta-modeling  

					techniques  

					often  

					outperform  

					single-model  

					strategies.49,51,52 This increased predictive power is particularly valuable  

					in the early stages of drug discovery, when even minor improvements  

					can significantly influence candidate identification outcomes.  

					Moreover, combining fingerprints with different scopes provides a  

					versatile modeling framework. For example, modeling chemically  

					diverse compounds, such as phytochemicals, may require specialized  

					fingerprints to adequately represent their structural variability.45  

					Utilizing a combination of well-established fingerprints, such as ECFP,  

					along with diverse structural representations may yield superior QSAR  

					performance without compromising interpretability or computational  

					efficiency. In this study, the meta-modeling framework was algorithm-  

					agnostic; that is, the same procedure was applied across all algorithms  

					used to construct the base models. Emphasis was placed on evaluating  

					the overall predictive improvement derived from meta-model  

					integration rather than on differences between algorithm-specific  

					advantages.  

					These findings are consistent with prior research demonstrating the  

					value of using multiple fingerprints to capture chemical diversity.  

					Several studies have reported that custom-tailored fingerprints often  

					outperform standard industrial fingerprints, such as ECFP4, when  

					optimized for particular datasets or target classes.6,44,45,53 This  
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					underscores the importance of selecting fingerprints based on the  

					chemical space and biological context of the QSAR models.  

					The results of this study reinforce the need to tailor fingerprint selection  

					strategies to the characteristics of the data and goals of the application.  

					Future research should explore the integration of alternative descriptors,  

					molecular fingerprints, and physicochemical features to further enhance  

					model robustness and accuracy.  

					Figure 5: Analysis of SHAP values derived from the meta-models across different fingerprints and proteins  

					Web Application Development for Prediction and Feature Importance  

					Analysis  

					The application was implemented using Streamlit and designed to  

					predict pIC₅₀ values from SMILES input. The current version supports  

					up to 10 molecules per submission and computes both Morgan6 and  

					PubChem fingerprints. These fingerprints are then passed into Random  

					Forest base models, and their predictions are aggregated using a meta-  

					model to yield final pIC₅₀ outputs. The accuracy gain from using this  

					meta-model is notable, with an approximate increase of 0.10 in R²  

					values (Table 2).  

					The combined analysis demonstrated that individual fingerprints  

					contributed uniquely to predictive performance depending on the target  

					protein. Meta-modeling has been shown to enhance predictive power.  

					To validate this approach, a web-based application was developed to  

					extend prior QSAR modeling work, focusing on two proteins—  

					CHEMBL220 and CHEMBL226—which exhibited the greatest  

					improvement in predictive performance following meta-modeling.  

					Table 2: Comparison of Base Model vs Meta Model Performances  

					Proteins  

					Base Models [a]  

					PubChem Fingerprints  

					Model Performance (R2) Meta Models  

					Meta Model Performance (R2)  

					0.685  

					0.693  

					0.565  

					Support Vector Regression [b] 0.814  

					CHEMBL 220 Morgan6 – Fingerprints  

					XGBoost  

					0.795  

					0.808  

					0.671  

					0.673  

					0.685  

					Elastic Net Regression  

					Support Vector Machine  

					XGBoost  

					PubChem Fingerprints  

					CHEMBL 262  

					Morgan6 – Fingerprints 0.596  

					Elastic Net Regression [b]  

					[a] All algorithms used by the base model are Random Forest. [b] The machine learning algorithm used to create the meta-models  

					The final output includes predicted pIC₅₀ values, 2D molecular  

					visualizations annotated with important features, and explanations  

					highlighting key substructures identified by the PubChem fingerprint.  

					This approach was designed to enhance transparency in model  

					prediction and to provide insights into the specific contributions of each  

					fingerprint to the predicted bioactivity.  

					a balance between specificity and interpretability, which are key  

					advantages in drug design applications.  

					The functionality of the tool was further evaluated by applying a trained  

					meta-model  

					to  

					predict  

					activity  

					against  

					CHEMBL220  

					(acetylcholinesterase). Donepezil, a known AChE inhibitor, was used  

					to assess whether key bioactive substructures were identified by the  

					model.  

					Combining Morgan6 and PubChem fingerprints enabled  

					a

					complementary structural perspective. Circular fingerprints, including  

					Morgan6, effectively capture atomic-level structural relationships  

					(including bond-specific contributions), whereas PubChem  

					fingerprints, which are based on predefined features, offer broader but  

					more generalizable representations. Collectively, these findings reflect  

					The model identified three positively contributing substructures and  

					several negatively contributing ones. As the model was trained on pIC₅₀  

					values, positive contributions reflect increased inhibitory potency.  

					Specifically, the model attributed the nitrogen atom in the piperidine  

					ring (Figure 6A) as a positive feature, as supported by both Morgan6  
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					and PubChem fingerprints (Bit 180). This result aligns with prior  

					findings by Sugimoto et al., who demonstrated that replacing nitrogen  

					substantially decreases potency.54 Additionally, both fingerprints  

					indicated that the carbonyl group of the indanone moiety negatively  

					influenced predicted potency (Figure 6B). This is notable because  

					experimental evidence has previously shown that this group is essential  

					for biological activity, as replacements reduce potency. The analysis  

					also revealed that a methoxy group on the indanone moiety was  

					associated with decreased predicted potency, contradicting earlier  

					observations.  

					While this negative contribution may not imply an actual loss in  

					potency, it highlights a site where further molecular optimization may  

					enhance activity. These case study results illustrate the critical role of  

					model explainability in QSAR applications and underscore the  

					importance of experimental validation as a vital component of model  

					deployment. This example highlights the valuea of interpretable  

					modeling in guiding hypothesis generation for drug discovery.  

					Figure 6: Feature importance analysis of Donepezil.  

					Conclusion  

					Our study demonstrated the effectiveness of integrating various  

					molecular fingerprints using meta-models to predict drug bioactivity.  

					The results showed that combining Morgan6 and PubChem fingerprints  

					enhanced predictive performance compared to using individual  

					fingerprints, with statistically significant improvements in R² values  

					across multiple proteins. Furthermore, SHAP analysis provided a  

					deeper understanding of fingerprint contributions, revealing context-  

					dependent importance based on target proteins. The utility of this  

					approach in drug discovery was demonstrated by developing a web-  

					based application that integrated predictions with feature importance  

					visualization. This approach adds explainability to QSAR modeling and  

					offers actionable insights into how molecular substructures contribute  

					to bioactivity predictions.  
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*n = 45 for each ChEMBL ID
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Concordance analy:

ChEMBL ID Substance Count
ChEMBL210 588

ChEMBL217 740

ChEMBL220 5673
ChEMBL228 2705
ChEMBL230 4163
ChEMBL233 982

ChEMBL262 2809
ChEMBL2971 5399
ChEMBL325 6020

ChEMBL3884 1254

R2 performance comparison

Feature importance (SHaP) analysis

Fingerprints:
* Atom Pairs
Topological Torsions
Extended Connectivity Fingerprint
4 and 6 (ECFP/Morgan)
MACCS Keys
PubChem

Data Split
80% Base
20% Meta

4

Base-model algorithms (80% of data)
* Support Vector Machine
* XGBoost
* Random Forest

Meta-model using Multiple
Fingerprint Combinations (20% of
data)
* Base-model: Random Forest
* Meta-models:
° Support Vector Regression
° XGBoost
° Elastic Net Regression

Case study and proof-of-concept

‘Web-App Development
* QSAR prediction for proteins with
the highest R2 performance.
* Feature importance analysis using
predefined important bits from
base-model analysis
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