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In the race to combat ever-evolving diseases, the drug discovery process often faces the hurdles of 
high-cost and time-consuming procedures. To tackle these challenges and enhance the efficiency of 
identifying new therapeutic agents, we introduce VirtuDockDL, which is a streamlined Python-based 
web platform utilizing deep learning for drug discovery. This pipeline employs a Graph Neural Network 
to analyze and predict the effectiveness of various compounds as potential drug candidates. During 
the validation phase, VirtuDockDL was instrumental in identifying non-covalent inhibitors against 
the VP35 protein of the Marburg virus, a critical target given the virus’s high fatality rate and limited 
treatment options. Further, in benchmarking, VirtuDockDL achieved 99% accuracy, an F1 score of 
0.992, and an AUC of 0.99 on the HER2 dataset, surpassing DeepChem (89% accuracy) and AutoDock 
Vina (82% accuracy). Compared to RosettaVS, MzDOCK, and PyRMD, VirtuDockDL outperformed 
them by combining both ligand- and structure-based screening with deep learning. While RosettaVS 
excels in accurate docking but lacks high-throughput screening, and PyRMD focuses on ligand-based 
methods without AI integration, VirtuDockDL offers superior predictive accuracy and full automation 
for large-scale datasets, making it ideal for comprehensive drug discovery workflows. These results 
underscore the tool’s capability to identify high-affinity inhibitors accurately across various targets, 
including the HER2 protein for cancer therapy, TEM-1 beta-lactamase for bacterial infections, and the 
CYP51 enzyme for fungal infections like Candidiasis. To sum up, VirtuDockDL combines user-friendly 
interface design with powerful computational capabilities to facilitate rapid, cost-effective drug 
discovery and development. The integration of AI in drug discovery could potentially transform the 
landscape of pharmaceutical research, providing faster responses to global health challenges. The 
VirtuDockDL is available at https://github.com/FatimaNoor74/VirtuDockDL.
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Drug discovery presents a major challenge in the field of biomedical sciences. The screening attrition rate in the 
current drug discovery protocols suggests that one marketable drug emerges from approximately one million 
screened compounds1. The strong increase in both the number of available compounds as well as molecular 
targets has caused a fundamental change in the drug discovery process applied at Pharma and Biotech companies 
during the past two decades2,3. Various technologies for assay miniaturization, lab automation, and robotics 
enable the testing of chemical compounds in biological systems employing high-throughput screening (HTS) 
and ultra-high-throughput screening (uHTS)4. Whereas HTS is defined by the number of compounds tested to 
be in the range of 10,000–100,000 per day, uHTS is determined by screening numbers over 100,000 data points 
generated per day5. Taken together, the technologies of HTS and uHTS are seen as key elements for filling the 
drug discovery pipeline in the industry with new chemical compounds and novel modes of action.
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Despite that, these high-throughput approaches are facing challenges including limited technological 
advancements and knowledge to identify novel drug targets, lack of drugs, and poor quality of databases in 
terms of data management6,7. To bridge the gap, computational algorithms must be exploited to overcome the 
limitations of drug discovery. Machine Learning (ML) approaches are becoming popular across all facets of 
science. Fundamentally, ML is the practice of using algorithms to parse data, learn from it, and then accordingly 
make a prediction about the future state of any new dataset8,9. Advancements in ML have paved the road to 
the discovery of synergistic drugs10. Big data and cutting-edge algorithms are now readily available, which has 
increased interest and led to substantial advancements in the application of ML in drug discovery11.

Previous studies provide a realistic picture of the successful implementation of ML in drug discovery 
pipelines. For example, Machado et al.12 utilized ML algorithms for screening natural inhibitors against HIV-
1 integrase. Similarly, Zhou et al.13 developed HIV-1 integrase inhibitors using machine learning techniques, 
and Sun et al.14 employed the support vector machine (SVM) model for optimizing hyperparameters in virtual 
screening. Opportunities to apply ML occur in all stages of drug discovery. However, the challenges of applying 
ML lie primarily with the lack of interpretability and repeatability of ML-generated results, which may limit their 
application. Regarding this, Deep learning (DL) bears promise for drug discovery, including advanced image 
analysis, prediction of molecular structure and function, and automated generation of innovative chemical 
entities with bespoke properties. DL methods have also gained huge popularity due to their ability to extract 
features from raw data instead of relying on hand-crafted features (required in traditional ML). The ability 
of DL methods to extract features and analyze data simultaneously is proving them as real problem-solving 
methods15,16. Therefore there is an urgent need to develop automated DL-based algorithms for screening novel 
drug-like candidates against diseases and disorders.

Following that, the current study introduced VirtuDockDL, an automated DL-based pipeline, for streamlining 
the process of drug discovery. By integrating molecular graph construction, Graph Neural Network (GNN) 
modeling, virtual screening, and compound clustering, VirtuDockDL provides a comprehensive framework 
to automate the drug discovery process. At its foundation, the GNN model, featuring multiple custom layers, 
employs molecular structure (descriptors and fingerprints) data to predict the drug potential of compounds. After 
identification, the selected compounds were docked with proteins of interest for predicting their binding affinity. 
Thus, VirtuDockDL marks a pioneering effort in merging deep learning strategies with scientific computation 
to tackle intricate challenges in drug discovery and molecular dynamics. By streamlining and enhancing the 
analysis of molecular interactions and properties, our solution facilitates the more efficient identification of 
drug candidates and enhances the understanding of biological mechanisms. Our methodology showcases the 
potential of combining AI with scientific research, opening up new avenues for innovation and exploration in 
the pharmaceutical and biotechnological sectors.

Methods
Architecture of VirtuDockDL
Molecular data processing
Molecular data in this application is represented using SMILES strings, which are processed and transformed 
into graph structures using the RDKit library. Once molecules are represented as graphs, they can be used as 
input for machine learning models such as the Graph Neural Network (GNN). This transformation is critical, 
as graph representations allow the model to capture the structural relationships within molecules, enabling it 
to make accurate predictions about molecular properties. The application uses PyTorch Geometric to build 
and train GNN models. These models process molecular graphs and learn patterns in the data that relate to 
properties such as molecular activity or binding affinity. The data is handled by custom dataset classes like 
MoleculeDataset, which ensures that the molecular data is structured correctly for model training and 
evaluation.

Graph neural network (GNN) model and feature extraction
A state-of-the-art GNN is exploited to predict the biological activity of compounds based on their corresponding 
structural data, which are encoded in the form of a molecular graph. Indeed, the architecture has been specifically 
designed to handle such graphs, including several layers of computation that are crucial in capturing the highly 
complex, hierarchical structure of a molecule.

GNN model architecture  The core of the GNN model is built on specialized GNN layers, particularly designed 
to process molecular graphs through graph convolution operations17. At the heart of each GNN Layer, a se-
quence of computational steps unfolds, starting with a linear transformation of node features hv, parameterized 
by weights W , to yield transformed features h′

v = W · hv. These features undergo batch normalization, a critical 
step for stabilizing the learning process and enhancing convergence rates, defined mathematically as,

	

x̂ =
x− µβ√
σ2
β+ ∈

where µβ and σ2
β denote the batch mean and variance, respectively, and∈ is a small constant to prevent division 

by zero. To introduce non-linearity, a ReLU  (Rectified Linear Unit) activation function is applied to each batch-
normalized feature, formulated as:

	 h′′
v = max(0, ĥ′v)
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A distinctive feature of our architecture is the incorporation of residual connections for layers with matching 
input and output dimensions, enabling the model to effectively learn identity mappings and mitigate 
the vanishing gradient problem. The final output of such layers, h′′′

v, is the sum of the input and activated 
features,h′′′

v = hv + h′′
v, ensuring a smooth gradient flow essential for deep learning. Furthermore, to combat 

overfitting, a dropout mechanism is employed, randomly deactivating a subset of features during training with 
a probability p, denoted as h′′′′

v = Dropout(h′′′
v, p).

Complementing the graph-based feature processing, the model adeptly merges graph-derived features with 
additional molecular descriptors and fingerprints, encapsulating both structural and physicochemical molecule 
aspects. This fusion is achieved by concatenating the aggregated graph features hagg with engineered features 
feng, subsequently passing through a fully connected layer to materialize the combined feature vector,

	 fcombined = ReLU (Wcombine. [hagg; feng] bcombine) ,

where [; ] signifies concatenation. This holistic approach, underpinned by rigorous mathematical formalisms, 
accentuates the model’s capacity to distill intricate molecular structures and properties into actionable insights, 
offering an advanced tool for predicting chemical compounds’ biological activities with enhanced precision and 
reliability.

Feature extraction  The feature extraction journey commences with the transformation of SMILES strings into 
their molecular graph counterparts, a pivotal step conducted using RDKit18. This transformation entails iden-
tifying atoms and bonds within a molecule, represented as nodes vand edges e, respectively, within the graph. 
Formally, a molecular graph Gis constructed such that

	 G = (V,E)

where V is the set of nodes corresponding to atoms, and Eis the set of edges representing bonds. These graphs 
are then inputted into our GNN model, which utilizes the rich topological information to learn the complex 
patterns underlying molecular structures.

Beyond the graph-based features, our methodology extends to the extraction of molecular descriptors and 
fingerprints, vital for capturing the physicochemical essence of the compounds. For instance, the molecular 
weight (MolWt) can be mathematically expressed as MolWt =

∑n
i=1mi, where miis the atomic mass of the i-th 

atom, and n is the total number of atoms in the molecule. Similarly, topological polar surface area (TPSA) and 
the octanol-water partition coefficient (MolLogP) are quantified through established computational chemistry 
methods, providing insights into the molecule’s bioavailability and reactivity. In addition to these features, the 
Number of Hydrogen Donors, Number of Hydrogen Acceptors, LogP, and Number of Rotatable Bonds were also 
calculated. These features are essential for machine learning models as they provide critical information about 
the molecular properties that can be used to predict various biological and chemical behaviors. Furthermore, 
molecular fingerprints, such as Morgan fingerprints and MACCS keys, are binary vectors F  where each element 
Firepresents the presence (1) or absence (0) of specific molecular features or substructures, enabling the model 
to recognize and utilize molecular patterns for accurate activity prediction.

This integrative approach of combining graph-based learning with traditional cheminformatics features, 
is summarized as, Features = Graphs (G) +Descriptors (D) + Fingerprints (F ), empowers our GNN 
model to achieve a comprehensive understanding of molecular structures and their properties. By leveraging 
this sophisticated feature extraction and modeling framework, our model boasts high accuracy in predicting 
the biological activities of chemical compounds. This not only underscores the efficacy of merging graph-
theoretical approaches with cheminformatics but also highlights the model’s utility in advancing drug discovery 
and chemical research, paving the way for novel insights into the molecular determinants of biological activity.

GNN Model implementation and evaluation
The study uses GNN with one input layer, 64 hidden layers, and two output layers to predict the biological 
activity of compounds. The classification-based GNN model uses CrossEntropyLoss, optimized with RMSprop 
with a learning rate of 0.001 and a weight decay value of 5e− 4. The learning rate was further adjusted by 
using ReduceLROnPlateauscheduler to improve the generalization. After hypermeter tuning that dataset 
was divided into a training and test set using a stratified shuffle split to ensure all class activities are equally 
distributed. This ensures that the model is evaluated and can be generalized into new unseen data.

In evaluating the model’s efficacy, the current study employs a range of evaluation metrics such as Accuracy, 
Precision, Recall, and F1 Score. These metrics collectively provide a comprehensive assessment of the model’s 
classification accuracy, enabling us to refine its predictive capabilities. Additionally, the Area Under the Receiver 
Operating Characteristic (AUC-ROC) curve serves as a crucial metric, offering insights into the model’s capacity 
to distinguish between classes with a nuanced understanding of true and false positive rates. To mitigate 
overfitting and improve model training, we incorporate early stopping, a technique that halts training when 
the validation loss stops decreasing, thereby preserving the model’s generalizability. In addition, a learning rate 
scheduler dynamically adjusts the learning rate based on validation loss trends, optimizing the training process 
for optimal performance. After model implementation, we used a variety of evaluation metrics to evaluate the 
model’s effectiveness, including Accuracy, Precision, Recall, and F1 Score. Furthermore, the AUC-ROC curve, 
measures the trade-off between true positive rate and false positive rate19.
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Virtual screening and clustering
Virtual screening is another core feature of the application, allowing users to screen large libraries of molecules 
for potential drug candidates. The application allows users to upload new libraries of molecules, which are then 
processed by the trained GNN model to predict their activity or binding affinity. Molecules with high predicted 
activity are retained for further evaluation, allowing researchers to quickly identify promising candidates. 
Further clustering is used to group molecules based on their predicted properties.

Clustering using Gaussian mixture model (GMM)
After model implementation, the clustering of compounds was performed based on their predicted probabilities 
by using the GMM20, formulated as P (y = 1|x) (y = 1 represents the active class). Mathematically, the 
probability of a compound x given the model parameters θ is expressed as:

	 p (x|0) =
∑k

i=1
πiN (x|µi,

∑
i)

Here, k is the number of clusters, πiis the mixing coefficient for cluster i, and N (x| πi,
∑

i) is the Gaussian 
distribution with mean µiand covariance 

∑
i​. The model parameters are optimized to best fit the distribution 

of the data.
To assess the quality of the clusters formed by the GMM, we compute the Silhouette Score21 and the Davies-

Bouldin Score22. The Silhouette Score for a single sample is defined as:

	
S =

b− a

max(a, b)

wherea is the mean distance between a sample and all other points in the same class, and b is the mean distance 
between a sample and all other points in the next nearest cluster. The Silhouette Score ranges from − 1 to 1, where 
a high value indicates that the sample is well matched to its own cluster and poorly matched to neighboring 
clusters. The Davies-Bouldin Score is calculated as:

	
DB =

1

K

∑k

i=1
maxj ̸=i

(
σi + σj
d(ci + cj)

)

where k is the number of clusters, σi is the average distance of all points in cluster i to the cluster centroid ci and 
d(ci + cj) is the distance between centroids ciand cj.A lower Davies-Bouldin Score indicates better clustering.

Protein refinement and docking
The application also provides functionality for protein structure refinement and ligand docking, critical 
steps in molecular modeling and drug discovery workflows. Protein refinement is handled by the 
perform_protein_refinement ()function, which uses OpenMM to perform energy minimization and structural 
corrections on protein models. This step is essential for preparing protein structures for accurate docking 
simulations. The refined protein structures are saved in PDB format, and structural analysis tools are used to 
generate visual outputs, such as Ramachandran plots and SASA (Solvent Accessible Surface Area) plots, which 
give insight into the quality and properties of the protein structure.

Ligand docking is carried out using AutoDock Vina, a popular tool for predicting how small molecules 
(ligands) bind to proteins. The run_docking ()function orchestrates the docking process, converting ligand files 
into the PDBQT format required by AutoDock Vina and running the docking simulations. The results, including 
binding affinities and RMSD (Root Mean Square Deviation) values, are saved for further analysis. Users can then 
download the docking results in various formats, including CSV files and PDBQT files.

Graphical user interface (GUI) of VirtuDockDL
VirtuDockDL is developed using Python and the Flask web framework23. This application integrates cutting-
edge computational tools such as RDKit24 for molecular manipulation, OpenMM25 for protein refinement, and 
PyTorch26 Geometric for training GNNs to predict molecular properties. Additionally, AutoDock Vina27 was 
employed for ligand docking simulations, enabling efficient virtual screening of large molecular libraries for drug 
discovery. Through Flask, VirtuDockDL offers a user-friendly interface that simplifies tasks like file uploads, 
data preprocessing, model training, and result visualization, creating a smooth and effortless experience for 
researchers and drug developers. Figure 1 shows the workflow of the VirtuDockDL pipeline, which integrates 
de-novo molecule generation, feature selection, graph neural networks, molecular docking, and benchmarking 
for virtual drug screening.

Case study and benchmarking
The current study used the VP35 protein of the Marburg virus as a case study to identify and predict compounds 
with potential drug-like efficacy against MARV disease. The VP35 is a multifunctional target protein of 
Marburgvirus, which has a key role to play in the not only plays a crucial role in viral RNA synthesis, assembly, 
and structural integrity VP35 protein binds double-stranded RNA and inhibits alpha/beta interferon production 
induced by RIG-I signaling. To date, there are no validated small molecule VP35 inhibitors. Thus, it is the need 
of the hour to develop some novel therapeutic strategies for MARV disease. To bridge this gap, current study 
also focused to identhe tify novel inhibits against the VP35 protein. Regarding this, the positive dataset (active 
molecules) was initially prepared by selecting only active molecules of protein of interest from a literature review 
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and databases like BindingDB28, PubChem29 and ChEMBL30. The complementary negative dataset (inactive/
decoy) was constructed using de-novo generation function of VirtuaDockDL as well as from public repositories 
like DUDE database31. The de-novo generation function of VirtuDockDL synthesizes novel molecular structures 
by randomly assembling chemical elements into SMILES strings, which are then validated using RDKit’s 
‘Chem.MolFromSmiles’. Decoys, by design, are structurally plausible but inactive molecules with respect to the 
biological target. They do not exhibit any binding affinity to the target, making them critical for training DL 
models. These decoys help the model learn to differentiate between active and inactive compounds, ultimately 
enhancing its ability to accurately predict true actives. Tay et al.32 employed same approach, for filtering out 
9,596,585 decoy molecules from a set of 100 million generated structures. This demonstrates the effectiveness 
of generating diverse decoys to improve model robustness, as employed in the current study. Lastly, the positive 
and negative datasets were then merged to generate a final dataset for further DL model implementation.

In the next phase of the study, the automated backend of VirtuDockDL employed a GNN model to predict 
the activity of molecules against the VP35 protein of the Marburg virus. The model utilized Graph Convolutional 
Layers (GCNConv) to process molecular graphs generated from SMILES strings, allowing it to learn intricate 

Fig. 1.  Graphical synopsis illustrates the workflow of the VirtuDockDL pipeline for virtual screening in drug 
discovery. It begins with identifying active and inactive molecules for a target protein. De-novo molecules 
are generated, filtered by drug-likeness rules, and their features are selected based on graph-based features, 
molecular descriptors, and fingerprints. GNN model is trained and evaluated using metrics like ROC 
curves. The best model is used to screen a compound library for potential inhibitors. Protein structures are 
prepared and refined for molecular docking simulations. The results are visualized and benchmarked against 
experimental data. The VirtuDockDL platform provides a user interface to manage all these steps efficiently.
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structural and chemical patterns within the dataset. Active and decoy molecules were automatically split into 
training and testing sets, and the GNN was trained with Cross-Entropy Loss and RMSprop optimization for 
accurate classification of active and inactive compounds.

The backend further automated feature extraction using RDKit, calculating molecular descriptors such as 
molecular weight, logP, and topological polar surface area. The model’s performance was evaluated through 
metrics like accuracy, precision, recall, F1-score, and AUC (Area Under Curve), giving a clear assessment of 
its predictive accuracy. Once training was complete, protein refinement was automated using OpenMM for 
energy minimization of the VP35 protein structure. The refined structure was then used for ligand docking 
simulations in AutoDock Vina, where active molecules identified by the GNN model were docked against the 
protein’s binding site. Docking scores and binding affinities were calculated to identify potential VP35 inhibitors. 
All results, including molecular structures, docking poses, and cluster plots, were automatically visualized and 
stored for further analysis.

Results and discussion
GUI of VirtuDockDL
At the core of the application is the Flask web framework, which facilitates interactions between users and the 
system. Users access the system through a web interface, where they can upload molecular files, initiate tasks, 
and download results. The graphical user interface of VirtuDockDL exemplifies a user-centric design, offering 
an intuitive and efficient workflow for the complex process of virtual screening in drug discovery (Fig. 2). Users 
are welcomed by a clean and organized layout, with primary functions segmented into dedicated tabs including 
Ligand Prioritization, Structure Refinement, and Molecular Docking. For example, the CSV upload tabs allow 
for easy submission of molecular data, while maintaining an uncluttered aesthetic that promotes focus and ease 
of use. Under the Rescreening page, uploading and analyzing compound SMILES notations is made easier with 
a streamlined upload interface, a ‘Analysis’ button, and an tabular display of the compound clustering along with 
probability value. The results tabs also provide Ramachandran and SASA plots provide independent methods to 
evaluate the conformational quality of protein structures. The next tab, Molecular Docking will help the users 
to tune the docking process through customizable parameter set and docking results will be shown in an easy-
to-understand diagram. Navigating to the Docking tab, users are able to customize the docking procedure using 
an adjustable parameter set, and the result is displayed in form of bar plots, demonstrating the binding affinity 
of proteins and ligands. This design philosophy embodies the concept of ‘aesthetic simplicity with functional 
sophistication’ in VirtuDockDL, making it a friendly interface for the complex task of virtual screening with 
deep learning.

GNN model implementation
Initially, active and inactive molecules of VP35 protein were collected using BindingDB and DUDE databases. 
The denovo molecule generation function of VirtuDockDL was also employed to generate new molecules. 
Subsequently, feature extraction was carried out on the compiled dataset to facilitate the differentiation between 
active and inactive compounds (Supplementary Data 1, Fig. 3). The dataset was then divided into training and 
test sets by 80:20 ratio, enabling the application of machine learning models to predict the drug-like potential of 
compounds against MARV disease (Supplementary Data 2). This systematic approach combines the utilization 
of bioinformatics resources and machine learning techniques to identify promising candidates for further 
experimental investigation.

Model evaluation
The performance of the VP35 protein–focused predictive model was evaluated using different performance 
measures. GNN model achieved the test Accuracy of 0.9779, reflecting a high level of reliability in the model’s 
predictions. The Precision value was recorded to be 0.9688, indicating the accuracy of model in identifying true 
positive instances. In addition, the Recall and F1 Score was reached to value of 0.9841 and 0.9764 respectively, 
indicating a balanced performance of the model. Lastly, the AUC score was found to be 0.9972, demonstrating 
outstanding capability of the model to discriminate various classes. Furthermore, cluster analysis revealed 
Silhouette Score of 0.9355 and a Davies-Bouldin Score of 0.0201. These scores implied that the clusters were well 
defined and the model could successfully group compounds that show similar drug like properties.

Rescreening with library of non-covalent inhibitors
The trained model was used to re-screen a library of non-covalent inhibitors. The non-covalent inhibitors have 
high selectivity and reduce possible toxicity and off-target effects, which are pivotal for targeting viral proteins. 
The reversible binding of non-covalent inhibitors enables for controlled modulation of viral activity. A library of 
non-covalent inhibitors were retrieved from ZINC and PubChem databases and rescreened using trained GNN 
model for analyzing their drug-like potential. A total of 146 molecules were found to be active and have drug 
like potential against target proteins. Finally, the folder containing the compounds in SDF form along with their 
official name was downloaded in zip file format. The folder were then further considered for molecular docking 
analysis.

Protein structure refinement and molecular docking analysis
The 3D structure of VP35 protein (PDB ID: 4GH9) was downloaded from RCSB PDB. The structure was 
uploaded to the structure refinement tab of ViruDockDL. All the solvent and ligand molecules were initially 
removed from the 3D structure. Later, the missing atoms in amino acid residues, incorrect bond orders, and 
other structural anomalies were corrected. After that the structure was energy minimized by adjusting the 
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positions of atoms in the protein structure. The final refined protein structure was later downloaded using the 
download option available in VirtuDockDL (Fig. 4).

Lastly, the molecular docking analysis was performed among non-covalent inhibitors and refined VP35 
protein in order to predict binding affinity between protein and non-covalent inhibitors. The molecular docking 
analysis revealed that the selected inhibitors has highest binding affintity with VP35 protein. Clomipramine and 
Mrizomib were particularly to have highest binding affinity with VP35 protein (Fig. 5). Previous studies provide 
shred of shreds of evidence that Clomipramine and marizomib play distinct roles in combating viral infections. 

Fig. 2.  Graphical user interface of VirtuDockDL.
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Clomipramine has been shown to suppress ACE2-mediated SARS-CoV-2 entry, potentially hindering viral 
infection. On the other hand, marizomib, a proteasome inhibitor, exhibits a prolonged and broader proteasome 
inhibition profile compared to bortezomib, offering the potential to target viral proteins through a unique 
mechanism.

Benchmarking
VirtuDockDL was compared with other popular virtual screening tools like PyRMD33, RosettaVS34, and 
MzDOCK35, each offering different capabilities in drug discovery. PyRMD is an AI-powered, ligand-based 
screening tool but lacks structure-based docking and protein-ligand interaction capabilities. In contrast, 
VirtuDockDL combines both ligand-based and structure-based screening with deep learning via GNNs, 
enabling accurate predictions of biological activity and docking outcomes. RosettaVS excels at highly accurate 
structure-based docking and binding affinity predictions but is not designed for large-scale compound 
screening. VirtuDockDL, on the other hand, automates the entire virtual screening process, including docking 
and clustering, making it more efficient for high-throughput applications. MzDOCK offers a user-friendly 
GUI for molecular docking, but it relies on traditional docking algorithms without AI integration, limiting its 
predictive accuracy compared to VirtuDockDL’s deep learning approach. VirtuDockDL’s AI-driven automation, 
combining GNNs with traditional docking, allows for faster and more accurate screening of large datasets, 
making it a more powerful and versatile tool than PyRMD, RosettaVS, or MzDOCK. Its ability to handle both 
ligand- and structure-based virtual screening in a fully automated pipeline positions it as an ideal solution for 
modern drug discovery.

The performance of VirtuDockDL was further compared against both machine learning-based virtual 
screening tools and traditional docking software. Regarding this, we compared VirtuDockDL to DeepChem36, 
Chemprop37, and MolDQN38, which are commonly used for ligand-based virtual screening but lack integration 
with structure-based docking. On a dataset of HER2 protein-ligand interactions (PDB ID: 3PP0), VirtuDockDL 
achieved superior performance, with a test accuracy of 99%, an F1 score of 0.992, and an AUC of 0.99. In 
comparison, DeepChem achieved an accuracy of 89%, with an F1 score of 0.89 and an AUC of 0.90, illustrating 
the enhanced predictive power of VirtuDockDL’s GNN-based approach.

Fig. 3.  Comprehensive visualization of molecular data characteristics. (A) Distribution of molecular weights 
across the dataset, highlighted with a gradient color scheme to enhance visibility. (B) Boxplot illustrating the 
variance and distribution of molecular weights segmented by label, facilitating comparison between different 
groups. (C) Heatmap of the correlation matrix displaying the relationships between numerical features within 
the data, annotated for clarity. (D) Scatter plot showing the relationship between the number of rotatable 
bonds and the topological polar surface area (TPSA) with data points colored by label, providing insights into 
molecular flexibility and polar surface characteristics.
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We also benchmarked VirtuDockDL against AutoDock Vina and Glide, widely used docking tools. When 
tested on the HER2 dataset, VirtuDockDL outperformed AutoDock Vina, which predicted binding affinities 
with an accuracy of 82% and an F1 score of 0.84, compared to VirtuDockDL’s 99% accuracy. Glide, while more 
accurate in docking small datasets, struggled with larger datasets, whereas VirtuDockDL maintained high 
performance, demonstrating binding affinity predictions for key inhibitors, including Dasatinib (− 7.12 kcal/
mol) and Nilotinib (− 6.89 kcal/mol).

Additionally, TEM-1 beta-lactamase (PDB ID: Escherichia coli infection treatment strategies (1xpb) was 
targeted for E. coli (Fig. 6). After the training process of the GNN model, the Test Accuracy achieved was 0.93. 
This accuracy when compounded with a Precision of 0.94 and Recall of 0. 95, captures the ability of the model to 
correctly predicting active inhibitors. The F1 Score was at 0. 962, and an AUC of 0.98, supports overall validity 
of the model and confirms its ability to separate between active and inactive compounds rather successfully. 
Further structure preparation and docking analysis of a large set of BLI molecules revealed Durlobactam, 
ETX2514, Taniborbactam, Sulbactam, and BLI-489 as the strongest binders. These results emphasize the 
accuracy of VirtuDockDL’s docking pipeline and its applicability for rapidly advancing the search for new beta-
lactamase inhibitors.

Regarding Candidiasis (fungal infection), the GNN model was trained and showcased a high accuracy in 
segmenting active inhibitors with a test accuracy of 0. The model also obtained an accuracy of 0. 95 and a recall 
of 0. As shown in score 97, the model has a high level of accuracy in identifying the right active compounds. The 
computed F1 score is 0. 98 and an AUC of 0. 99 also gives more support to the model and its ability to accurately 
classify between active and inactive compounds. After the model training, structure preparation, and docking 
analysis were carried out on a large database of azole antifungal agents using VirtuDockDL docking pipeline. 
From the compounds, Bifonazole, Butaconazole, Penconazole, Tebuconazole, and Epoxiconazole were found to 
have the best binding affinities to the CYP51 enzyme. These observations demonstrate the effectiveness of the 
VirtuDockDL pipeline and the possibility of reducing the time required to identify new azole inhibitors.

Fig. 4.  (A) Three-dimensional structure of the VP35 protein of the Marburg virus, showing the arrangement 
of secondary structures. (B) Ramachandran plot indicating the phi (φ) and psi (ψ) angles of amino acid 
residues, with regions corresponding to α-helices and β-sheets highlighted. (C) Graph of the Average Solvent 
Accessible Surface Area (SASA) per residue, indicating the extent of protein surface exposure to solvent 
molecules.
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Fig. 5.  (A) Illustrates a molecular docking pose of the compound Clomipramine (depicted in pink spheres) 
within a binding site of the target protein VP35 (rendered in cyan ribbon diagram). Key interacting residues 
are highlighted and labeled. (B) Shows a similar docking pose for the compound Marizomib (again in pink 
spheres) within a binding pocket of the protein VP35 (this time in a wheat-colored ribbon diagram). Specific 
interactions with residues are detailed. (C) A line graph represents the average binding affinity of a series of 
compounds, indexed numerically along the x-axis. The data points are marked in blue, with lines extending 
vertically to indicate the variance or range of binding affinity measured for each compound. (D) Another line 
graph displays the average RMSD (Root Mean Square Deviation) for the same series of compounds. Each 
compound’s RMSD value is marked in red, with vertical lines illustrating the variability or precision of the 
docking pose in relation to a reference pose.

 

Scientific Reports |        (2024) 14:28321 10| https://doi.org/10.1038/s41598-024-79799-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


VirtuDockDL was benchmarked against other virtual screening tools, including PyRMD, RosettaVS, and 
MzDOCK. Additionally, VirtuDockDL was tested against machine learning-based platforms such as DeepChem 
and docking tools like AutoDock Vina and Glide on the HER2 protein-ligand dataset, where it demonstrated 
superior predictive performance and efficiency for large-scale virtual screening tasks.

Conclusion
In conclusion, VirtuDockDL stands as a novel innovation in computational drug discovery. So, this web 
application based on Python, which uses the principles of deep learning, has shown a high potential for the 
virtual screening of pharmaceuticals. Combined with a complex GNN model and accurate molecular docking 
simulation, the platform can effectively help to find potential inhibitors with high binding affinity and specificity 
to the target biological macromolecules. As observed in our comparative validation studies, VirtuDockDL has 
further provided an excellent performance profile across different datasets such as the identification of potent 
tyrosine kinase inhibitors for HER2 protein and beta-lactamase inhibitors for TEM-1 for cancer therapy and 
bacterial infection treatment respectively. Furthermore, the platform effectively aimed at identifying potential 
azole inhibitors for Candidiasis targeting the CYP51 enzyme. These outcomes not only corroborate the 
predictive accuracy of VirtuDockDL but also support its applicability to enhance the initial stages of drug design. 
In addition, the contribution of the application in Marburg virus research through the discovery of non-covalent 
inhibitors against the VP35 protein shows the possibility of fighting virulent pathogens. The findings shown 
here offer a new direction for antiviral therapy and support the efficiency of the application in the context of 
the present acute virus outbreak. The continued development and expansion of VirtuDockDL is expected to 

Fig. 6.  Performance and binding analyses of predictive models for different inhibitors. (A) HER2 tyrosine 
kinase, (B) TEM-1 beta-lactamase, and (C) CYP51 azole inhibitors, showcasing ROC curves, key metrics, and 
molecular docking visualizations. The Docked complexes were visualized using Discovery studio.
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significantly impact the drug discovery field, enhancing the efficiency and accuracy of identifying potential drug 
candidates. As the link between theoretical computation and practical experiment, VirtuDockDL remains the 
model for progress, optimizing the process of transferring innovation from laboratory to clinic.

Data availability
Data is provided within the manuscript or supplementary information files. The codes are available online at 
https://github.com/FatimaNoor74/VirtuDockDL.
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