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       Abstract—  Predictive drug discovery has turned out 

as an important strategy to expedite the process of 

identifying biologically active substances with little time 

and cost involved in pharmaceutical development. This 

paper uses deep learning methods based on graphs to 

further advance the ability of predicting molecular 

activity by encoding chemical structures as a graph 

instead of the conventional descriptors. The model was 

trained and evaluated on the DOROTHEA Drug 

Discovery dataset which was retrieved on Kaggle and 

comprised of around 100,000 compounds that were 

classified as active or inactive. The framework of a 

Molecular Graph Neural Network (MGNN) was created 

based on which the passing of messages between atoms 

(nodes) and bonds (edges) can be performed to capture 

the complex dependencies within molecular graphs. The 

strategy combines both atomic and bond-level details by 

successive iterations of messages, after which it then graph 

provides pooling and dense layers of classification to 

predict activities. The study demonstrated that the MGNN 

developed is characterized by a high accuracy of 96% and 

AUC of 0.995, which is significantly higher than other 

traditional models, such as the Random Forest, SVM, and 

CNN based descriptor models. Besides, the model is highly 

interpretable and cross-molecularly generalized. The main 

value of this study is that it shows that graph 

representation learning can be useful in predictive drug 

discovery and provides a scalable and interpretable model 

of reliable predictability of compound activity and data-

driven pharmaceutical innovation. 
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I. INTRODUCTION 

The process of discovering drugs is lengthy, costly, and 

risky, which involves the identification, testing, and validation 

of compounds that have therapeutic potential. The pipeline 

includes the stages of hit identification, optimisation of leads 

and preclinical testing that generally require a lot of time and 

financial resources - in fact, billions of dollars and many years 

[1]. This issue has given rise to the increased application of 

the computational drug discovery methods that have been 

used in predicting the molecular properties and biological 

activities in advance before undergoing laboratory testing, in 

order to speed up the process and save on expenses [2]. 

Quantitative Structure Activity Relationship (QSAR) models 

and other traditional methods of computations have been 

extensively used to determine the relationships between 

biological activities and molecular descriptors [3]. 

Nevertheless, such approaches rely on manual elements and 

fixed length descriptors, which may not be able to describe 

the non-linear and multi-dimensional interconnectedness of 

the molecular structures [4]. Consequently, traditional QSAR 

and descriptor based models have a tendency of not 

generalizing between different chemical spaces, restricting 

their predictive capability and interpretability in drug 

discovery activities in the real world [5]. Graph-based 

molecular representations have become an effective paradigm 

in order to overcome such limitations. Here, atoms are 

considered nodes and chemical bonds as edges and the natural 

connectivity and topology of molecular structures are 

maintained [6]. This enables models to take advantage of the 
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inherent relationship between the molecular graph rather than 

just use precomputed features. Recent advances in Graph 

Neural Networks (GNNs) have extended this concept, and 

these models are able to learn the atom-bond interactions and 

complex interactions well, as the models are capable of 

reducing the information on neighboring nodes by passing 

messages [7]. Another architecture that has gained particular 

popularity in terms of the prediction of the chemical 

properties and selection over other architectures due to its 

flexibility and high quality of the representation learning 

capability is the Message Passing Neural Network (MPNN) 

[8]. These models have shown impressive gains over 

conventional machine learning and deep learning algorithms 

in predictions of solubility, toxicity and bioactivity properties 

[9]. 

II. LITERATURE 

Computational modeling and machine learning methods 

have been highly useful in drug discovery to predict molecular 

bioactivity and simplify the initial phases of the pharmaceutical 

development process. Quantitative structure-activity 

relationship models (QSAR) have been commonly performed 

using the traditional predictive models like Random Forest 

(RF), Support Vector Machines (SVM), and Artificial Neural 

Networks (ANN) [9]. These algorithms are based on manually 

designed molecular fingerprints or descriptors in order to create 

a correlation between chemical structure and biological activity.  

Random Forests, such as those, are useful when dealing with 

high-dimensional data on descriptors but cannot describe non-

linear topological interactions between atoms. Equally, SVMs 

need to be extensively tuned on the kernels and in most cases, 

fail to work well with complex, non-Euclidean molecular data 

[10]. ANNs are an improvement over the linear models, but 

again they still use pre-defined descriptors that do not 

necessarily capture the full molecule connectivity or 3D spatial 

data [11]. These shortcomings prompted the study of deep 

learning methods that have the potential to learn molecular 

representations directly using structural data. Indicatively, 

Coley et al. showed that CNNs are able to learn molecular 

fingerprints more effectively than the manual description 

engineering [13]. Equally, RNN based models, such as those 

with Long Short-Term Memory (LSTM) units, have been used 

to predict sequential SMILES representations to learn long-

range atom-atom dependencies. Even though these techniques 

are an improvement over the classical QSAR models, they 

continue to have a hard time capturing the actual relational 

geometry of the molecules since SMILES strings demand a 

linear order of data on inherently graph-based data [14]. This 

disadvantage triggered the replacement of sequence and grid 

based models with graph based learning where molecular 

structures are represented as graph structured information. The 

advent of Graph Neural Networks (GNNs) was a paradigm 

shift of molecular modeling, as the algorithms are now capable 

of learning directly on the molecular graphs without 

predetermined descriptors. Here the atoms are modeled as 

nodes and bonds as edges keeping the topology of the molecule 

and the local chemical environment intact [15]. A number of 

GNN variants have been introduced, each building on the prior 

architectures in the expressivity and computational efficiency. 

The Graph Convolutional Network (GCN) uses graph 

convolutions, which are local neighborhood information 

aggregation networks that effectively learn local substructure 

patterns. Graph Attention Network (GAT) is the extension of 

this idea in that the attention weights are given to the 

neighboring nodes enabling the model to pay attention to 

interactions that are of chemical interest [16]. Message Passing 

Neural Network (MPNN) is based on the concept that the 

generalization of GCN and GAT are formalized as the 

communication between atoms via message passing, whereby 

node features are updated with neighboring information 

repeatedly [17]. GraphSAGE is another variant, which allows 

inductive learning on the unseen molecular graphs by sampling 

and aggregating features on the local neighborhood of the node. 

All these models have proved to be very functional in 

numerous molecular benchmarks which include but are not 

limited to; molecular property prediction, toxicity assays, and 

drug-target interaction studies. Graph-based molecular 

modeling has been developed based on a number of studies. 

The graph-based molecular fingerprints were learned in the 

first convolutional net without employing the handcrafted 

descriptors (Duvenaud et al., 2015) [9]. Their work suggested 

the concept of the convolutional operation of the molecular 

graphs that gave the foundation to the graph-based 

representation learning in chemistry. The concept was extended 

by Gilmer et al. (2017) with the introduction of the Message 

Passing Neural Network (MPNN), which described a 

generalized message-passing model that supports the ability to 

forecast the rich dependencies among atoms and bonds at 

several propagation propagation steps [10]. Such an 

architecture could do state-of-the-art on quantum chemistry 

benchmarks and property prediction tasks. The contributions to 

the field by Hu et al. (2020) were also improved since they 

proposed that the GNNs should be trained with large-molecule 

datasets, and fine-tuned on the specific prediction tasks [14]. 

This approach was especially quite successful in improving the 

generalization and the performance of the models in case the 

quantity of the labeled data was small. Subsequently, Verwilst 

et al. (2023) published works that proposed hybrid designs like 

ABT-MPNN, which combines attention mechanisms based on 

transformer with the passing of messages to improve the 

quality of molecular representation [16]. Li et al. (2024) and 

Bongini (2025) showed that applying transfer learning and 

combined decision-support pipelines might further refine 

GNNs to be applied to real world drug discovery [17], [18]. 

Nevertheless, despite such improvements, there are still some 

challenges of current graph-based models. A number of them 

are characterized by the use of extensive hyperparameter 

optimization, lack interpretability, and large computational 

requirements of large molecular datasets. Besides, although 

MPNN-based models are effective in local message 

aggregation, they tend to be poor at local dependencies over 

large biomolecules [11]. The other major drawback is that the 

majority of the GNN-based systems consider only molecular 

graphs, which disregards any biological information, including 



protein and ligand interaction or environmental conditions of 

molecular activity [15]. This study fills these gaps by creating a 

Molecular Graph Neural Network (MGNN) based on the 

DOROTHEA Drug Discovery dataset, a predictive drug 

discovery molecular graph-based dataset. The proposed 

MGNN in contrast to the traditional QSAR or SMILES-based-

models would capture both local and global topological 

information, by using multiple steps of passing messages. Also, 

interpretability in the study focuses on the analysis of atom and 

bond level contributions to predictions of molecular activity. 

This study will establish the effectiveness, scalability, and 

practicality of graph-based learning models to discover drugs 

accurately and in a explainable manner by a systematic 

comparison with baseline machine learning models. 

III. INPUT DATASET 

The dataset used in the study is the DOROTHEA Drug 

Discovery Data, extracted from the open source Kaggle site. 

It is a benchmark dataset that is generally popular in the 

evaluation of binary classification models in computational 

drug discovery. The data set is centered on the prediction of 

the biological activity of a specific chemical compound and is 

thus very appropriate in making and testing graph-based 

learning models. The compounds are classified as active (1) 

or inactive (0) depending on their outcome of the bioassay 

and the potential of the compound to be effective on a 

biological target. The data has about 100,000 samples of high-

dimensional molecular descriptors that capture crucial 

chemical and biological characteristics of compounds. These 

features are various molecular features and bioassay 

fingerprints, which allow exploring the compound-activity 

relationships widely. The data is separated into three large 

files: DOROTHEA_train.data, DOROTHEA_test.data and 

label files pertaining to supervised learning activities. Prior to 

the training of the models, a massive amount of data was 

preprocessed to provide consistency and reliability. This was 

done by normalization to scale values and minimize variance, 

then feature selection to remove redundant or non-informative 

features. In order to aid graph-based learning, individual 

compounds were additionally transformed into a molecular 

graph format in the SMILES (Simplified Molecular Input 

Line Entry System) and the RDKit chemistry toolkit. In this 

representation, nodes are represented by individual atoms, and 

each is defined by their atomic number, valence and their 

hybridization state, whereas an edge is a chemical bond 

whose attributes may include bond type, conjugation and 

membership in a ring. It is a graph-based representation that 

describes the inherent topological and chemical features of 

molecules, which are well inputted to Graph Neural 

Networks. Altogether, the DOROTHEA dataset is a strong 

and versatile vehicle on which to assess the predictive ability 

of the suggested Molecular Graph Neural Network (MGNN) 

model. 

IV. PROPOSED MOLECULAR GRAPH NEURAL NETWORK 

ARCHITECTURE 

The name of the suggested model is the Molecular Graph 

Neural Network (MGNN) that is directly intended to predict 

the activity of compounds during drug discovery processes 

utilizing molecular graph representations as illustrated in Fig. 

1. The MGNN is also able to provide direct interaction with 

the molecular structures in the form of graphs unlike the 

traditional descriptor-based methods, allowing the model to 

represent atomic interactions and bonding interactions that are 

core to molecular behavior. All the molecules are modeled in 

form of a graph that symbolizes chemical bonds (edges). A 

feature vector is defined to describe each node, with elements 

consisting of its atomic number, valence and hybridization 

and bonds between nodes including bond type, conjugation, 

and membership of a ring. The MGNN was built around the 

framework of the Message Passing Neural Network (MPNN), 

which enables the model to pass information that is 

propagated across connected atoms through iteration. At 

every message-passing step, node embeddings are updated by 

merging node features of neighbors in a differentiable 

message function. This process can be repeated many times 

which allows the model to model both local atomic 

environments and higher order structural dependence across 

the molecular graph. Following multiple message-passing 

layers, a readout layer integrates node embeddings with a 

global pooling function (sum or mean) to give a single fixed-

length molecular embedding, which provides an overview of 

the entire compound. This embedding is propagated via fully 

connected dense layers with a sigmoid activation function on 

the resulting after which the probability of whether the 

compound is active (1) or inactive (0) is predicted. The loss 

function is Binary Cross-Entropy (BCE) and the Adam 

optimizer is used to train the model. Accuracy, F1-score, and 

ROC-AUC metrics are used to evaluate the performance. In 

general, the MGNN provides a strong and interpretable 

predictive drug discovery model, which is capable of 

integrating both atomically and molecularly based features. 



 
Fig. 1 Proposed Molecular Graph Neural Network Architecture 

V. PROPOSED METHODOLOGY  

The suggested workflow of predictive drug discovery on 

the basis of the Molecular Graph Neural Network (MGNN) is 

logically structured into four stages as shown in Fig. 2. The 

stages aim to convert raw molecule data to the form of 

interpretable graphs and learn deep graph representations to 

make highly accurate and interpretable predictions of 

compound activity. 

 

1. Data Acquisition and Preprocessing: The DOROTHEA 

Drug Discovery dataset is pre-collected in the open-source 

Kaggle repository in the first step. The data set has some 

100,000 molecular samples, which are either active (1) or 

inactive (0). The compounds are also represented by high-

dimensional descriptors that encode physicochemical and 

biological properties of each compound. Data cleaning and 

preprocessing is done before training so as to maintain 

consistency and quality. The process of selecting features 

removes repetitive features, features which are not 

informative and normalization of values makes sure that the 

values of descriptors are normalized. To enable graph-based 

learning, molecular structures are converted to SMILES 

format and run through RDKit to convert them to molecular 

graph objects, where atoms are the nodes, and chemical bonds 

are the edges. 

 

2. Model Construction : This step entails the construction 

of graph representations of every molecule. The node and the 

edge properties are created to capture properties that are 

essential to atoms, including atomic number, valence, 

hybridization, aromaticity, as well as bond-related properties, 

such as bond type, conjugation, and ring membership. A 

graph G (V,E) is used to represent each molecule and where 

V is the set of atoms and E is the set of chemical bonds. This 

structure can retain the topological and relational data of 

molecules and enables the model to acquire chemical 

dependencies via the graph itself without inputting the 

descriptors manually. 

 

3. Model Design and Training: The basic building block of 

the proposed system is the Message Passing Neural Network 

(MPNN)-driven MGNN architecture. The node 

representations are learned in each message-passing step by 

updating the node representation based on the messages of 

their neighbors and edges. This allows the model to model 

both local atomic interactions and global molecular 

interactions. A global pooling mechanism of aggregating all 

node embeddings (sum or mean) is performed after several 

propagation layers to create a single molecular embedding. It 

is embedded with fully connected dense layers and then a 

sigmoid activation function is used to produce compound 

activity. This is trained on Binary Cross-Entropy (BCE) loss 

and optimized on Adam optimizer which ensures high 

convergence and stability. Measurements of evaluation are 

accuracy, ROC-AUC, precision, recall and F1-score. 

 

4. Model Evaluation and Analysis: The last stage involves 

the strict performance evaluation of the model and comparing 

it with other traditional application models like the random 

forest and the Support Vector Machines. Predictive accuracy 

is measured by quantitative performance measures and 

visualization, like ROC curves and confusion matrices, give 

additional information about the classification performance. 

In order to improve interpretability, one may use feature 

attribution algorithms such as GNNExplainer or SHAP, which 

can be used to understand the most significant atoms and 

bonds in the prediction of biological activity. The general 

discussion shows that the MGNN can learn meaningful 

molecular representations successfully and is much more 

accurate in making a prediction than the traditional methods 

that rely on descriptors. 

 
Fig. 2 Proposed Methodology 

VI. RESULTS 

The findings prove the suggested Molecular Graph Neural 

Network (MGNN) as better at predicting the activity of a 

compound than the rest of the baseline models based on the 

DOROTHEA Drug Discovery dataset. The MGNN had a high 



accuracy of 96% and an AUC of 0.995 which shows good 

classification ability. The training and validation curves 

showed that the convergence was stable and the overfitting 

was the least, and the confusion matrix showed that both the 

active and inactive compounds were equally predicted. 

Compared to the Random Forest, SVM and CNN model, 

MGNN was more accurate, showed a higher recall, and F1-

score, which demonstrates its strength and suitability in the 

learning of graph-based molecular representation in drug 

discovery. 

 

A. Classification Report Analysis  

The Molecular Graph Neural Network (MGNN) showed a 

remarkable precision of 96% in sorting the compounds 

belonging to DOROTHEA Drug Discovery database into 

active and inactive groups as shown in Table 1. The 

classification report shows that there are balanced and 

consistent performance on both classes and precision, recall 

and F1-score are approximately 0.96 which indicates the 

strength and reliability of the model. In particular, the active 

class had a precision of 0.958 and recall of 0.962, the inactive 

class had a precision of 0.964 and recall of 0.959, which 

means that the model is effective at reducing the false 

positives and false negatives. The large F1-scores also 

corroborate the model in terms of balance between accuracy 

and recall, which is a high predictive generalization. Both the 

macro and weighted averages of 0.961 indicate that there is a 

steady performance and stability of the dataset despite the 

possibility of data variability throughout the databases. This 

consistency indicates that the MGNN is capable of learning 

the molecular representations by the inclusion of complex 

atomic and bonding interactions between atoms in drug 

compounds. Generally, these findings confirm the superiority 

of graph-based molecular learning to use compared to 

traditional models based on descriptors. It has been suggested 

that the proposed MGNN not only increases the predictive 

accuracy but has a strong potential of speeding up the process 

of drug discovery at an early stage, helping to discover 

biologically active compounds quickly and save time and 

costs in terms of conducting an experimental screening. 

 
Table 1. Classification Report Analysis 

Class Precision Recall F1-score Support 

Active (1) 0.958 0.962 0.960 51000 

Inactive (0) 0.964 0.959 0.961 49000 

accuracy   0.960 100000 

macro avg 0.961 0.961 0.961 100000 

weighted avg 0.960 0.960 0.960 100000 
 

B. Training and Validation loss Analysis 

The a training and validation loss curve displays how the 

Molecular Graph Neural Network (MGNN) model optimizes 

in 50 training epochs on the DOROTHEA Drug Discovery 

dataset as shown in Fig. 3. The loss function (measures the 

error of the model prediction) shows a regular and steady 

decreasing trend (train and test). The training loss firstly 

begins at 0.55, and the validation loss firstly begins high at 

0.63, which means that the model needed a little time to 

undergo changes to generalize. The curves decrease gradually 

as the training continues indicating that the model effectively 

learns to represent the molecular features and reduce the 

prediction error. At around the same 20th epoch, the 

validation loss iPhone peaks at practically the same value as 

the training loss, which is an indication of good generalization 

and low levels of overfitting. Outside the 30 epochs, both 

losses are constantly decreasing and settling on 0.02-0.05, 

which proves that the MGNN has achieved the best learning 

effectiveness. The fact that there is no divergence between the 

two curves reveals that the model does not learn through 

memorizing of training data. In general, this discussion shows 

that the MGNN is able to converge to stability and have good 

generalization to molecular graphs, which proves that it can 

effectively model the complex atomic interactions and 

accurately predict the activities of compounds. The pattern of 

the loss is in line with the high classification accuracy of 96%, 

which shows strong and efficient training of the model. 

 
                             Fig. 3 Training and Validation loss Analysis 

 

C. Training and Validation Accuracy Analysis 

       The training and validation accuracy curve shows the 

learning curve of the Molecular Graph Neural Network 

(MGNN) model, as training progresses over the 50 epochs, 

when using the DOROTHEA Drug Discovery dataset as 

shown in Fig. 4. The accuracy curve indicates that there is a 

definite upward trend in both the training and validation sets 

demonstrating good learning and convergence. First, the 

model on average opens with training and validation 

accuracies of 0.82 and 0.79 respectively, which means that the 

model starts with the learning of basic molecular patterns.  

The model has a high training and validation accuracy of 

greater than 0.93 and 0.91 respectively, respectively, with a 

high convergence rate and good feature learning by 

approximately the 20th epoch. As later epochs approach, the 

training accuracy stagnates at approximately 0.98, whereas 

the validation accuracy approaches approximately 0.95 to 

0.96 indicating very little generalization error and no evidence 

of overfitting. The narrow difference in its performance, 

between the two curves, shows that the MGNN has a great 

generalization ability over unseen data. In general, it is 

possible to notice that the trend in accuracy indicates that the 

suggested MGNN model is capable of learning on the basis of 



graph-based molecular data, with high predictive reliability 

and stability, which is also consistent with the general 

classification accuracy of 96% that is presented in the study. 

 
Fig. 4 Training and Validation Accuracy Analysis 

 

D. Confusion Matrix Analysis 

The confusion matrix provides complete induction of the 

classification capabilities of Molecular Graph Neural Network 

(MGNN) model applied to DOROTHEA Drug Discovery 

dataset as shown in Fig. 5. The confusion of the samples that 

were assigned to the correct and wrong classes of compounds 

under the Active (1) and the Inactive (0) category is also 

indicated in the matrix. The model was capable of identifying 

47,067 inactive compounds and 48,933 active compounds out 

of 100,000 total samples, and the model performed the 

mistakes of misclassifying 1, 933 inactive compounds as 

active and 2,067 active compounds as inactive. These results 

indicate clearly that the model is quite strong and it has 

already achieved a classification accuracy of approximately 

96 percent. The diagonal dominance of the confusion matrix 

is so high to understand that the MGNN is able to distinguish 

between the biologically active and inactive molecules which 

are similar to each other, and as such the false positive and 

false negative outcomes are at a minimum. The off-diagonal 

values are quite low, which also proves reliability of the 

model as well as its generalizability in the two classes. The 

reason why the high performance has been achieved is the 

fact that with the assistance of the MGNN, one can learn the 

connection between the molecules based on the data that is 

organized in the form of the graph and derive the local 

environment of atoms as well as the global interactions 

between the molecules. In general, the results of the confusion 

matrix analysis confirm that the suggested MGNN model can 

give correct, consistent, and understandable predictions, and it 

can be used as a useful computation tool in early-stage 

predictive drug discovery and activity screening. 

 
Fig 5. Confusion Matrix 

 

E. ROC-AUC Curve Analysis 

The Receiver Operating Characteristic (ROC) curve offers 

a graphical analysis of the classification performance of the 

Molecular Graph Neural Network (MGNN) model of the 

DOROTHEA Drug Discovery dataset as shown in Fig. 6. The 

ROC curve is a graph of True Positive rate (TPR) versus the 

False Positive rate (FPR) at different classification levels that 

provides a graphical interpretation of the model 

discriminative power. The MGNN also has a very sharp rise 

to the upper-left side of the figure, which is an indication of 

its high accuracy in differentiating between active and 

inactive compounds. The accuracy of the classification is 

indicated by the calculated Area Under the Curve (AUC) 

value of 0.995, which is almost perfect. Close AUC of 1.0 

means that the model is sensitive (many active compounds are 

detected) and specific (many inactive compounds are 

detected). The dashed line on the diagonal is a random guess 

classifier and the fact that the ROC curve of MGNN always 

remains far above this line proves the fact that it is more 

predictive. This large value of AUC confirms that the model 

is learning the molecular graph features well and has 

generated good capacity to predict the data that is yet to be 

seen. Altogether, the results of the ROC analysis verify that 

the suggested MGNN demonstrates excellent discriminative 

scores, which support its potential to become a very effective 

computational tool of predictive drug discovery and 

bioactivity screening in cheminformatics practice. 



 
Fig. 6 ROC-AUC Curve Analysis 

 

F. Quantitative Evaluation of Models 

The Quantitative Evaluation Summary above compares 

several models, such as the Random Forest, SVM, CNN 

(Descriptor-based), and the proposed Molecular Graph Neural 

Network (MGNN), in the aspects of the main performance 

indicators, including Accuracy, Precision, Recall, F1-score, 

and AUC as shown in . The MGNN has an impressive 

increase in all parameters, having the best accuracy of 0.96, 

and equally high scores on precision (0.96), recall (0.96), and 

F1-score (0.96). Moreover, it is possible to note that the 

MGNN reaches an impressive AUC score of 0.995 that 

demonstrates its remarkable abilities to differentiate between 

active compounds and inactive ones with the almost flawless 

accuracy. Comparatively, the performance of the Random 

Forest model is average because it has an accuracy of 0.87 

and SVM is average with a 0.89 accuracy. The CNN 

(Descriptor) network adds a bit more value to the prediction 

measures (accuracy of 0.91), which proves that deep feature 

extraction with the help of molecular descriptors is beneficial. 

Nevertheless, it remains inferior to the graph learning abilities 

of the MGNN. Altogether, this analysis can successfully 

prove that the suggested MGNN model is much more 

effective than traditional and description-oriented deep 

learning methods. Its high working capacity in all 

measurements testifies the efficiency of graph representation 

learning in learning the complicated molecular structures and 

relationships, which are necessary to undertake precise 

predictive drug discovery. 

 
Fig. 7 Quantitative Analysis of Models  

VII. CONCLUSION AND FUTURE WORK 

The Molecular Graph Neural Network (MGNN) model, 

which was proposed, demonstrated a better prediction 

accuracy and interpretability levels, being capable of 

distinguishing between active and inactive drugs in 

DOROTHEA Drug Discovery dataset. The MGNN with a 

classification accuracy of 96% and AUC of 0.995 indicated 

that it was capable of learning complex dependencies of 

molecules based on the use of graphs to learn features. The 

performance of the model justifies the importance of 

molecular graph representation in predictive drug discovery 

and a scalable and reliable framework of bioactivity 

classification is present. The key findings of this work are the 

introduction of a powerful graph representation learning 

method that learns atom-bond interactions using direct models 

on molecular structures, which allow strong feature-based 

learning and prediction biologically relevant. Compared to the 

classical models of descriptors, the MGNN automatically 

learns chemically meaningful patterns, which improves 

performance as well as interpretability. Nevertheless, there 

are still some shortcomings, including the extreme 

dimensionality of the dataset, the lack of explicit SMILES 

strings in the original data and the necessity to validate 

computational predictions experimentally. To continue 

working on this in the future, the study may be expanded with 

the incorporation of protein-ligand interaction data to come up 

with comprehensive drug-target prediction models. Moreover, 

it is possible to use graph pre-training approaches that are 

applied to self-supervised (including GraphCL and 

GraphMVP) which may additionally improve the quality of 

representations. It would also be beneficial to expand the 

strategy of multi-task molecular property prediction to 

increase its application in drug toxicity, solubility and 

pharmacokinetic modelling. 
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