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Abstract: 

Objective: To develop an artificial intelligence framework that integrates deep neural networks with molecular and protein 
feature engineering to accurately predict drug-target affinity, thereby supporting efficient computational drug discovery and 
therapeutic candidate identification. The proposed study employed a publicly available drug-target affinity dataset consisting 
of molecular SMILES representations, protein amino acid sequences, and experimentally determined affinity values, 
partitioned into training, validation, and testing subsets for model development. Material and Methods: A publicly available 
drug-target affinity dataset containing training, validation, and testing subsets was employed, in which molecular SMILES 
representations and protein sequences were converted into integrated numerical descriptors through feature engineering and 
standardized before model training. Subsequently, a Deep Neural Network (DNN) was developed to capture the complex 
relationships between the engineered molecular and protein features for accurate drug-target affinity prediction. Extracting 
representative features from molecular SMILES representations and protein sequences remains a major challenge in 
accurately predicting drug–target affinity. Capturing the complex nonlinear relationships between drug molecules and target 
proteins is further complicated by the high dimensionality and intricate nature of biological data. Results: To mitigate these 
challenges, a Deep Neural Network integrated with molecular and protein feature engineering was employed to effectively 
model complex drug–target interactions and enhance the accuracy of drug–target affinity prediction. The proposed Deep 
Neural Network efficiently learns complex nonlinear patterns from integrated molecular and protein features, thereby 
enhancing the accuracy of drug–target affinity prediction. The proposed Deep Neural Network achieved consistent 
performance across the training, validation, and testing datasets, with Pearson correlation coefficients of 0.6586, 0.6465, and 
0.6343, respectively. The obtained R² scores of 0.2585, 0.2163, and 0.1599 demonstrate the model's capability to effectively 
predict drug–target affinity using integrated molecular and protein features. Conclusion: The proposed Artificial Intelligence 
framework effectively combined Deep Neural Networks with integrated molecular and protein feature engineering for drug–
target affinity prediction. The findings indicate that the framework provides a reliable and efficient approach for modelling 
drug–target interactions, thereby supporting computational drug discovery. 
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1. INTRODUCTION 

Drug–target affinity prediction plays a crucial role in 
computational drug discovery by facilitating the 
identification of potential interactions between drug 
compounds and target proteins while minimizing the time, 
cost, and resources required for conventional laboratory-
based screening [1]. The increasing availability of 
biomedical data, including molecular SMILES 
representations and protein amino acid sequences, has 
accelerated the adoption of artificial intelligence techniques 
for extracting biologically relevant information [2]. 
Nevertheless, the heterogeneous characteristics of molecular 
and protein data, along with the complex nonlinear 
relationships governing drug–target interactions, continue to 
pose significant challenges for accurate affinity prediction 
[3]. 

Artificial intelligence, particularly deep learning, has gained 
considerable attention for its ability to effectively analyze 
complex biological datasets and uncover hidden interaction 
patterns. Deep Neural Networks (DNNs) have demonstrated 
superior capability in learning nonlinear relationships from 
high-dimensional data, making them well suited for drug–
target affinity prediction tasks [4]. Moreover, the integration 
of engineered molecular features derived from SMILES 
representations with protein sequence-based descriptors 
provides a richer representation of drug–target pairs, thereby 
enhancing the model's ability to characterize their biological 
interactions [5]. 

To address these challenges, this study presents an Artificial 
Intelligence Framework for Drug–Target Affinity Prediction 
using Deep Neural Networks and Integrated Molecular and 
Protein Feature Engineering [6]. The proposed framework 
converts molecular SMILES representations and protein 
sequences into standardized numerical descriptors through 
feature engineering, followed by Deep Neural Network-
based learning to model the underlying drug–target 
relationships [7]. By combining integrated feature 
representations with deep learning, the proposed approach 
aims to improve the accuracy and robustness of drug–target 
affinity prediction, thereby contributing to efficient 
computational drug discovery and the identification of 
potential therapeutic candidates [8]. 

 
2.1 RELATED WORK 

Drug–target affinity prediction has become an important 
area of research because of its potential to accelerate 
computational drug discovery and facilitate the 
identification of promising therapeutic compounds. A 
variety of artificial intelligence and deep learning techniques 
have been developed to enhance prediction performance by 
effectively modelling complex interactions between 
molecular and protein features. [9] Limbu and 
Dakshanamurthy introduced a hybrid deep learning model 
for predicting protein–ligand binding affinity and facilitating 

de novo drug design. The proposed framework employed a 
hybrid neural network to capture intricate protein–ligand 
relationships. The results demonstrated enhanced 
prediction accuracy and supported efficient drug 
discovery. [10] Ma et al. proposed a drug–target affinity 
prediction framework by integrating protein knowledge 
derived from biological networks. The study utilized deep 
learning with network-based protein representations to 
strengthen feature extraction. The proposed method 
improved affinity prediction by effectively incorporating 
biological network information. [11] Kumar and Singh 
developed an optimized deep learning model for predicting 
drug–target interactions and binding affinity. The 
framework adopted an optimized neural network 
architecture to model complex biological interactions. The 
findings showed improved predictive accuracy and robust 
affinity estimation. 

[12] Çevik et al. developed a sequence-based framework 
for drug–target binding prediction without requiring three-
dimensional structural information. The study evaluated 
machine learning, deep learning, and ensemble learning 
models using sequence-derived features. The results 
revealed that deep learning and ensemble techniques 
produced superior predictive performance. [13] Zhang et 
al. presented a deep learning approach that incorporated 
protein secondary structure information for drug–target 
binding affinity prediction. The proposed model integrated 
sequence and structural descriptors to generate enriched 
feature representations. The experimental findings 
confirmed improved prediction accuracy through 
secondary structure integration. [14] Wang et al. reviewed 
the application of artificial intelligence techniques in drug 
development with emphasis on drug–target interactions. 
The study examined various machine learning and deep 
learning methodologies employed in computational drug 
discovery. The review highlighted the significant 
contribution of artificial intelligence to improving drug 
discovery efficiency. 

[15] Zhang et al. conducted a comprehensive survey of 
graph neural network-based approaches for drug–target 
interaction and affinity prediction. The review analysed 
different graph neural network architectures and their 
biomedical applications. The study emphasized the 
effectiveness of graph-based models in enhancing 
prediction performance. [16] Hudson explored the 
application of machine learning-based data integration 
techniques in drug discovery and molecular biology. The 
study focused on integrating heterogeneous biological 
datasets to improve analytical performance. The findings 
demonstrated that data integration enhances predictive 
modelling and biological knowledge extraction. [17] Li et 
al. proposed a neural network-based multi-feature fusion 
framework for drug–target prediction. The approach 
integrated multiple biological feature representations to 
strengthen the learning process. The proposed model 
achieved improved prediction performance through 
effective feature fusion. 
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[18] Huang et al. investigated the integration of artificial 
intelligence and deep learning techniques for drug discovery 
and target identification. The study reviewed recent AI-
driven methodologies applied in pharmaceutical research. 
The findings indicated that deep learning substantially 
improves the effectiveness of computational drug discovery. 
[19] Xu et al. proposed a graph unseen node embedding 
learning network for drug–target affinity prediction. The 
framework utilized graph embedding techniques to learn 
meaningful representations of previously unseen nodes. The 
experimental results demonstrated enhanced prediction 
accuracy and better model generalization. [20] Liu 
introduced a drug–target affinity prediction method based on 
the consistent expression of heterogeneous biological data. 
The proposed framework integrated diverse biological 
information to improve feature representation. The results 
showed improved affinity prediction by effectively 
leveraging heterogeneous datasets. 

[21] Zhou et al. developed the XG-DTA framework for 
drug–target affinity prediction by integrating drug molecular 
graphs with protein sequences. The proposed method 
combined graph neural networks and the XLNet architecture 
for comprehensive feature learning. The framework 
achieved improved prediction accuracy through effective 
representation of drugs and proteins. [22] Yang et al. 
proposed GraphCL-DTA, a graph contrastive learning 
framework for drug–target binding affinity prediction. The 
model employed graph contrastive learning together with 
molecular semantic information to learn discriminative 
feature representations. The experimental evaluation 
demonstrated improved prediction accuracy and robust 
molecular feature learning. Despite the considerable 
progress achieved by existing artificial intelligence and deep 
learning approaches, effectively capturing the intricate 
nonlinear interactions between molecular and protein 
features while ensuring computational efficiency remains a 
persistent challenge in drug–target affinity prediction [23]. 
To address this limitation, the present study introduces an 
Artificial Intelligence Framework that combines Deep 
Neural Networks with integrated molecular and protein 
feature engineering to learn informative feature 
representations and enhance the accuracy and reliability of 
drug–target affinity prediction [24].  

 
2.2 Existing System Overview 
 
Conventional drug–target affinity prediction methods 
predominantly employ machine learning and deep learning 
algorithms to estimate the interaction strength between drug 
compounds and target proteins using molecular and 
biological characteristics [25]. While these approaches have 
improved the efficiency of computational drug discovery 
through the utilization of molecular SMILES representations, 
protein sequences, and feature extraction methods, they often 
struggle to accurately model the intricate nonlinear 
relationships present in heterogeneous biological data [26]. 
In addition, inadequate integration of molecular and protein 
features and the challenges associated with learning high-

dimensional representations can limit predictive 
performance and model generalizability, thereby 
emphasizing the need for more effective artificial 
intelligence-driven frameworks. 

2.2.1 Difficulty in Capturing Complex Biological 
Relationships 

 
 Existing drug–target affinity prediction approaches often 

struggle to effectively capture the intricate nonlinear 
interactions between molecular SMILES representations 
and protein sequence information. The complex nature of 
biological interactions and the high dimensionality of the 
input data can limit the capability of conventional machine 
learning and deep learning models, resulting in suboptimal 
prediction accuracy and reduced robustness. 

 
2.2.2 Inadequate Integration of Heterogeneous Features 
 

Many existing methods exhibit limitations in integrating 
molecular and protein features into a unified and 
informative representation for affinity prediction. 
Consequently, the models may fail to fully exploit the 
complementary information present in heterogeneous 
biological data, thereby affecting feature learning, 
computational efficiency, and the overall predictive 
performance of drug–target affinity prediction systems. 
 

2.3 Proposed System 

The proposed framework introduces an Artificial 
Intelligence-based approach for drug–target affinity 
prediction by integrating Deep Neural Networks (DNNs) 
with engineered molecular and protein features to 
effectively characterize drug–protein interactions. In the 
proposed methodology, molecular SMILES 
representations and protein amino acid sequences are 
converted into standardized numerical descriptors 
through feature engineering, followed by feature 
integration and normalization to construct comprehensive 
representations of drug–target pairs [27]. The resulting 
feature vectors are then utilized to train a Deep Neural 
Network capable of capturing complex nonlinear 
relationships within high-dimensional biological data, 
thereby enabling accurate affinity prediction [28]. By 
leveraging integrated feature engineering and deep 
learning, the proposed framework improves prediction 
accuracy, model robustness, and computational 
efficiency, making it a reliable solution for computational 
drug discovery and therapeutic candidate identification. 

2.3.1 Effective Modelling of Complex Drug–Target 
Interactions 

The proposed Artificial Intelligence framework employs 
Deep Neural Networks together with engineered 
molecular and protein features to effectively model the 
complex nonlinear interactions between drug molecules 
and target proteins. By learning rich and discriminative 
representations from high-dimensional biological data, 
the framework enhances prediction accuracy, improves 



 IJDDT Volume 16 Issue 75s 2026 Page: 206 
 

model robustness, and provides more reliable drug–target 
affinity estimation [29]. 

2.3.2 Unified Representation of Molecular and Protein 
Features 

The proposed framework integrates molecular descriptors 
extracted from SMILES representations with protein 
sequence-derived features to construct a comprehensive 
and unified feature representation for each drug–target pair. 
This integrated feature engineering strategy effectively 
captures complementary chemical and biological 
information, leading to improved feature representation, 
increased computational efficiency, and enhanced overall 
performance in drug–target affinity prediction [30]. 

3. MATERIAL AND METHODS 

3.1 Research Area 

Drug–target affinity prediction has become a significant 
research domain in computational drug discovery, aiming 
to accurately estimate the interaction strength between drug 
compounds and target proteins through computational 
approaches. The increasing availability of molecular 
SMILES representations and protein sequence data has 
encouraged the widespread adoption of artificial 
intelligence techniques for analysing complex biological 
information, enabling faster and more cost-effective 
identification of promising therapeutic candidates 
compared with conventional experimental methods. 

Advances in artificial intelligence, particularly Deep 
Neural Networks (DNNs), have provided effective 
solutions for modelling the intricate nonlinear relationships 
inherent in high-dimensional molecular and protein data. 
Recent studies have increasingly focused on integrating 
engineered molecular descriptors with protein sequence-
derived features to construct informative feature 
representations that improve affinity prediction. Building 
upon these developments, the present research introduces 
an Artificial Intelligence Framework that integrates 
molecular and protein feature engineering with Deep 
Neural Networks to enhance the accuracy, robustness, and 
computational efficiency of drug–target affinity prediction. 

3.2 Dataset Description 

The proposed framework employs a publicly available 
drug–target affinity dataset containing 52,274 drug–target 
interaction instances, which are divided into 36,592 
training samples, 5,227 validation samples, and 10,455 
testing samples for model development and evaluation 
[31]. Each instance includes a unique drug identifier, the 
molecular SMILES representation of the drug, a target 
protein identifier, the corresponding protein amino acid 
sequence, and an experimentally measured binding affinity 
value (Y). The molecular SMILES strings and protein 
sequences are utilized as the primary input features, 
whereas the binding affinity value serves as the target 
variable for supervised learning. By incorporating diverse 
molecular and protein characteristics, the dataset enables 

the proposed Deep Neural Network framework to 
effectively learn complex drug–target interactions 
through integrated molecular and protein feature 
engineering, thereby facilitating accurate affinity 
prediction.  Table 1 presents the overview of the Drug–
Target Affinity dataset, including the dataset size, 
molecular and protein data representations, target output 
variable, and the allocation of samples for training, 
validation, and testing used in the proposed framework. 
Fig. 3.1 presents a representative sample of the training 
dataset, illustrating drug–target pairs along with their 
corresponding molecular SMILES, protein amino acid 
sequences, and experimentally determined binding 
affinity values used to train the proposed Deep Neural 
Network framework. Fig. 3.2 depicts a representative 
subset of the testing dataset, showcasing drug–target pairs 
along with their associated molecular SMILES, protein 
amino acid sequences, and experimentally measured 
binding affinity values utilized to assess the predictive 
capability and generalization performance of the 
proposed Deep Neural Network framework. Fig. 3.3 
presents a representative subset of the validation dataset, 
illustrating drug–target pairs together with their 
corresponding molecular SMILES, protein amino acid 
sequences, and experimentally measured binding affinity 
values used to validate the predictive performance and 
generalization capability of the proposed Deep Neural 
Network framework. 

Table 1 Drug–Target Affinity dataset 

Parameter Value 

Dataset Drug–Target Affinity 
Dataset 

Total Samples 52,274 

Drug 
Representation 

Molecular SMILES 

Protein 
Representation 

Protein Amino Acid 
Sequence 

Output Drug–Target Binding 
Affinity (Y) 

Training Samples 36,592 

Validation Samples 5,227 

Testing Samples 10,455 

 

 
Fig 3.1 Sample Training data - drug–target pairs [31] 
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Fig 3.2 Sample Test data - drug–target pairs with their 
associated molecular SMILES [31] 

 

Fig 3.3 Sample Validation data - drug–target pairs [31] 

3.3 Proposed Architecture  
The proposed architecture presents an Artificial 
Intelligence-based framework for drug–target affinity 
prediction by integrating Deep Neural Networks (DNNs) 
with molecular and protein feature engineering to 
effectively characterize drug–protein interactions. Initially, 
a publicly available drug–target affinity dataset containing 
molecular SMILES representations, protein amino acid 
sequences, and experimentally measured binding affinity 
values is utilized for model development. The SMILES 
strings and protein sequences are independently 
transformed into informative numerical representations 
through feature engineering, after which the extracted 
molecular and protein features are integrated to construct a 
unified feature vector. The integrated features are 
subsequently normalized to ensure consistent feature 
scaling and to enhance the efficiency and stability of Deep 
Neural Network training. The normalized feature vectors 
are then provided as input to the DNN, which learns the 
complex nonlinear relationships between drug compounds 
and target proteins to predict binding affinity accurately. 
Finally, the effectiveness of the proposed framework is 
assessed using standard regression performance metrics, 
including Mean Absolute Error (MAE), Mean Squared 
Error (MSE), Root Mean Squared Error (RMSE), Pearson 
Correlation Coefficient, and the coefficient of 
determination (R²), demonstrating its capability to support 
reliable computational drug discovery and therapeutic 
candidate identification. Fig. 3.4 presents the proposed 
Artificial Intelligence framework for drug–target affinity 
prediction, illustrating the complete processing pipeline 
from dataset preparation through feature engineering, 
feature integration, normalization, Deep Neural Network-
based affinity prediction, and final performance evaluation. 

 
3.4 Molecular Feature Engineering 
The molecular feature engineering process transforms the 
molecular SMILES (Simplified Molecular Input Line Entry 
System) representations of drug compounds into 
informative numerical descriptors suitable for machine 
learning. Initially, each SMILES string is processed to 
extract relevant molecular characteristics, including 
physicochemical and structural properties that describe the 

chemical composition and topology of the drug molecule. 
In addition, molecular fingerprints are generated to 
encode the presence or absence of specific substructures 
and functional groups as fixed-length binary or numerical 
vectors, thereby preserving essential structural 
information. The extracted descriptors and molecular 
fingerprints are subsequently combined and numerically 
encoded to construct a comprehensive molecular feature 
vector, which serves as the drug representation for Deep 
Neural Network training. Mathematically, the molecular 
feature vector can be represented as 
M= {m1, m2, m3, …..m             ------------(1) 
where M denotes the molecular feature vector and m 
represents the ith molecular descriptor or fingerprint 
feature. 

 
 
 
Fig. 3.4 proposed Artificial Intelligence framework for 
drug–target affinity prediction 
 
3.5 Protein Feature Engineering 
Protein feature engineering aims to convert protein amino 

Dataset: 
Drug 
SMILES 
Protein 
Sequenc
e 

 
 
 

Affinity 
Prediction 

Feature 
Enginee
ring 

 

Feature 
Integrati
on 

 

Normalizati
on 

 

Deep 
Neural 
Network 

Performan
ce 
Evaluation 
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acid sequences into informative numerical representations 
that capture their biological and structural characteristics. 
Each protein sequence is initially encoded using sequence-
based descriptors derived from the amino acid composition 
and physicochemical properties of individual residues. 
Feature extraction techniques are then employed to generate 
discriminative protein descriptors that preserve meaningful 
sequence information while reducing redundancy. These 
encoded protein features provide a compact representation 
of the target protein and facilitate effective learning of 
drug–protein interactions. The resulting protein feature 
vector is mathematically expressed as 
P= {p1, p2, p3, ….p}                                       ------------(2) 
where P represents the protein feature vector and pj denotes 
the jth protein descriptor extracted from the amino acid 
sequence. The generated molecular and protein feature 
vectors are subsequently integrated to form the input 
representation for the proposed Deep Neural Network-
based drug–target affinity prediction framework. 
 
3.6 Integrated Feature Engineering 
The integrated feature engineering stage is designed to 
generate a unified representation by combining the 
extracted molecular and protein features for each drug–
target pair. The molecular feature vector obtained from the 
SMILES representation and the protein feature vector 
derived from the amino acid sequence are concatenated to 
capture complementary chemical and biological 
information within a single feature space. This integrated 
representation enables the proposed Deep Neural Network 
to effectively learn the complex nonlinear relationships 
between drugs and target proteins, thereby improving the 
accuracy and robustness of drug–target affinity prediction. 
The integrated feature vector is represented as 
                          𝐹 = [𝐷   ∣∣   𝑃],                        ------------(3) 
 
where 𝐷denotes the molecular feature vector, 𝑃represents 
the protein feature vector, and 𝐹corresponds to the 
concatenated feature vector used as the input to the Deep 
Neural Network. 
 
3.7 Data Preprocessing 
Data preprocessing is performed to prepare the integrated 
molecular and protein features for efficient Deep Neural 
Network training. Initially, the dataset is inspected to detect 
and address missing or incomplete values, ensuring the 
consistency and integrity of the input data. Subsequently, 
feature scaling is applied to minimize variations in feature 
magnitude, and the Standard Scaler technique is employed 
to standardize each feature by transforming it to a common 
scale with zero mean and unit variance. Finally, the 
standardized dataset is divided into training, validation, and 
testing subsets to facilitate model training, hyperparameter 
tuning, and unbiased performance evaluation. The 
standardization process is mathematically defined as 

𝑧 =
𝑥 − 𝜇

𝜎
 

                                                                           ------------
(4) 
where 𝑥represents the original feature value, 𝜇denotes the 

mean of the feature, 𝜎is the standard deviation, and 𝑧is the 
standardized feature value. 
 
3.8 Deep Neural Network Architecture 
The proposed Deep Neural Network (DNN) architecture 
is designed to accurately model the complex nonlinear 
relationships between integrated molecular and protein 
features for drug–target affinity prediction. The integrated 
feature vector generated through molecular and protein 
feature engineering is first supplied to the input layer, 
which serves as the initial representation of each drug–
target pair. The input features are then propagated through 
three fully connected hidden layers containing 512, 256, 
and 128 neurons, respectively, allowing the network to 
progressively learn hierarchical and discriminative feature 
representations. The Rectified Linear Unit (ReLU) 
activation function is applied after each hidden layer to 
introduce nonlinearity and enhance the network's learning 
capability, while a Dropout layer is incorporated 
following the first hidden layer to minimize overfitting 
and improve generalization performance. The extracted 
high-level representations are forwarded to the output 
layer, which predicts the drug–target binding affinity 
value. By leveraging multiple hidden layers and nonlinear 
feature learning, the proposed DNN architecture 
effectively captures complex biological interactions from 
high-dimensional molecular and protein data, thereby 
improving the accuracy, robustness, and computational 
efficiency of drug–target affinity prediction. Fig. 3.5 
presents the proposed Deep Neural Network architecture, 
highlighting the flow of data from the input layer through 
successive dense layers with ReLU activation and dropout 
regularization, culminating in the output layer for accurate 
drug–target affinity prediction. 

 
Fig. 3.5 The proposed Deep Neural Network architecture 

Dense (256) 

Input Dense (512) 
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ReLU 

ReLU 
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3.9 Model Training 
The proposed Deep Neural Network (DNN) was trained 
using the integrated molecular and protein feature 
representations to predict drug–target binding affinity 
accurately. During model optimization, the Mean Squared 
Error (MSE) loss function was adopted to minimize the 
discrepancy between the predicted and experimentally 
observed affinity values, thereby improving the regression 
performance of the network. The Adam optimizer was 
employed to update the model parameters efficiently by 
adaptively adjusting the learning rate, resulting in faster 
convergence and stable training. Furthermore, the model 
was trained over a predefined number of epochs with an 
appropriate batch size, while a fixed learning rate was 
maintained to ensure effective optimization throughout the 
training process. This training strategy enables the proposed 
framework to efficiently learn complex nonlinear 
relationships from integrated molecular and protein 
features, thereby enhancing the accuracy and robustness of 
drug–target affinity prediction. The MSE loss function is 
expressed as 

             ------------(5) 
where 𝑁denotes the total number of samples, 𝑦௜represents 
the experimentally observed binding affinity, and 𝑦ො௜denotes 
the corresponding predicted affinity. 
 
3.9.1 Performance Evaluation Metrics 
The predictive performance of the proposed Deep Neural 
Network framework was assessed using multiple 
regression-based evaluation metrics to provide a 
comprehensive analysis of its effectiveness. Mean Absolute 
Error (MAE) was employed to measure the average 
absolute deviation between the actual and predicted affinity 
values, whereas Mean Squared Error (MSE) quantified the 
average squared prediction error. Root Mean Squared Error 
(RMSE) was utilized to evaluate the prediction error in the 
original scale of the affinity values, while the coefficient of 
determination (𝑅ଶ) measured the proportion of variance in 
the experimental data explained by the proposed model. In 
addition, the Pearson Correlation Coefficient (PCC) was 
calculated to determine the strength of the linear 
relationship between the predicted and actual binding 
affinity values. Collectively, these evaluation metrics 
provide a reliable assessment of the prediction accuracy, 
model robustness, and generalization capability of the 
proposed framework. The mathematical formulations of the 
evaluation metrics are given below: 

 
------------ (6 – 10) 
 
where 𝑦௜and 𝑦ො௜represent the actual and predicted binding 
affinity values, respectively, 𝑦തand 𝑦ොതdenote their 
corresponding mean values, and 𝑁represents the total 
number of samples used for evaluation. 
 
4.1 EXPERIMENTAL SET UP 
 
The proposed Artificial Intelligence framework for drug–
target affinity prediction was developed using the Python 
programming language within the Google Colab 
environment. The Deep Neural Network architecture was 
implemented using the TensorFlow framework, while 
Scikit-learn was utilized for feature preprocessing, 
regression analysis, and performance evaluation. Pandas 
and NumPy libraries facilitated efficient data processing 
and numerical computations, whereas Matplotlib was 
employed to visualize the experimental results and model 
performance. All experiments were conducted using the 
computational resources available in Google Colab, 
leveraging either GPU acceleration or CPU execution 
depending on resource availability, thereby ensuring 
efficient model training and evaluation. Table 2 illustrates 
representative actual and predicted drug–target binding 
affinity values obtained from the training, validation, and 
testing datasets, highlighting the prediction capability of 
the proposed Deep Neural Network across different stages 
of model evaluation. 
 
4.2 Training Performance 
The effectiveness of the proposed Deep Neural Network 
was first assessed using the training dataset to evaluate its 
capability to learn meaningful patterns from the integrated 
molecular and protein features. As summarized in Table 
3, the proposed framework achieved a Mean Absolute 
Error (MAE) of 40,901.27, a Mean Squared Error (MSE) 
of 1.1705 × 10¹¹, and a Root Mean Squared Error (RMSE) 
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of 342,131.63. Furthermore, the model attained an R² score 
of 0.2585 and a Pearson Correlation Coefficient of 0.6586, 
indicating a moderate correlation between the predicted and 
experimentally observed binding affinity values. These 
findings demonstrate that the proposed model effectively 
learned the underlying relationships within the training data 
and established a reliable foundation for subsequent 
validation and testing. 
 
4.3 Validation Performance 
The predictive capability of the proposed framework was 
further examined using the validation dataset to assess its 
generalization performance on unseen samples during 
model development. As presented in Table 4, the model 
achieved an MAE of 43,879.64, an MSE of 1.3692 × 10¹¹, 
and an RMSE of 370,025.49. Additionally, the framework 
obtained an R² score of 0.2163 and a Pearson Correlation 
Coefficient of 0.6465, reflecting consistent predictive 
performance and a moderate positive relationship between 
the predicted and actual binding affinity values. The 
relatively small variation in performance compared with the 
training dataset indicates that the proposed Deep Neural 
Network generalized effectively without exhibiting 
substantial overfitting. 
 
4.4 Testing Performance 
The final evaluation of the proposed Artificial Intelligence 
framework was performed using an independent testing 
dataset to determine its predictive performance on 
completely unseen drug–target interactions. As reported in 
Table 5, the model achieved an MAE of 47,287.62, an MSE 
of 1.6930 × 10¹¹, and an RMSE of 411,456.42. The 
corresponding R² score of 0.1599 and Pearson Correlation 
Coefficient of 0.6343 indicate that the proposed framework 
maintained a moderate level of agreement between the 
predicted and experimentally measured affinity values 
when evaluated on new data. Although a slight reduction in 
performance was observed compared with the training and 
validation datasets, the overall results demonstrate that the 
proposed Deep Neural Network exhibits stable predictive 
capability and satisfactory generalization, highlighting its 
potential for supporting computational drug discovery and 
drug–target affinity prediction. Fig 4.1 shows integrated 
feature engineering. 
.  
Table 2 Actual and predicted drug–target binding affinity 
values - from the training, validation, and testing datasets 
 

Train 
Predication 

Test Prediction 
Validation 
Prediction 

Act
ual 

Predict
ed 

Actu
al 

Predict
ed 

Act
ual 

Predic
ted 

0.46 
1079.5
085 7.59 

1111.5
154 

500
0 

1023 

0.49 
1064.9
719 

1000
0 

1198.7
786 

12 997.1
5 

0.83 
913.70
42 

1000
0 

1112.8
193 

30 6067.
2 

0.32 
995.51
337 

0.741
31 538.44 

1 1414.
7 

0.1 
1081.3
094 140 

1360.3
424 

100
00 

1284.
5 

1.7 
1079.0
281 79 

497.89
935 

6.4 1567.
5 

0.13 
1216.7
336 

1000
0 
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Fig. 4.1 Integrated Feature Engineering 
 

5. EXPERIMENTAL RESULT 
 
The experimental findings demonstrate the capability of the 
proposed Deep Neural Network framework to predict drug–
target binding affinity by effectively learning from 
integrated molecular and protein features. The model 
achieved Mean Absolute Error (MAE) values of 40,901.27, 
43,879.64, and 47,287.62 for the training, validation, and 
testing datasets, respectively. Similarly, the corresponding 
Mean Squared Error (MSE) values were 1.1705 × 10¹¹, 
1.3692 × 10¹¹, and 1.6930 × 10¹¹, while the Root Mean 
Squared Error (RMSE) values were recorded as 
342,131.63, 370,025.49, and 411,456.42. Although a 
gradual increase in the error metrics was observed from the 
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training dataset to the testing dataset, such behaviour is 
expected when evaluating the model on unseen samples and 
indicates that the proposed framework maintains consistent 
predictive performance across different data partitions. 
 
In addition, the proposed model obtained R² scores of 0.2585, 
0.2163, and 0.1599 for the training, validation, and testing 
datasets, respectively, demonstrating its ability to capture a 
considerable portion of the variability in the binding affinity 
values. The Pearson Correlation Coefficient values of 0.6586 
for the training dataset, 0.6465 for the validation dataset, and 
0.6343 for the testing dataset further indicate a stable 
moderate positive correlation between the predicted and 
experimentally measured affinity values. The relatively small 
decline in both the R² score and Pearson correlation across 
the three datasets suggests that the proposed Deep Neural 
Network exhibits satisfactory generalization capability while 
maintaining stable prediction performance. Overall, these 
results confirm the effectiveness and robustness of the 
proposed Artificial Intelligence framework, highlighting its 
suitability for reliable drug–target affinity prediction in 
computational drug discovery applications. 
 
Table 3 presents the training performance of the proposed 
Deep Neural Network by reporting the regression evaluation 
metrics, including MAE, MSE, RMSE, R² Score, and 
Pearson Correlation, which assess its learning capability on 
the training dataset. Table 4 summarizes the regression 
performance of the proposed Deep Neural Network on the 
validation dataset using MAE, MSE, RMSE, R² Score, and 
Pearson Correlation, demonstrating its ability to generalize 
effectively to unseen validation samples. Table 5 summarizes 
the regression performance of the proposed Deep Neural 
Network on the testing dataset using MAE, MSE, RMSE, R² 
Score, and Pearson Correlation, demonstrating its capability 
to accurately predict drug–target binding affinity for 
previously unseen testing samples. 
. 
Table 3. Training Performance of the proposed Deep Neural 
Network 

Metric Value 
Mean Absolute Error 
(MAE) 

40,901.2664 

Mean Squared Error 
(MSE) 

117,054,049,498.1611 

Root Mean Squared Error 
(RMSE) 

342,131.6260 

R² Score 0.2585 
Pearson Correlation 0.6586 

 
Table 4. Validation Performance of the proposed Deep 
Neural Network 

Metric Value 
Mean Absolute Error 
(MAE) 

43,879.6424 

Mean Squared Error 
(MSE) 

136,918,866,936.9579 

Root Mean Squared Error 
(RMSE) 

370,025.4950 

R² Score 0.2163 
Pearson Correlation 0.6465 

 
 
Table 5. Testing Performance of the proposed Deep Neural 
Network 

Metric Value 
Mean Absolute Error 
(MAE) 

47,287.6239 

Mean Squared Error 
(MSE) 

169,296,389,139.8429 

Root Mean Squared Error 
(RMSE) 

411,456.4244 

R² Score 0.1599 
Pearson Correlation 0.6343 

 
Fig. 5.1 represents the comparison of R² Score across the 
training, validation, and testing datasets. Fig. 5.2 illustrates 
1 presents the comparison of the regression error metrics, 
namely Mean Absolute Error (MAE), Mean Squared Error 
(MSE), Root Mean Squared Error (RMSE) and Pearson 
Correlation, across the training, validation, and testing 
datasets, illustrating a gradual increase in prediction error 
on unseen data.  
 

 
 
Fig. 5.1 Model’s Performance Comparisons - R² Score 
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Fig. 5.2 Model’s Performance Comparisons - MAE, MSE, 
RMSE and Pearson Correlation 
Fig. 5.3 presents the training and validation loss curves over 
successive training epochs, illustrating the convergence 
behaviour and learning progress of the proposed Deep Neural 
Network during model optimization. Fig. 5.4 illustrates the 
relationship between the actual and predicted drug–target 
binding affinity values, demonstrating the prediction 
accuracy achieved by the proposed Deep Neural Network. 
Fig. 5.5 presents the residual error distribution of the 
proposed model, showing that most prediction errors are 
concentrated near zero, which indicates stable and reliable 
prediction performance. Fig. 5.6 depicts the prediction error 
scatter plot, illustrating the distribution of prediction errors 
across the predicted binding affinity values and reflecting the 
consistency of the proposed Deep Neural Network over 
different prediction ranges. 
 

 
Fig. 5.3 Training and validation loss curves over successive 
training epochs 
 

c

 
 
Fig 5.4 Relationship between the actual and predicted drug–
target binding affinity values 
 

 
 
Fig. 5.5 Residual error distribution of the proposed mode 
 

 
Fig. 5.6 The distribution of prediction errors across the 
predicted binding affinity values 
 
Fig. 5.7 illustrates the top 20 most influential molecular and 
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protein features identified by the proposed framework, 
demonstrating their relative importance in enhancing the 
accuracy of drug–target affinity prediction using the Deep 
Neural Network. 
 

 
Fig. 5.7 The top 20 most influential molecular and protein 
features 
 

6. DISCUSSION ON RESULTS 
 
6.1 Discussion on Findings 

 
The experimental findings indicate that the proposed 
Artificial Intelligence framework effectively predicts drug–
target binding affinity by combining molecular SMILES 
representations and protein amino acid sequence features 
through an integrated feature engineering strategy and a 
Deep Neural Network architecture. The framework achieved 
MAE values of 40,901.27, 43,879.64, and 47,287.62 for the 
training, validation, and testing datasets, respectively, while 
maintaining Pearson Correlation values of 0.6586, 0.6465, 
and 0.6343 across the corresponding datasets. Although the 
error metrics increased slightly from the training phase to the 
testing phase, the variation remained gradual, indicating 
stable model performance and satisfactory generalization to 
previously unseen drug–target pairs. Moreover, the feature 
importance analysis confirmed that both molecular 
descriptors and protein sequence characteristics contributed 
substantially to the prediction process, demonstrating that 
the integration of heterogeneous biological features enabled 
the Deep Neural Network to learn informative 
representations associated with drug–target binding affinity. 

 
The performance of the proposed framework is comparable 
with recent deep learning-based drug–target affinity 
prediction approaches reported in the literature. Tang et al. 
[32] employed a hybrid Transformer and Convolutional 
Neural Network architecture to model sequential drug and 
protein information for affinity prediction, whereas E. A et 
al. [33] demonstrated the effectiveness of deep learning 
techniques in learning complex drug–target interaction 
patterns to accelerate computational drug discovery. 
Similarly, Pragya et al. [34] integrated drug and target 

descriptors with Artificial Intelligence models to improve 
binding affinity prediction for pancreatic ductal 
adenocarcinoma. In comparison with these studies, the 
proposed framework utilizes a streamlined Deep Neural 
Network architecture supported by integrated molecular 
and protein feature engineering, thereby reducing 
architectural complexity while maintaining consistent 
predictive performance across the training, validation, and 
testing datasets. These observations suggest that effective 
feature integration combined with an optimized Deep 
Neural Network can provide reliable and robust drug–
target affinity prediction, making the proposed framework 
a practical solution for computational drug discovery and 
therapeutic candidate identification. 
 
6.2 Performance Evaluation 
 
The performance evaluation confirms the effectiveness of 
the proposed Artificial Intelligence framework in 
predicting drug–target binding affinity by leveraging 
integrated molecular SMILES representations and protein 
amino acid sequence features within a Deep Neural 
Network. Utilizing a Drug–Target Affinity dataset 
containing 52,274 samples, the proposed model achieved 
MAE values of 40,901.27, 43,879.64, and 47,287.62, 
RMSE values of 342,131.63, 370,025.49, and 411,456.42, 
and Pearson Correlation values of 0.6586, 0.6465, and 
0.6343 for the training, validation, and testing datasets, 
respectively. The gradual changes observed in the 
regression metrics across the three datasets indicate 
consistent predictive performance and satisfactory 
generalization to unseen drug–target pairs. In addition, the 
feature importance analysis demonstrated that both 
molecular descriptors and protein sequence features played 
significant roles in enhancing prediction accuracy, 
validating the effectiveness of the integrated feature 
engineering approach. Overall, the experimental findings, 
together with the comparative analysis against recent deep 
learning-based approaches, demonstrate that the proposed 
framework provides reliable, robust, and computationally 
efficient drug–target affinity prediction, making it well 
suited for computational drug discovery and therapeutic 
candidate screening.  
 
6.3 Recommendations and Future Work 
 
The proposed Artificial Intelligence framework 
demonstrated promising capability in predicting drug–
target binding affinity through the effective integration of 
molecular SMILES representations and protein amino acid 
sequence features within a Deep Neural Network 
architecture. Future work should focus on improving the 
framework by incorporating richer molecular 
representations, including graph-based embeddings, three-
dimensional structural information, and additional 
physicochemical properties, to capture more 
comprehensive drug–target interaction patterns. 
Furthermore, validating the proposed model on larger, 
heterogeneous, and disease-specific benchmark datasets 
would enhance its robustness, scalability, and applicability 
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across diverse drug discovery scenarios. The inclusion of 
Explainable Artificial Intelligence (XAI) techniques can also 
improve the interpretability of the prediction process by 
providing insights into the key molecular and protein 
features influencing binding affinity. In addition, exploring 
transfer learning, multimodal feature integration, and 
advanced hybrid deep learning architectures may further 
enhance predictive performance while supporting efficient 
virtual screening, drug repurposing, and precision medicine 
applications, thereby contributing to the development of 
more accurate and reliable computational drug discovery 
systems. 
 

6.4 Mathematical Modelling 
Let the Drug–Target Affinity dataset be represented as 
 

------------(11) where 
 
* di denotes the molecular SMILES representation of the ith 
drug, 
*pi denotes the amino acid sequence of the corresponding 
protein, 
* yi represents the experimentally measured binding affinity 
value, and 
* N is the total number of drug–target pairs. 
 
6.4.1 Drug Feature Representation 
 
The molecular SMILES sequence is transformed into a 
numerical feature vector through molecular feature 
engineering as 

------------(12) 
where 
 
* fd(.) represents the molecular feature extraction function, 
and 

*  
 6.4.2 Protein Feature Representation 
 
Similarly, the protein amino acid sequence is converted into 
a numerical feature vector as 

------------(13) 
Where fp(.) denotes the protein feature extraction function, 
and  

 
6.4.3 Integrated Feature Engineering 
 
The drug and protein feature vectors are concatenated to form 
a unified representation 

------------(14) 
where 

 

This integrated feature vector contains complementary 
molecular and biological information required for affinity 
prediction. 
 
6.4.4 Feature Normalization 
 
To ensure numerical stability during training, each feature 
is normalized using Min–Max normalization 
 

 ------------(15) 
where 
 
* xi is the original feature, 
* xi' is the normalized feature. 
 
6.4.5 Deep Neural Network Model 
 
The normalized feature vector is supplied to a Deep Neural 
Network consisting of multiple fully connected layers. 
 
For the first hidden layer, 

 ------------(16) 
For the second hidden layer, 

------------(17) 
For the third hidden layer, 

 ------------(18) 
Where, W denotes weight matrices, b  denotes bias vectors, 
ReLU is defined as 

------------(19) 
6.4.6 Affinity Prediction 
 
The predicted drug–target affinity is obtained through the 
output layer 

------------(20) 
where  y^ is the predicted binding affinity. 
 
6.4.7 Loss Function 
 
The model parameters are optimized by minimizing the 
Mean Squared Error (MSE) 

------------(21)  
where 
 
* yi is the actual affinity, 
* yi^ is the predicted affinity. 
 
5. CONCLUSION  
 
This research proposed an Artificial Intelligence 
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framework for predicting drug–target binding affinity by 
integrating molecular SMILES representations and protein 
amino acid sequence features through a Deep Neural 
Network architecture. The framework was evaluated using a 
Drug–Target Affinity dataset containing 52,274 samples and 
demonstrated consistent predictive performance across the 
training, validation, and testing datasets. The obtained MAE 
values of 40,901.2664, 43,879.6424, and 47,287.6239, 
together with RMSE values of 342,131.6260, 370,025.4950, 
and 411,456.4244 and Pearson Correlation values of 0.6586, 
0.6465, and 0.6343, indicate that the model effectively 
captured the underlying relationships between molecular and 
protein features while maintaining satisfactory generalization 
on unseen data. The gradual increase in prediction error from 
the training to the testing phase reflects stable learning 
behavior and demonstrates the robustness of the proposed 
framework. Furthermore, the integrated feature engineering 
approach enabled the model to exploit complementary 
information from both drug molecules and protein sequences, 
thereby enhancing the accuracy of drug–target affinity 
prediction. The comparative discussion with recent deep 
learning-based approaches also indicates that the proposed 
framework achieves reliable predictive performance while 
employing a relatively simple and computationally efficient 
Deep Neural Network architecture. Consequently, the 
proposed method represents a practical and scalable solution 
for computational drug discovery, with potential applications 
in virtual screening, drug repurposing, and the identification 
of promising therapeutic candidates for precision medicine. 
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