
D

S

A

D

D

A

S

D 

J Appl Biotechnol Rep. 2025 September;12(3):1776-1783 

  Journal of 

1- Applied Biotechnology 

 Reports 

   

 

 Original Article 

 doi  10.30491/jabr.2023.405609.1651 

 

Copyright © 2025 The Author(s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (http:// 

creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly 

cited. 

Assisting In Silico Drug Discovery Through Protein-Ligand 

Binding Affinity Prediction by Convolutional Neural Networks 

Milad Rayka
 1   

, Ali Mohammad Latifi
 1   

, Morteza Mirzaei
 1* 

1 
Applied Biotechnology Research Center, New Health Technologies Institute, Baqiyatallah University of Medical Sciences, Tehran, Iran 

 

Corresponding Author: Morteza Mirzaei, PhD, Applied Biotechnology Research Center, New Health Technologies Institute, 

Baqiyatallah University of Medical Sciences, Tehran, Iran. Tel: +989122366089, E-mail: mraga85@gmail.com   
 

Received November 10, 2023; Accepted December 25, 2023; Online Published September 30, 2025 

 

Introduction  

Over the past decade, with the advancement of technology, 

specifically in graphics processing unit (GPU) hardware, the 

proliferation of data, and the improvement of learning 

algorithms, deep learning has become an indispensable tool 

for scientists and engineers.1,2 Deep learning has a wide 

range of applications, including face recognition,3 natural 

language processing,4 economics, medicine,5,6 and drug 

discovery.7 Utilizing deep learning for solving challenging 

chemistry  problems has gained numerous attention lately.8 

Deep learning covers various areas of research in chemistry, 

such as QSAR,9,10 retrosynthesis,11 molecular dynamics,12,13 

and quantum chemistry.14-16 Another crucial area for applying 

deep learning in drug design is molecular docking.17 

Identifying novel protein-ligand inhibitors (activators) 

for every possible protein-ligand pair, either experimentally 

or by employing molecular dynamics (MD) simulation, is 

time-consuming and expensive.18 The molecular docking 

algorithm circumvents the mentioned obstacles by 

simplifying the physics of the problem in a two-step process. 

In step 1, instead of using crystallography techniques or 

exploring phase space using MD simulation to detect native 

or quasi-native binding modes, different poses are sampled 

in the protein’s binding site by employing typical algorithms 

like Monte-Carlo.19 In step 2, the binding strength of the 

ligand pose in the protein binding site is estimated using a 

scoring function, and the pose with the highest score is 

selected as the most similar structure to the native 

crystal.20,21 Estimating this score, which is proportional to 

binding affinity, is the weakest point in molecular docking. 

The advent of drug design data sets such as PDBbind22 and 

DUD-E23 contributed to constructing machine and deep 

learning methods for calculating this demanding task which 

outperforms all classical scoring functions.17,24-26 

Feed-forward, convolutional, transformer, and graph 

neural networks are among the prominent deep learning 

architectures used for structure-based protein-ligand binding 

affinity predictions. A feed-forward neural network (FFNN) 

is composed of several layers consisting of a finite number 

of neurons.2 Input data should be converted to a numerical 1-

dimensional array. During learning, the parameters of FFNN 
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are optimized so that FFNN can predict the target value of 

unseen data precisely.  NNScore,27,28 BgN-Score,29 and Zhu 

et al.30 paper are among deep learning-based scoring functions 

that take advantage of FFNN as a learning algorithm. A 

convolutional neural network (CNN) is one of the deep 

learning methods frequently applied in the computer vision 

field. In contrast to FFNN, CNN’s inputs can be two or 3-

dimensional grids. Therefore, the 3-dimensional structure of 

molecules with minimum feature engineering can be used as 

inputs for training CNN models.2 Scoring functions in this 

category have superior performance compare to the other 

machine and deep learning-based scoring functions. KDeep,
31 

Pafnucy,32 OnionNet,33 LigityScore,34 Sfcnn,35 and RosENet36 

are the most well-known scoring functions that employ CNN 

in their construction. Transformer-based neural networks 

adopt the mechanism of self-attention, weighing the importance 

of each part of the input data in their architectures. 

ViTRMSE, caDeepDock, RTMScore, and HAC-Net37-40 are 

some transformer-based examples. Graph neural networks 

(GNN), or more specifically message passing neural 

networks (MPNN), have attracted attention in recent years 

and have become one of the most promising neural networks 

in the chemistry discipline.41,42 In MPNN, or GNN each, 

input data, i.e., molecule, is represented as a graph in which 

nodes of the graph are atoms, and the bond between them 

are considered as edges. PotentialNet,43 SIGN,44 MetalPro 

GNet,45 MedusaGraph,46 InteractionGraphNet,47 and graph 

Delta48 can be considered MPNN scoring functions. 

In this manuscript, three different convolutional neural 

networks, i.e., sequential, residual, and inception models, 

and a new feature generation technique based on distance-

weighted atomic contacts are proposed to investigate the 

impact of CNN on binding affinity prediction. The general 

set of PDBbind 2016 is selected for the training procedure, 

and the core set is applied as an independent test set. MSE, 

RMSE, and RP metrics are reported, in which our best 

model, the Sequential Model, has the most suitable 

performance with RP 0.79 on the core set. Here, we 

demonstrated that a shallow CNN architecture alongside a 

simple feature generation technique could provide a suitable 

estimation of protein-ligand binding affinity. In section 2, 

we have described the used dataset, feature generation 

scheme, and CNN architectures. Section 3 is devoted to the 

results and discussion, and we end the paper with a 

conclusion in section 4. 

 

Materials and Methods 

Here, we adopt the PDBbind 2016 dataset22 for training and 

testing our proposed model. We introduce a new feature 

generation technique that combines GB-Score50 and OnionNet33 

features to represent each protein-ligand complex. Finally, 

we explain the CNN architectures, hyperparameters, and 

training procedures. 

Database 

PDBbind 201622 protein-ligand general set is assigned for 

training and testing our models. The general set consists of 

13308 protein-ligand structures, which we divided into three 

subsets: train, validation, and test sets. High-quality 

structures, i.e., core set, were excluded from the general set 

and used as an independent set, comprising 285 protein-

ligand complexes. A validation set of 1,000 protein-ligand 

complexes was randomly selected from the remaining 

13,052 complexes for optimizing hyperparameters and 

monitoring training procedures. The remaining 12,052 

structures were used for the training process. 

 

Defining Descriptors 

Every protein-ligand complex should be converted into 

numerical values so that they can be used during the learning 

process. For this purpose, the distance-weighted interatomic 

contacts between ligand and protein atoms in different 

window ranges are calculated. This type of feature 

engineering, which is also used in ET-Score49 and GB-

Score,50 distinguishes between weak and strong interactions 

and separates them, unlike RF-Score51 and OnionNet,33 

which only consider contact counts. Ten atom types (H, C, 

N, O, F, P, S, Cl, Br, I) for ligands and proteins are 

considered. The process of feature engineering can be 

summarized in the following formula: 
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Where i and j represent ligand and protein atom types, 

respectively. Li and Kj are the total numbers of ligand and 

protein atom types, respectively. Initially, for a predefined 

atom type, e.g., C of ligand and H of protein, all interatomic 

distances, dk,l between ligand and protein atoms are 

calculated. To distinguish between weak and strong 

interatomic interactions, we applied the inverse of dk,l and 

assigned them as distance-weighted interatomic contacts. 

Taking inspiration from the OnionNet33 scoring function, we 

constructed 60 shells, n, with 0.5 Ȧ width, δ, from 1 to 30.5 

Ȧ. In a given shell, e.g., n = 10, all distance-weighted 

interatomic contacts between a given atom types whose 

distances fall within the shell, e.g., 5 and 5.5 Ȧ, are summed 

together. 

This technique separates short- and long-range 

interatomic interactions and assigns them numerical values 

based on their strengths and weaknesses. In the end, we 

derive 6000 features for each complex. By utilizing the 

power of the convolutional neural network in this work, the 
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6000 features were transformed into a 2-dimensional grid 

with dimensions of 60 × 100. The generated features are 

invariant with respect to translation and rotation, eliminating 

the need for augmented input data compared to other models 

that use 3D structures of the complex. In addition to the 

invariance property, the generated features are unique, 

compact, and computationally efficient.52 

 

Model Architecture and Training  

In this work, a family of convolutional neural networks is 

used for predicting the binding affinity task. Each neural 

network in this family consists of two parts: convolutional 

and dense layers. In the dense layer, each neuron is 

connected to all neurons in the other layers. In contrast, the 

convolutional layer takes advantage of a mathematical 

operation called convolution, which reduces the number of 

parameters (network’s weights) and makes it invariant with 

respect to translation.2 CNN extracts hierarchical patterns in 

the input data. For instance, consider a picture. In the lower 

layers, it can distinguish simple features such as lines and 

curves. In the upper layers, it can recognize intricate features 

like eyes or a smile. The input data has a 3D tensor shape, 

similar to a 2D image with one color channel. Our CNN 

family encompasses three architectures with distinct 

characteristics: Sequential, Residual, and Inception neural 

networks.  

The Sequential Model33 uses three 2D convolutional 

layers with 32, 64, and 128 filters. Each convolutional layer 

has a kernel size of 4 and is followed by a 2D max pooling 

layer with a kernel size of 2 in order to decrease the number 

of parameters. The output of the last convolutional layer is 

flattened and used as input for five dense layers with 400, 

200, 100, 20, and 1 neurons. Each dense layer is regularized 

with the L2 penalty with a 0.01 factor, followed by batch 

normalization and a dropout layer to prevent overfitting. 

Figure 1S illustrates of the Sequential Model. 

 

 
Figure 1. Residual Module. This module includes three 2D convolutional layers and two batch normalization layers with different filters and kernel sizes. 

 

The Residual Model53 is CNN-based, which takes 

advantage of skip connections to construct and train a deeper 

model. The Residual module is illustrated in Figure 1. This 

module contains three convolutional layers. The 

convolutional layer in the skip connection (shown by the 

dotted arrow) has a kernel size of 1 and strides of 2, in 

contrast to the other layers. Batch normalization is 

implemented after each layer to prevent vanishing gradients. 

Finally, the outputs of the two layers are added together and 

Rectified Linear Units (ReLU) are applied to them. The 

overall structure of the Residual Model can be imagined as 

one 2D convolutional layer with 32 filters and a kernel size 

of 3. This layer is followed by batch normalization and max-

pooling layers with a kernel size and strides of 2. Then, five 

residual modules with 64, 64, 128, 128, and 256 filters are 

used, making the Residual Model deeper compared to the 

Sequential Model. In the end, the output of the last layers 

goes to three dense layers with 100, 50, and 1 neuron. As 

before, each dense layer is followed by batch normalization 

and a dropout layer. The detailed structure of the Residual 

Model is illustrated in Figure 2S. 

The Inception model is another CNN-based model which 

was first employed in the GoogLeNet architecture.51 By 

utilizing the Inception module, the model can be deeper and 

more complicated. This module is represented in Figure 2. 

The Inception module includes six 2D convolutional layers  
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Figure 2. Inception Module. This module includes six 2D convolutional layers and one 2D max pooling layer, each with different filters and kernel sizes but 

the same strides. 

 

and one 2D max pooling layer, which have distinct filters 

and kernel sizes but the same strides to extract different 

kinds of features. A 1 × 1 convolutional layer is used for 

dimension reduction to reduce computation and the size of 

the model, therefore, decreasing the probability of the 

overfitting problem. The model starts with a 2D convolutional 

layer, which is immediately followed by a 2D max pooling 

layer to reduce the number of parameters. Then two distinct 

inception modules are installed to recognize the different 

patterns in the input data. The output is downsized by a 2D 

global average pooling layer then the modified data 

continues to dense layers similar to the Sequential model, 

which contains batch normalization and dropout layers. 

Details about the structure and hyperparameters of the 

Inception Model architecture can be found in Figure 3S. 

In all models, the ReLU activation function is applied for 

both convolutional and dense layers, except for the output 

layer with one neuron. The probability factor of the dropout 

layer is fixed at 0.1 for all three models. To optimize the 

weights of our model during the training procedure, we use 

the Adam optimizer52 with a learning rate of 10-4, a batch 

size of 128, and a mean squared error (MSE) loss function. 

All models are trained for 500 epochs. To prevent overfitting, 

we monitor the validation MSE using an early stopping 

technique.2 Additionally, mean squared error, root mean 

squared error (RMSE), and Pearson's correlation (Rp) are 

reported as metrics for model comparison. Due to the 

stochastic nature of the training procedure, each model is 

trained five times, and the mean and standard deviation of 

their metrics are reported. All models are implemented using 

Keras and Tensorflow53 as the backend. 

Results and Discussion 

A suitable scoring function should perform well on the four 

tasks.22 The first task, scoring power, assesses how well a 

scoring function can generate binding scores that correlate 

linearly with experimental measurements. The second task, 

ranking power, evaluates the scoring function's ability to 

accurately rank known ligands of a specific target protein 

based on their binding affinities. The final two tasks, docking 

power, and screening power, focus on evaluating the scoring 

function's ability to identify the correct native ligand pose 

and true binders of a target protein, respectively. For this 

study, our priority is evaluating the scoring power, and we will 

postpone the investigation of the other tasks to future studies. 

 
Table 1. Calculated Metrics for both the Validation and Core Set of PDBbind 2016. All models were trained five times, and the mean and standard 

deviation for each metric are shown 

Data set  Validation set   Core set  

                        

                   Metric 

Model 

      

 

MSE 

 

RMSE 

 

RP 

 

MSE 

 

RMSE 

 

RP 

Sequential 1.679(0.060) 1.295(0.023) 0.727(0.012) 1.830(0.032) 1.353(0.012) 0.790(0.005) 

Residual 1.505(0431) 1.318(0.036) 0.713(0.015) 1.993(0.079) 1.410(0.027) 0.768(0.011) 

Inception 1.868(0.081) 1.366(0.030) 0.683(0.016) 2.165(0.094) 1.471(0.031) 0.762(0.013) 
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Figure 3. Scatter and Histogram Plots of Predicted vs. Experimental Values for the Core Set of PDBbind 2016 Using the Sequential Model. 

 

Three distinct models, i.e., Sequential, Residual, and 

Inception, were trained on the PDBbind 2016 dataset and 

tested on the core set in which MSE, RMSE, and RP metrics 

were reported for comparison. The results of the experiments 

for both the core and validation sets are depicted in Table 1. 

All models achieved an RP of more than 0.7, indicating their 

ability to appropriately describe trends in the data. However, 

the Sequential Model outperformed the other models with an 

RP of 0.79 and an RMSE of 1.353. The main difference 

between these models lies in their convolutional layers. This 

result confirms that simple and shallow convolutional layers, 

in this specific case, perform better compared to intricate 

convolutional layers such as inception and residual modules. 

Scatter and histogram plots of predicted binding affinity 

of the protein-ligand complex with respect to experimental 

values of the core set data for the Sequential Model, as a 

superior model, are jointly represented in Figure 3. Although 

Figure 3 demonstrates that the Sequential Model can generate 

binding scores that correlate linearly with experimental 

measurements, it cannot precisely predict the binding 

affinity values for data with pKd of more than 10. In our 

opinion, this defect is related to the shortage of data with 

pKd of more than ten in the selected training set. By adding 

appropriate training data or generating more meaningful 

features that capture subtle chemical information efficiently, 

this defect can be resolved. 

 

 

Figure 4. Training and Validation Histories of each Epoch for Sequential and Residual Models. 
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Figure 5. Disaggregating RP per Target Cluster of Core Set. 

 

Training and validation histories of each epoch for 

Sequential and Residual models are illustrated in Figure 4. 

This figure clearly shows that applying dropout, L2 

regularization, and early stopping prevents our models from 

the overfitting problem, allowing them to generalize better to 

unseen test sets. Figure 4S displays the same graph for the 

Inception Model. 

The core set, or the test set, which includes 285 protein-

ligand complexes, consists of 57 protein or target families. 

Disaggregating RP and RMSE per target cluster of the core 

set is represented in Figures 5 and 5S, which implies the 

Sequential Model can accurately predict binding affinity 

values for a diverse set of protein-ligand complexes. Target 

clusters with 46 and 40 IDs have the most and the least RP 

values, respectively. Target cluster 46 belongs to the 

MTA/SAH nucleosidase protein family, which consists of 5 

complexes in the general set. In contrast, target cluster 40 

belongs to the Androgen receptor protein family, which 

includes 27 complexes in the general set. Although the 

Androgen receptor has more related complexes in the 

training set, the Sequential Model cannot capture chemical 

patterns in the MTA/SAH nucleosidase family. 

Table 2 provides a comparison of the scoring power 

(based on the core set 2016) between our proposed model, 

the Sequential Model, and other suggested CNN-based scoring 

functions, as well as one traditional scoring function. It is 

worth mentioning that the scoring functions in Table 2 

incorporate varied training sets to train deep learning 

algorithms, which makes the comparison ambiguous and unfair. 

 

Table 2. A comparison between the Sequential Model, three CNN-based scoring functions (Pafnucy, KDeep, and OnioNet) and one traditional scoring 

function (X-Score) 

Name X-Score Pafnucy KDeep OnionNet Sequential Model 

Performance (RP) 0.631 0.78 0.82 0.816 0.79 

 

KDeep,
31 Pafnucy,32 and OnionNet33 are among the popular 

scoring functions that apply CNN to predict protein-ligand 

binding affinity. KDeep utilizes a voxelized representation of 

the binding site, considering eight pharmacophoric-like 

properties for featurizing the complex. Pafnucy, on the other 

hand, employs a different featurization technique for 

voxelized representation. OnionNet uses element pair-specific 

contacts between ligands and protein atoms, similar to RF-

Score.51 However, it categorizes these contacts into different 

distance ranges and creates a grid-shaped input for its CNN. 

X-Score is a knowledge-based scoring function, which is 

selected as an example of traditional scoring functions. 

Table 2 shows that deep learning-based scoring functions 

have better performance compared to X-Score. This 

improvement can be attributed to the non-linear behavior of 

deep learning algorithms. Among the CNN-based models, 

KDeep performs the best. However, it is worth mentioning 

that utilizing a voxelized representation of the protein-ligand 

complex in KDeep increases the computational cost of 

binding affinity prediction, which may hinder its application 

for large datasets. The Sequential Model ranks third among 

scoring functions, with performance differences typically 

seen in the second decimal place. 

 

Conclusion 

Binding affinity prediction is one of the most crucial steps in 

structure-based drug design. With the advent of sophisticated 

deep learning methods, numerous deep learning-based 

scoring functions have been devised, which outperform 

classical scoring functions in different tasks. In this 

manuscript, we investigated the impact of convolutional 

layers on binding affinity predictions by training three 

distinct models: Sequential, Residual, and Inception, on the 

PDBbind 2016 general set and then testing them on the core 
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set as an independent set. We introduced distance-weighted 

atomic contact features that distinguish between weak, 

strong, near, and far interactions. Our results demonstrate 

that the Sequential Model, despite its more simplistic 

architecture and feature generation technique, has superior 

performance compared to the Residual and Inception models 

with an RP of 0.79. In the future, we aim to generalize the 

Sequential Model and our previous scoring function to more 

complex problems, such as protein-protein and drug-protein 

interactions, and investigate their abilities in docking and 

virtual screening tasks. 
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