
RESEARCH ARTICLE

Non-Linear Function Approximation for
Predicting Binding Affinity of
PPAR-Targeting Antidiabetic Compounds
from Molecular Descriptors
La Ode Aman1,#�, Widy Susanti Abdulkadir1,�, Dizky
Ramadani Putri Papeo1,�, Ariani Hutuba1,�, Teti Sutriyati
Tuloli1,�, Mohamad Adam Mustapa1,�, Yuszda K Salimi2,�,
Hamsidar Hasan1,�, Arfan3,�, Aiyi Asnawi4,�

1Department of Pharmacy, Faculty of Sports and Health, Universitas Negeri
Gorontalo, Gorontalo, Indonesia
2Department of Chemistry, Faculty of Matematics dan Natural Sciences, Universitas
Negeri Gorontalo, Gorontalo, Indonesia
3Faculty of Pharmacy, Universitas Halu Oleo, Kendari, Southeast Sulawesi,
Indonesia
4Faculty of Pharmacy, Universitas Bhakti Kencana, Bandung, West Java, Indonesia

#Corresponding author. Email: laode_aman@ung.ac.id

Abstract. Diabetes mellitus remains a major global health challenge, necessitat-
ing the development of more effective therapeutic agents. The PPAR family plays
a crucial role in regulating glucose and lipid metabolism, making it an important
target for antidiabetic drug discovery. However, the identification of potent PPAR-
targeting compounds is often limited by the high cost and time-consuming nature
of experimental approaches. This study aims to develop a non-linear function
approximation model to predict docking-derived binding affinity of antidiabetic
compounds targeting PPAR using 2D molecular descriptors. A dataset of 3,764
small molecules with IC50 values was curated from the ChEMBL database, fol-
lowed by data preprocessing to remove duplicates and incomplete entries. Molec-
ular docking simulations were performed using AutoDock Vina to obtain binding
affinity scores (kcal/mol), which were used as the target variable. Subsequently,
2D molecular descriptors were calculated from SMILES representations to capture
key structural and physicochemical properties of the compounds. These descriptors
were used as input features for a Multi-Layer Perceptron (MLP) regression model
to approximate the complex non-linear relationship between molecular structure
and binding affinity. The model achieved R² values of 0.853 for the training set
and 0.632 for the test set, indicating moderate predictive performance and ac-
ceptable generalizability. Overall, this approach demonstrates the potential of
machine learning as a cost-effective and scalable tool to support early-stage dis-
covery of antidiabetic compounds targeting the PPAR family.

Jambura Journal of

Biomathematics

Check for updates

Article Identity
Jambura J. Biomath.

Volume 7 Issue 1 Pages 152 – 175
March 2026, E-ISSN 2723-0317

Article History
Received 12 July 2025
Revised 6 March 2026

Accepted 18 March 2026
Published 30 March 2026

Keywords
PPAR, Molecular docking, Binding

affinity prediction, Molecular
descriptors, Machine learning

Copyright © 2026 Aman L et al.. This article is
an open access article distributed under the terms

and conditions ofthe Creative Commons
Attribution-NonComercial 4.0 International

License

Editorial office: Department of Mathematics,
Universitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B.

J. Habibie, Bone Bolango 96554, Indonesia

To Cite this Article: Aman L et al.. Non-Linear
Function Approximation for Predicting Binding

Affinity of PPAR-Targeting Antidiabetic Compounds
from Molecular Descriptors. Jambura Journal of

Biomathematics. 2026;7(1):152-175.
doi:10.37905/jjbm.v7i1.18

Jambura Journal of Biomathematics. https://doi.org/10.37905/jjbm.v7i1.18 page 152 of 175

https://orcid.org/0000-0003-4478-6423
https://orcid.org/0009-0004-4206-4659
https://orcid.org/0009-0001-3842-4189
https://orcid.org/0009-0009-1286-3130
https://orcid.org/0009-0009-7309-4566
https://orcid.org/0000-0002-4710-3352
https://orcid.org/0009-0002-3139-7971
https://orcid.org/0000-0003-0148-5233
https://orcid.org/0000-0003-3004-7101
https://orcid.org/0000-0002-8179-0520
mailto:laode_aman@ung.ac.id
https://ejurnal.ung.ac.id/index.php/JJBM
https://ejurnal.ung.ac.id/index.php/JJBM
https://doi.org/10.37905/jjbm.v7i1.18
https://doi.org/10.37905/jjbm.v7i1.18
https://doi.org/10.37905/jjbm.v7i1.18


Jambura Journal of

Biomathematics Aman L et al.. – Non-Linear Function Approximation for Predicting . . .

1. Introduction
Diabetes mellitus remains one of the most pressing global health challenges, with its prevalence

escalating across both developed and developing countries. According to the International Diabetes
Federation, approximately 537 million adults were living with diabetes in 2021, a figure projected to
increase significantly in the coming decades [1]. This chronic metabolic disorder, characterized by
persistent hyperglycemia due to insulin resistance and/or inadequate insulin secretion, is associated
with severe complications, including cardiovascular disease, renal dysfunction, and increased mor-
tality [2, 3]. The economic burden of diabetes is equally alarming, with the global cost of diabetes
estimated at USD 966 billion in 2021 [4, 5]. These challenges underscore the urgent need for more
effective and accessible antidiabetic therapies.

Among the molecular targets for type 2 diabetes (T2D), peroxisome proliferator-activated recep-
tors (PPARs) have garnered significant attention due to their central role in regulating lipid metabolism,

glucose homeostasis, and insulin sensitivity [6]. PPARs, comprising three isoforms—PPAR-α, PPAR-
β

δ
,

and PPAR-γ—are nuclear transcription factors that modulate gene expression involved in metabolic
pathways [7]. Agonists of PPAR-γ, such as thiazolidinediones, have been clinically employed to en-
hance insulin sensitivity; meanwhile, PPAR-δ has been implicated in glucose uptake and energy bal-
ance, highlighting the therapeutic potential of targeting these receptors [8–10]. However, despite
their promise, the discovery of novel PPAR modulators remains challenging due to the complexity of
receptor-ligand interactions and the isoform-specific responses they elicit [11, 12].

Traditional drug discovery approaches, particularly experimental binding affinity assays, are
time-consuming, resource-intensive, and limited in scalability [13]. To overcome these barriers, arti-
ficial intelligence (AI), specifically machine learning (ML) and deep learning (DL), has emerged as a
transformative tool for virtual screening, molecular docking, and quantitative structure–activity rela-
tionship (QSAR) modeling [14–16]. AI models have demonstrated substantial success in predicting
binding affinities, optimizing lead compounds, and accelerating the early stages of drug discovery
[17, 18]. Recent studies have leveraged deep learning architectures to refine scoring functions in
protein-ligand docking and to guide de novo molecular generation, achieving improved accuracy and
efficiency [19–21]. This direction is also reflected in recent studies published in Jambura Journal of
Biomathematics, where machine learning approaches were applied to biomedical prediction problems
[22, 23].

Despite these advancements, AI-based binding affinity prediction for PPAR-targeting antidiabetic
compounds faces several limitations. First, the scarcity of high-quality, diverse datasets for PPAR-
ligand systems constrains model generalizability and robustness [24, 25]. Second, many existing
models focus narrowly on structural features while neglecting other physicochemical properties es-
sential for accurate binding affinity prediction [26]. Third, most AI models lack explicit incorporation
of the mathematical underpinnings of molecular interaction modeling, such as non-linear function ap-
proximation or regression formulations tailored for bioactivity prediction [27, 28]. Furthermore, the
absence of dedicated computational frameworks specifically designed for PPAR-ligand systems limits
their applicability to antidiabetic drug discovery.

To address these gaps, this study proposes a non-linear function approximation model imple-
mented using a Multi-Layer Perceptron (MLP) to predict the binding affinity of antidiabetic compounds
targeting PPARs. The MLP architecture, consisting of multiple interconnected layers and non-linear ac-
tivation functions, has been widely recognized for its ability to capture complex relationships between
molecular descriptors and biological activities [29, 30]. In this framework, the binding affinity predic-
tion task is formulated as an approximation of an unknown non-linear function that maps molecular
descriptors to continuous binding affinity values, a concept central to modern AI-driven drug discovery
efforts [31, 32].

Mathematically, the relationship between the molecular descriptor vector and the predicted
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binding affinity can be expressed as:
ŷ = f (x;θ), (1)

where x represents the vector of molecular descriptors derived from the chemical structure of the lig-
and, ŷ is the predicted binding affinity value, and θ denotes the model parameters, including weights
and biases, optimized during training.

The goal of the model is to approximate the true, but unknown, mapping function f by mini-
mizing the difference between predicted and actual binding affinity values using a suitable loss func-
tion. This mathematical formulation ensures that the predictive process is not merely empirical but
grounded in a formal function approximation paradigm, enhancing both interpretability and robust-
ness [33].

The integration of this AI-driven mathematical framework holds the potential to revolutionize
antidiabetic drug discovery by streamlining lead identification, reducing reliance on costly experimen-
tal methods, and facilitating precision medicine approaches [34]. Ultimately, the adoption of compu-
tational models grounded in rigorous mathematical principles can accelerate therapeutic development
and improve clinical outcomes for diabetes patients.

The main contributions of this study are as follows:
1. A curated, multi-stage dataset pipeline — spanning 15,161 ChEMBL compounds down to 2,180

potent ligands — combined with molecular docking simulations against PPARδ (PDB: 7VWG)
using AutoDock Vina, providing a reproducible benchmark dataset for PPAR-targeted binding
affinity prediction.

2. A non-linear function approximation model based on a Multi-Layer Perceptron (MLP) trained
on 210 two-dimensional (2D) molecular descriptors computed with RDKit, directly targeting

docking-derived binding affinity
(

kcal
mol

)
as the prediction endpoint.

3. A systematic benchmarking of the proposed MLP against linear baseline models (Linear Regres-
sion and Ridge Regression), demonstrating that non-linear architecture is essential for capturing
the complex structure–activity relationships inherent in PPAR-ligand systems.

4. A formal mathematical formulation of the binding affinity prediction task as a non-linear func-
tion approximation problem, providing a principled framework that enhances model interpretabil-
ity and reproducibility.
The remainder of this paper is organized as follows. Section 2 presents the MLP model archi-

tecture and its mathematical formulation. Section 3 describes the computational infrastructure used
in this study. Section 4 details the data collection and preprocessing pipeline. Section 5 describes
the model training and evaluation procedure. Section 6 presents the experimental results, including
docking outcomes, descriptor computation, and model performance. Section 7 provides a critical dis-
cussion of the findings, and Section 8 concludes the paper with a summary and directions for future
work.

2. Model Architecture
The predictive model developed in this study is based on a feedforward neural network (FNN),

also known as a Multi-Layer Perceptron (MLP), specifically designed to predict the binding affinity of
antidiabetic compounds targeting the Peroxisome Proliferator-Activated Receptor (PPAR) family. The
input to the model consists of molecular descriptor vectors derived from the chemical structures of the
ligands.

The network architecture comprises three fully connected hidden layers to capture the complex
and non-linear interactions among the molecular descriptors. The first hidden layer consists of 128
neurons, while the second and third hidden layers each consist of 64 neurons. To introduce non-
linearity and enhance the network’s learning capacity, the Rectified Linear Unit (ReLU) activation
function is applied to each hidden layer [35]. Mathematically, the output of each hidden layer is
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defined as:
h(l) = ReLU

(
W (l)h(l−1)+b(l)

)
, (2)

where h(l) represents the output of the l-th layer, W (l) and b(l) denote the weight matrix and bias vector
of the l-th layer, respectively, and h(l−1) is the output of the preceding layer, with h(0) corresponding to
the input molecular descriptor vector.

The ReLU activation function is formally defined as:

ReLU(z) = max(0,z). (3)

The final output layer consists of a single neuron without an activation function, producing a continu-
ous numerical value representing the predicted binding affinity. This design is suitable for regression
tasks [29].

To train the model, the Mean Squared Error (MSE) loss function is employed, which is defined
as:

L =
1
n

n

∑
i=1

(yi − ŷi)
2 , (4)

where yi is the true binding affinity value, ŷi is the predicted value from the model, and n is the number
of training samples.

The optimization of the model parameters, including weights and biases, is conducted using the
Adam optimizer [36], which updates parameters based on the gradients of the loss function:

W (l) = W (l)−η
∂L

∂W (l)
,

b(l) = b(l)−η
∂L

∂b(l)
,

where η denotes the learning rate.
Recent studies have demonstrated the effectiveness of deep learning, particularly MLPs, in mod-

eling complex relationships between molecular structure and bioactivity, often surpassing traditional
methods [31, 37]. This architecture was carefully selected to ensure the model’s ability to learn and
generalize from molecular descriptor data, thereby enabling accurate prediction of binding affinities
for potential antidiabetic compounds targeting the PPAR family.

3. Computational Infrastructure
To ensure efficient execution of this study, a combination of hardware and software tools was

utilized for data preparation, molecular docking simulations, and deep learning model development.

3.1. Hardware configuration
The majority of computational tasks, excluding molecular docking simulations, were executed

on a Hewlett-Packard HP Z840 workstation. This system, equipped with a 40-core Intel® Xeon® E5-
2650 v3 processor, 32.0 GiB of RAM, and an NVIDIA GeForce RTX™ 3070 GPU, provided the process-
ing power required for demanding tasks such as descriptor generation and neural network training.
Its 3.0 TB storage capacity ensured efficient data handling and storage throughout the project. These
specifications were instrumental in managing large datasets and performing computationally intensive
operations.

Molecular docking simulations, which required high computational resources, were conducted
on the Fugaku Supercomputer. This facility provided the necessary performance for ligand–receptor
binding affinity calculations, enabling the study to obtain reliable docking results.
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3.2. Software environment
The computational setup for this study was based on the Ubuntu 24.10 (64-bit) operating sys-

tem, supported by the Linux kernel version 6.11.0-9-generic. The GNOME 47 desktop environment
with the Wayland windowing system provided a stable and efficient user interface. This configuration
was chosen to ensure compatibility and optimal performance with the required scientific software
tools.

3.3. Key computational tools
Python 3.11 served as the central programming platform, supplemented by specialized libraries

to streamline specific tasks. RDKit [38] was used for cheminformatics operations, including molecular
fingerprint generation and SMILES processing. Open Babel [39] facilitated molecular file conversions
to ensure interoperability. TensorFlow [40] was employed for developing and training deep learning
models, while Scikit-learn [41] supported preprocessing and performance evaluation. Pandas [42]
enabled efficient data manipulation.

Molecular docking simulations were carried out using AutoDock Vina [43] on the Fugaku Su-
percomputer, which allowed precise prediction of binding affinities. Data visualization was performed
with Matplotlib [44] and Seaborn, which provided detailed and aesthetically pleasing graphical rep-
resentations of results.

4. Data Collection
4.1. Macromolecule and inhibitor identification

Protein targets were retrieved from the ChEMBL database using the keyword “PPAR,” corre-
sponding to the Peroxisome Proliferator-Activated Receptor family. This search identified key iso-
forms, including PPARα, PPARγ, and PPARδ , which play crucial roles in regulating lipid and glucose
metabolism, making them significant targets for antidiabetic therapies.

Small molecule inhibitors were subsequently extracted by filtering for compounds with IC50 val-
ues, ensuring that the dataset included bioactivity data necessary for accurate modeling. Compounds
lacking IC50 data or showing insufficient potency (IC50 above a defined threshold) were excluded to fo-
cus on the most promising inhibitors. The Python scripts used to perform these queries and extractions
are provided in Appendices A and B.

4.2. Data preparation and cleaning
A meticulous data-cleaning process was employed to enhance the quality and reliability of the

dataset. Duplicate entries, identified by identical molecule_chembl_id values, were consolidated by
retaining the record with the lowest IC50 value, which indicates higher potency. Rows containing miss-
ing or invalid IC50 values, such as NaN or zero, were removed to prevent inaccuracies in downstream
analyses. Additionally, columns irrelevant to the computational workflows, such as pref_name and
search_term, were eliminated to streamline the dataset.

These steps produced a high-quality dataset, optimized for molecular descriptor generation,
docking simulations, and machine learning model development. Detailed descriptions of the data-
cleaning procedures are included in Appendix C.

4.3. Binding affinity calculation
Binding affinities were predicted using AutoDock Vina, a widely adopted molecular docking

tool[43], building on the established methodologies of molecular docking [45]. This involved care-
ful preparation of both the macromolecule (receptor) and the small molecules (ligands) to ensure
accurate and biologically relevant simulations.

The 3D structure of the PPARδ protein used in this study was obtained from crystallographic
data reported by Oyama et al (PDB ID: 7VWG) [46]. Prior to docking, the protein structure was

Jambura J. Biomath. Volume 7, Issue 1, March 2026 page 156 of 175



Jambura Journal of

Biomathematics Aman L et al.. – Non-Linear Function Approximation for Predicting . . .

refined to ensure its stability and functional integrity. Water molecules, ions, and other non-essential
elements were removed to prevent interference with ligand binding. The binding site was identified
and defined using a grid box centered at coordinates X = 15.884, Y = 1.890, Z = 39.237, with
dimensions X = 40, Y = 40, and Z = 40. This configuration ensured that the docking simulations
were focused on the receptor’s active site, capturing biologically meaningful interactions.

To validate the binding site, a re-docking procedure was conducted with the co-crystallized
ligand from PDB ID 7VWG. This step verified the accuracy of the docking protocol, ensuring reliable
predictions for subsequent simulations.

AutoDock Vina was configured to achieve high accuracy in predicting ligand-receptor inter-
actions. The grid spacing was set to 0.375 to provide a fine resolution for the search space. The
exhaustiveness parameter was adjusted to 32 to thoroughly explore potential binding conformations,
balancing precision and computational efficiency. To optimize performance, the simulations were
executed using 32 CPU threads.

The Vina scoring function was employed to estimate the binding affinities, ranking the ligands
based on their predicted interaction strength with the PPARδ receptor. This systematic approach
ensured reliable predictions, providing a solid foundation for evaluating the potential of candidate
antidiabetic compounds.

The molecular docking of all ligands against the target PPAR receptor was performed in an
automated manner using a Python-based workflow. The complete code used for ligand preparation,
docking execution, and extraction of binding affinity results is provided in Appendix D.

The most favorable docking pose targeting the PPAR receptor yielded a binding affinity of -

10.69
kcal
mol

. The results demonstrated a high degree of agreement between the docked ligand pose

and its native conformation, affirming the reliability of the docking procedure. Figure 1 illustrates the
superimposition of the docked ligand (cyan carbon) and the native ligand (pale green carbon) within
the PPAR binding site.

Figure 1. Superimposition of the docked ligand (cyan) and the native conformation (pale green)
within the PPARδ active site.

4.4. Molecular descriptor calculation
To numerically represent the chemical and structural features of the ligands, 2D molecular de-

scriptors were calculated using the RDKit library. These descriptors encompassed topological, geomet-
ric, and electronic properties, enabling comprehensive molecular characterization.

Selected descriptors were tailored to capture the relevant molecular attributes associated with
ligand-receptor interactions. Each molecule’s descriptor values were formatted as feature vectors,
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forming the input dataset for subsequent model training. Details of descriptor generation and the
corresponding Python code are outlined in Appendix E.

5. Model Training and Evaluation
The molecular descriptors served as input features (X), while the corresponding binding affinity

values (y) were used as the target variable. For model training and validation, the dataset was par-
titioned into two subsets: 80% for training and 20% for testing. To enhance numerical stability and
improve model convergence, the binding affinity values were scaled prior to training.

The model was trained using the Adam optimizer, employing the Mean Squared Error (MSE)
as the loss function. Training was conducted over 50 epochs with a batch size of 32. To monitor
performance and prevent overfitting, a validation set comprising 20% of the training data was used
during the training process.

Model evaluation was carried out by computing standard regression performance metrics, in-
cluding the mean squared error (MSE), which measures the average of the squares of the prediction
errors; the mean absolute error (MAE), which represents the average absolute difference between
predicted and true values; and the coefficient of determination (R2), which quantifies the proportion
of variance in the target variable explained by the model.

These metrics were calculated for both the training and testing subsets to assess model accuracy,
error magnitude, and generalizability. A complete implementation of the workflow, including Python
scripts for data preprocessing, model training, and evaluation, is provided in Appendix F.

6. Results
The search for macromolecular targets using the keyword “PPAR” identified proteins associated

with the Peroxisome Proliferator-Activated Receptor (PPAR) family. Each target was categorized by its
respective target_chembl_id and the associated preferred name (pref_name), representing individual
receptors within the PPAR family.

Table 1 summarizes the macromolecular targets identified from the “PPAR” keyword search,
highlighting not only the primary PPAR receptor isoforms but also several interacting proteins such as
coactivators and corepressors, which play essential roles in modulating PPAR-mediated transcriptional
activity.

Table 1. Macromolecular targets associated with the PPAR family identified through the “PPAR” key-
word search.

target_chembl_id pref_name
CHEMBL3559683 Peroxisome proliferator-activated receptor
CHEMBL239 Peroxisome proliferator-activated receptor alpha
CHEMBL3979 Peroxisome proliferator-activated receptor delta
CHEMBL235 Peroxisome proliferator-activated receptor gamma
CHEMBL6116 Peroxisome proliferator-activated receptor gamma coactivator 1-alpha
CHEMBL2095162 Peroxisome proliferator-activated receptor gamma/Nuclear receptor coactivator 1
CHEMBL2095163 Peroxisome proliferator-activated receptor gamma/Nuclear receptor coactivator 2
CHEMBL2095161 Peroxisome proliferator-activated receptor gamma/Nuclear receptor coactivator 3
CHEMBL2096976 Peroxisome proliferator-activated receptor gamma/Nuclear receptor corepressor 2

6.1. Identifying small molecules as PPAR modulators
The subsequent phase focused on identifying small molecule modulators targeting the PPAR

receptor family. This involved querying the ChEMBL database using the target_chembl_id identifiers
retrieved from the macromolecule search. The dataset was curated to include only compounds with
available IC50 values, ensuring the inclusion of bioactivity data relevant for evaluating modulator
potency.
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A total of 15,161 small molecules were initially retrieved as potential modulators of the PPAR
receptor family. After removing entries with missing or invalid IC50 values, 9,947 ligands with valid
IC50 records were retained. Further filtering based on a potency threshold reduced this to 3,764
compounds, which formed the working dataset for subsequent steps. The IC50 values, recorded in the
standard_value column, served as the key metric for determining compound efficacy, with lower IC50
values indicating stronger modulatory activity. These values are expressed in nanomolar (nM) units.

A representative subset of the dataset is presented in Table 2, showcasing selected modulators
along with their IC50 values and supplementary details. The pref_name column highlights the specific
PPAR receptor targeted by each compound, while the canonical_smiles column contains the SMILES
notation of each compound’s molecular structure, enabling further computational analyses.

Table 2. Sample of small molecule modulators targeting the PPAR receptor family, including IC50

values and SMILES representations.

molecule_chembl_id IC50 (nM) canonical_smiles
CHEMBL327767 10000 CCCc1cc(Oc2ccc(CC(C)C)cc2)ccc1OCCCOc1cccc(C2SC(=O)NC2=O)c1
CHEMBL94496 2100 CCCc1cc(Oc2ccc(C(C)C)cc2)ccc1OCCCOc1cccc(C2SC(=O)NC2=O)c1
CHEMBL420441 100 CCCc1cc(Oc2ccc(Cl)cc2)ccc1OCCCOc1cccc(C2SC(=O)NC2=O)c1
CHEMBL121 50000 CN(CCOc1ccc(CC2SC(=O)NC2=O)cc1)c1ccccn1
CHEMBL330191 5000 CCCc1cc(Oc2ccccc2)ccc1OCCCCOc1cccc(C2SC(=O)NC2=O)c1
CHEMBL300629 50000 CCCc1cc(Oc2ccccc2)ccc1OCCCOc1ccc(C2SC(=O)NC2=O)cc1
CHEMBL328615 162 CCCc1cc(Oc2ccc(Cl)c(C)c2)ccc1OCCCOc1cccc(C2SC(=O)NC2=O)c1

The complete dataset, comprising 3,764 small molecules with associated IC50 values, was pre-
pared for subsequent steps, including data preprocessing, molecular docking simulations, and the
construction of machine learning models for binding affinity prediction. The detailed Python imple-
mentation for this process is provided in Appendix B.

6.2. Data preprocessing
The dataset from Step 2, initially containing 3,764 small molecules, underwent a comprehen-

sive cleaning process to ensure its suitability for further analysis. Duplicate entries with identical
molecule_chembl_id were identified and removed. From the duplicates, only the entries with the
lowest standard_value, indicating the most potent inhibitors, were retained to preserve the relevance
and accuracy of the dataset.

Additionally, entries with missing or invalid values in the standard_value column, such as NaN
or zero, were discarded. These incomplete or erroneous data points could not contribute meaningful
insights for binding affinity predictions, and their exclusion improved the overall quality of the dataset.

Columns not required for molecular docking or machine learning tasks, such as pref_name and
search_term, were also removed to streamline the dataset for the computational workflows.

After these cleaning steps, the dataset was refined to 2,191 unique small molecules, formatted
and prepared for molecular docking and the creation of predictive deep learning models. The Python
code used for this data cleaning process is provided in Appendix C.

6.3. Binding affinity calculation using AutoDock Vina
The binding affinities of the 2,191 unique small molecules retained after preprocessing (Step

3) were predicted using molecular docking with AutoDock Vina. The process began with preparing
each ligand from the cleaned dataset, using its canonical_smiles string. These SMILES strings were
converted into the PDBQT format required for docking simulations in AutoDock Vina. This conver-
sion was performed using RDKit and Open Babel, with the corresponding Python code provided in
Appendix D.

Following ligand preparation, molecular docking simulations were carried out using AutoDock
Vina. Each ligand was docked with a receptor protein representing the PPAR target. The output from
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these simulations provided binding affinity predictions, which were extracted from the “REMARK
VINA RESULT” section of the output file, indicating the optimal docking score.

The predicted binding affinities, measured in
kcal
mol

, reflect the strength of the interaction be-

tween each ligand and its respective receptor. These results were compiled into a new dataset and
saved in CSV format for subsequent analysis. The dataset includes key columns such as molecule_che-
mbl_id (unique identifier for each ligand), canonical_smiles (SMILES string for the ligand’s struc-
ture), standard_value (IC50 value in nM), and binding_affinity

(
the predicted binding affinity in

kcal
mol

from the docking simulations
)

.

An example of the docking results is shown in Table 3, where several small molecules are listed
along with their IC50 values and predicted binding affinities. The receptor used in the docking simu-
lations was a PPAR protein model in PDBQT format, and the final docking results were stored in the
output file ppar_docking.csv.

Table 3. Example of docking results showing small molecules, IC50 values, and predicted binding
affinities.

molecule_chembl_id IC50 (nM) Binding Affinity
(

kcal
mol

)
CHEMBL3678131 0.06 -10.208
CHEMBL3695832 0.13 -11.550
CHEMBL5191837 0.16 -8.040
CHEMBL5207130 0.17 -8.425
CHEMBL3678134 0.20 -10.001
CHEMBL3678128 0.20 -10.260
CHEMBL5187164 0.22 -8.456
CHEMBL5179281 0.23 -7.749
CHEMBL5206512 0.25 -8.428
CHEMBL2088421 0.28 -9.021

6.4. 2D descriptor calculation
In this step, 2D molecular descriptors were calculated for each small molecule in the dataset,

including the ligands and their binding affinities obtained from the docking simulations in Step 4.
These 2D descriptors offer a numerical representation of the molecular structure, capturing various
structural and physicochemical properties, making them ideal for input into machine learning models.

The calculation process began by deriving the 2D descriptors for each ligand. These descriptors
were based on the SMILES notation of each molecule, which was processed to obtain values repre-
senting various molecular features, such as molecular weight, lipophilicity, and polarity. A variety of
2D descriptors were computed, covering topological, geometric, and physicochemical properties of
the molecules.

A total of 210 2D molecular descriptors were computed per ligand using RDKit [38], covering
topological indices (e.g., BalabanJ, BertzCT, Chi series), physicochemical properties (e.g., MolWt,
MolLogP, TPSA, qed), electronic properties (e.g., EState indices, partial charges), and fragment-based
descriptors (e.g., fr_amide, fr_ether, fr_benzene). No descriptors were removed due to missing values,
as all 210 features were complete across the 2,180-ligand dataset. All features were subsequently
standardized using StandardScaler prior to model training, yielding a final input dimensionality of
210.

6.5. Model training and evaluation
In this study, a deep learning model was developed to predict the binding affinity of ligands

targeting the PPAR receptor family, based on their 2D descriptors. The model’s performance was
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assessed using several key metrics, including Mean Squared Error (MSE), Mean Absolute Error (MAE),
and R-squared (R2) values, for both the training and test datasets.

To focus on potent inhibitors, the dataset was filtered to include only ligands with docking-

derived binding affinity values ≤ -5
kcal
mol

, yielding 2,180 ligands for model development. The molec-

ular structures of these ligands were represented by their 2D descriptors, derived from the SMILES
notation of each molecule. These descriptors capture important molecular properties and structural
features relevant to predicting binding affinity.

Before training, the binding affinity values were normalized using the StandardScaler to im-
prove model convergence. The 2,180-ligand dataset was then divided into training and test sets,
with 80% (1,744 samples) allocated for training and 20% (436 samples) reserved for testing. A deep
learning model was built using the TensorFlow Keras library, designed to predict the binding affinity
values of ligands as a regression task. The model architecture began with an input layer designed
to accept 2D descriptor values, representing the ligands’ structural features. This was followed by
three fully connected hidden layers, containing 128, 64, and 64 neurons, respectively, with the ReLU
activation function applied to introduce nonlinearity and enhance the model’s learning capacity. The
output layer consisted of a single neuron, responsible for predicting the binding affinity value.

The model was compiled using the Adam optimizer and the Mean Squared Error (MSE) loss
function, which is suitable for regression tasks. Training was conducted over 50 epochs with a batch
size of 32, and 20% of the dataset was reserved for validation to monitor the model’s performance
and prevent overfitting. The model’s performance evaluation showed its effectiveness in predicting
binding affinities. The Mean Squared Error (MSE) was 0.385, while the Mean Absolute Error (MAE)
was 0.450. The R-squared value for the training set was 0.853, indicating a strong fit, while the test
set showed a value of 0.632, demonstrating good generalization. These results highlight the model’s
ability to capture the underlying patterns in the data.

Figure 2. Docking-Derived vs. Predicted Binding Affinity
(

kcal
mol

)
for PPAR Inhibitors.

For a visual assessment of the model’s performance, a scatter plot comparing the true binding
affinity values with the predicted binding affinities was generated. The plot included regression lines
for both the training and test sets, further illustrating the model’s ability to predict binding affinities
accurately. After training, the model was saved in the H5 format (ppar_binding_affinity_model.h5)
for future use, including potential deployment in further studies or clinical applications. A comparison
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plot of docking-derived binding affinity versus predicted binding affinity for the PPAR inhibitors was
also generated and saved as ppar_2d_descriptors_plot.png (Figure 2). The plot demonstrates rea-
sonable agreement between the true docking-derived and predicted values, especially for the training
set, suggesting the model captures general binding affinity trends for PPAR inhibitors.

Table 4. Comparison of predictive performance across models on the test set.

Model MSE MAE R2 (test)
Linear Regression 0.561 0.498 0.464
Ridge Regression 0.611 0.501 0.416
MLP (proposed) 0.385 0.450 0.632

7. Discussion
This study aimed to develop a deep learning model to predict the docking-derived binding affin-

ity of ligands targeting the PPAR receptor family, based on 2D molecular descriptors derived from
SMILES notation. Ligand data were sourced from the ChEMBL database, which provided IC50 values
used for compound curation and selection. These ligands were then subjected to molecular docking

using AutoDock Vina to obtain binding affinity scores
(

kcal
mol

)
, which served as the target variable for

model training. This distinction ensures that the predicted endpoint is clearly defined as a computa-
tionally derived quantity, not a direct experimental measurement.

7.1. Biological significance of PPAR as a target
Peroxisome proliferator-activated receptors (PPARs) are nuclear receptors that play a pivotal

role in the regulation of glucose and lipid metabolism, making them promising therapeutic targets for
metabolic disorders, including type 2 diabetes and dyslipidemia [6, 47]. The ability to accurately pre-
dict the binding affinity of ligands for PPAR subtypes can facilitate the discovery of novel antidiabetic
compounds, reducing the need for costly and time-consuming experimental screening.

7.2. Strengths of the dataset
The ChEMBL database is a widely trusted resource known for its comprehensive and high-quality

bioactivity data, making it an excellent source for ligand information. The compounds chosen for
this study had strong experimental validation, providing confidence in their interactions with the
PPAR receptor. This enhanced the credibility of the predictions by grounding the results in reliable
bioactivity data.

7.3. Challenges and data cleaning
While the ChEMBL dataset provided a solid foundation, significant preprocessing was required

due to missing or invalid data for some ligands. After removing entries with missing IC50 values,
9,947 ligands were retained. Further filtering by potency threshold and deduplication reduced this
to 3,764 and then 2,191 unique molecules, respectively. Following molecular docking with AutoDock

Vina and filtering for binding affinity ≤ -5
kcal
mol

, 2,180 ligands constituted the final dataset used for

model training.
Although this cleaning step reduced the sample size, it was essential to prioritize data quality

to avoid introducing bias or inaccuracies into the model. Despite the reduction, the resulting dataset
maintained higher reliability for training predictive models.

7.4. 2D descriptors as molecular representations
In this study, 2D molecular descriptors were employed to represent the ligands’ molecular struc-

tures. Unlike more complex representations such as 3D conformations or graph-based molecular
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fingerprints, 2D descriptors offer a simplified yet effective means to capture key molecular features
[34]. These descriptors are widely used in cheminformatics, facilitating molecular similarity searches
and feature extraction for machine learning models.

The conversion of SMILES representations into 2D descriptors enabled the generation of a com-
pact and informative feature set for model training. Although 2D descriptors efficiently capture struc-
tural information, they may not fully account for conformational flexibility or 3D interactions essential
for molecular recognition.

7.5. Molecular docking to predict binding affinities
To predict the binding affinities of the ligands for the PPAR receptor, molecular docking simula-

tions using AutoDock Vina were conducted [43]. This tool is widely used in computational chemistry
due to its efficiency and accuracy in predicting ligand-receptor interactions. The docking results pro-
vided predicted binding affinities, which were essential for training the predictive model.

Although molecular docking is valuable for affinity prediction, it is subject to limitations. The
accuracy of docking results may be influenced by factors such as receptor structure quality, docking
parameters, and the precision of the defined binding site. While receptor preparation was carefully
performed in this study, real-world applications may encounter challenges in maintaining docking
accuracy [46].

7.6. Model development and evaluation
The core objective of this study was to develop a deep learning model to predict the docking-

derived binding affinity
(

kcal
mol

)
of PPAR inhibitors. The model was trained using 2D descriptors as

input features and normalized docking-derived binding affinity scores as the target variable. The deep
learning architecture consisted of three hidden layers, each employing the ReLU activation function to
capture complex relationships between molecular features and binding affinity [35].

Model performance was evaluated using key metrics, including R-squared (R2), Mean Squared
Error (MSE), and Mean Absolute Error (MAE), providing insight into both accuracy and reliability of
the predictions.

7.7. Performance analysis and comparison with baseline models
The model achieved an R2 value of 0.853 on the training set and 0.632 on the test set. The gap

of 0.221 between training and test R2 indicates mild overfitting, which is expected given the high input
dimensionality (210 features) relative to the training set size (1,744 samples). This behavior is con-
sistent with findings in similar QSAR/docking-score prediction studies, where deep neural networks
trained on 2D descriptors tend to memorize training patterns to some degree [31]. Importantly, the
test R2 of 0.632 still demonstrates meaningful generalization, suggesting that the learned non-linear
mapping captures genuine structure–activity trends rather than random noise.

To further contextualize these results, the MLP was compared against two linear baseline models
— Linear Regression and Ridge Regression — trained on the same dataset under identical conditions
(see Table 4). The MLP achieved a test R2 of 0.632, substantially higher than Linear Regression (0.464)
and Ridge Regression (0.416), while also yielding lower MSE (0.385 vs. 0.561 and 0.611) and MAE
(0.450 vs. 0.498 and 0.501). This consistent superiority across all metrics confirms that the non-
linear function approximation capability of the MLP is essential for modeling the complex, non-linear
relationship between 2D molecular descriptors and docking-derived binding affinity in PPAR-ligand
systems [31, 37].

The Mean Squared Error (MSE) of 0.385
kcal2

mol2
reflects residual prediction error, with sensitivity

to outliers arising from structurally atypical ligands in the dataset. The Mean Absolute Error (MAE)
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of 0.450
kcal
mol

is particularly informative: in the context of computational drug discovery, prediction

errors below 1.0
kcal
mol

are generally considered acceptable for early-stage virtual screening, and errors

below 0.5
kcal
mol

indicate good practical utility [48]. The MAE of 0.450
kcal
mol

therefore falls within a

range that is meaningful for prioritizing candidate ligands, even if it is insufficient for precise free-
energy ranking.

The high R2 value for the training set, combined with the lower test R2, is consistent with mild
overfitting rather than a fundamental modeling failure. In contrast, the linear baseline models (Linear
Regression R2 = 0.464; Ridge R2 = 0.416) show no such gap — their limited capacity prevents
overfitting but also prevents them from capturing the non-linear relationships inherent in the data.
This trade-off underscores the necessity of the MLP architecture for this task, while also pointing to
the need for regularization strategies (e.g., dropout, early stopping) in future iterations to close the
generalization gap.

7.8. Implications, limitations, and future directions
The findings of this study demonstrate that deep learning models based on 2D molecular de-

scriptors can effectively approximate binding affinity predictions, offering a scalable and cost-efficient
computational screening tool. However, limitations remain, particularly in handling complex molecu-
lar interactions and generalizing to novel chemical scaffolds.

Future research could explore the integration of graph-based molecular representations [34,
49], transfer learning approaches, and ensemble methods to enhance predictive accuracy. Further-
more, experimental validation of high-confidence predictions is essential to bridge computational in-
sights with real-world drug discovery applications [33].

Overall, the application of AI-driven models holds significant promise for accelerating the early
phases of drug discovery, including hit identification and lead optimization for PPAR-related therapeu-
tic targets.

8. Conclusion
This study developed a deep learning model to predict the docking-derived binding affinity(

kcal
mol

)
of ligands targeting PPAR receptors using 2D molecular descriptors derived from SMILES no-

tation. The dataset curation followed a clear pipeline: 15,161 compounds were initially retrieved
from ChEMBL, reduced to 9,947 after removing invalid IC50 entries, further filtered to 3,764 by po-
tency threshold, deduplicated to 2,191 unique molecules, docked using AutoDock Vina, and finally

filtered to 2,180 ligands
(

binding affinity ≤ -5
kcal
mol

)
for model training. The model was trained on a

curated dataset of ligands whose IC50 values from the ChEMBL database were used for selection and
preprocessing. Molecular docking simulations using AutoDock Vina then provided the binding affinity

scores
(

kcal
mol

)
as the quantitative target variable for model training. The model achieved an R2 of

0.853 on the training set and 0.632 on the test set, demonstrating good predictive performance and
generalizability. Benchmarking against linear baseline models (Linear Regression: R2 = 0.464; Ridge
Regression: R2 = 0.416) confirmed that the non-linear MLP architecture is essential for capturing
the complex structure–activity relationships in this dataset. While some prediction errors remain, the
approach shows promising applicability for ligand-based virtual screening in antidiabetic drug discov-
ery. Future work will focus on optimizing molecular descriptor selection and addressing outliers to
enhance accuracy and expand applicability in antidiabetic drug discovery.
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A. Target Search Python Code
import os
import pandas as pd
from chembl_webresource_c l ient . new_cl ient import new_cl ient

def s e a r c h _ t a r g e t s ( q u e r y _ l i s t , j o b _ d i r ) :
for search_term in q u e r y _ l i s t :

t a r g e t = new_cl ient . t a r g e t
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t ry :
t a rge t_query = t a r g e t . search ( search_term )

i f t a rge t_query :
t a r g e t s = pd . DataFrame . f rom_dic t ( ta rge t_query )
search_term_formatted = search_term . rep lace ( " " , "−" )
se lected_columns = [ ’ target_chembl_ id ’ , ’ pref_name ’ ]

t a r g e t s [ ’ search_term ’ ] = search_term_formatted
t a r g e t s = t a r g e t s [ se lected_columns + [ ’ search_term ’ ]]

os . makedirs ( job_d i r , e x i s t _ok=True )
o u t p u t _ f i l e = os . path . j o i n ( job_d i r , f ’ t a r g e t s _ { search_term_formatted } . csv ’ )
t a r g e t s . to_csv ( o u t p u t _ f i l e , index=Fa l se )

print ( f " Re su l t s f o r ’ { search_term } ’ saved to { o u t p u t _ f i l e } " )
else :

print ( f "No r e s u l t s found f o r ’ { search_term } ’ " )

except Except ion as e :
print ( f " Er ror while search ing f o r ’ { search_term } ’ : { s t r ( e )} " )

def main ( ) :
q u e r y _ l i s t = [ ’ a lpha_g lucos idase ’ ]
j o b _ d i r = os . getcwd ()
s e a r c h _ t a r g e t s ( q u e r y _ l i s t , j o b _ d i r )

i f __name__ == " __main__ " :
main ()

B. Molecule Retrieval Python Code
import pandas as pd
import numpy as np
import os
from chembl_webresource_c l ient . new_cl ient import new_cl ient
from r d k i t import Chem
from tqdm import tqdm
from concurrent . f u t u r e s import ProcessPoolExecutor
from glob import glob

# Func t ion to v a l i d a t e SMILES
def v a l i d a t e _ s m i l e s ( smi l e s ) :

mol = Chem. MolFromSmiles ( smi l e s )
i f mol i s not None :

return Chem. MolToSmiles (mol)
else :

return None

# Func t ion to combine m u l t i p l e CSV f i l e s i n t o one
def combine_c sv_ f i l e s ( ta rge t , t a r g e t _ d i r ) :

c s v _ f i l e s = glob ( os . path . j o i n ( t a r g e t _ d i r , ’ * . csv ’ ) )

i f not c s v _ f i l e s :
print ( "No CSV f i l e s found in the d i r e c t o r y . " )
return None

df s = [pd . read_csv ( f i l e ) for f i l e in c s v _ f i l e s i f os . path . g e t s i z e ( f i l e ) > 0]

i f not df s :
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print ( f "No data in CSV f i l e s in { t a r g e t _ d i r } . " )
return None

combined_df = pd . concat ( dfs , ignore_ index=True )
o u t p u t _ f i l e = os . path . j o i n ( t a r g e t _ d i r , f ’ { t a r g e t } . csv ’ )
combined_df . to_csv ( o u t p u t _ f i l e , index=Fa l se )
print ( f " Data from { t a r g e t _ d i r } saved to { o u t p u t _ f i l e } " )
return combined_df

# Func t ion to p r o c e s s i n d i v i d u a l ChEMBL ID
def process_chembl_id ( chembl_id , ta rge t , t a r g e t _ d i r , other , others_column ) :

t ry :
a c t i v i t y = new_cl ient . a c t i v i t y
re s = a c t i v i t y . f i l t e r ( target_chembl_ id=chembl_id ) . f i l t e r ( s tandard_type=" IC50 " )
df = pd . DataFrame . f rom_dic t ( re s )

i f df . empty :
return f "No data f o r { chembl_id } "

mol_cid = df . get ( ’ molecule_chembl_id ’ , [ ] )
smi l e s = df . get ( ’ c anon i ca l _ smi l e s ’ , [ ] )
s td_va lue = df . get ( ’ s tandard_value ’ , [ ] )

data = l i s t ( zip ( mol_cid , smi les , s td_va lue ))
df = pd . DataFrame ( data , columns=[ ’ molecule_chembl_id ’ , ’ c anon i ca l _ smi l e s ’ ,
’ s tandard_value ’ ] )

df = df . dropna ( subse t=[ ’ molecule_chembl_id ’ , ’ c anon i ca l _ smi l e s ’ ] )
df [ ’ c anon i ca l _ smi l e s ’ ] = df [ ’ canon i ca l _ smi l e s ’ ] . apply ( v a l i d a t e _ s m i l e s )
df = df . drop_dup l i ca te s ( subse t=[ ’ molecule_chembl_id ’ ] , keep= ’ f i r s t ’ ,
ignore_ index=True )

for co l in others_column :
df [ co l ] = other [ co l ]

df [ ’ search_term ’ ] = t a r g e t

output_path = os . path . j o i n ( t a r g e t _ d i r , f ’ { chembl_id } . csv ’ )
df . to_csv ( output_path , index=Fa l se )

return f " Processed { chembl_id } "

except Except ion as e :
return f " Er ror proces s ing { chembl_id } : { s t r ( e )} "

# Main f u n c t i o n to s ea r ch mo l e cu l e s
def search_molecules ( j o b _ d i r ) :

np . random . seed (1)
a l l _da ta f rames = []
t a r g e t s = []

t a r g e t _ f i l e s = glob ( os . path . j o i n ( job_d i r , ’ t a r g e t s _ * . csv ’ ) )

for f i l e _ p a t h in t a r g e t _ f i l e s :
d f _ t a r g e t s = pd . read_csv ( f i l e _ p a t h )
chembl_ids = d f _ t a r g e t s [ ’ target_chembl_ id ’ ]
o the r_ co l s = d f _ t a r g e t s . columns . d i f f e r e n c e ([ ’ t ] ( )
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C. Data Cleaning Python Code
import pandas as pd

def clean_combined_data ( i n p u t _ f i l e , o u t p u t _ f i l e ) :
df = pd . read_csv ( i n p u t _ f i l e )

i f ’ s tandard_value ’ in df . columns :
df [ ’ s tandard_value ’ ] = pd . to_numeric ( df [ ’ s tandard_value ’ ] , e r r o r s= ’ coerce ’ )
df = df [ df [ ’ s tandard_value ’ ] . notna () & ( df [ ’ s tandard_value ’ ] != 0)]

df = df . s o r t _ v a l u e s ( ’ s tandard_value ’ ) . d rop_dup l i ca te s ( subse t= ’ molecule_chembl_id ’ ,
keep= ’ f i r s t ’ )

columns_to_drop = [ ’ pref_name ’ , ’ search_term ’ ]
df = df . drop ( columns=[co l for co l in columns_to_drop i f co l in df . columns ])

df . to_csv ( o u t p u t _ f i l e , index=Fa l se )
print ( f " Cleaned data saved to : { o u t p u t _ f i l e } " )
return o u t p u t _ f i l e

i f __name__ == " __main__ " :
i n p u t _ f i l e = " ppar . csv "
o u t p u t _ f i l e = " ppar_cleaned . csv "
clean_combined_data ( i n p u t _ f i l e , o u t p u t _ f i l e )

D. Automated Docking Python Code
import os
import pandas as pd
from r d k i t import Chem
from r d k i t .Chem import AllChem
from subprocess import run , DEVNULL , Ca l l edProce s sE r ro r
from tqdm import tqdm
from concurrent . f u t u r e s import ProcessPoolExecutor

def smi les_ to_pdbqt ( smi les , ligand_name ) :
" " "
Conver t SMILES to PDBQT format us ing RDKit and Open Babe l .
" " "
t ry :

mol = Chem. MolFromSmiles ( smi l e s )
i f mol i s None :

ra ise ValueError ( f " I n v a l i d SMILES : { smi le s } " )

mol = Chem. AddHs(mol)
AllChem . EmbedMolecule (mol , AllChem .ETKDG() )
AllChem . UFFOptimizeMolecule (mol)

pdb_path = f " { ligand_name } . pdb "
Chem. MolToPDBFile (mol , pdb_path )

pdbqt_path = f " { ligand_name } . pdbqt "
run ([ " obabel " , pdb_path , "−O" , pdbqt_path , "−−gen3d " ] , s tdout=DEVNULL ,
s t d e r r=DEVNULL , check=True )

os . remove ( pdb_path )
return pdbqt_path

except ( ValueError , Ca l l edProces sEr ror , Except ion ) as e :
print ( f " Er ror conver t ing { ligand_name} to PDBQT: {e} " )
return None
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def run_vina_docking ( receptor , c o n f i g _ f i l e , l igand_pdbqt , ligand_name ) :
" " "
Perform molecu lar dock ing us ing AutoDock Vina .
" " "
t ry :

output_pdbqt = f " { ligand_name} _out . pdbqt "
run ([

" v ina " ,
"−−recep to r " , receptor ,
"−−l igand " , l igand_pdbqt ,
"−−conf ig " , c o n f i g _ f i l e ,
"−−out " , output_pdbqt

] , s tdout=DEVNULL , s t d e r r=DEVNULL , check=True )
return output_pdbqt

except Ca l l edProce s sE r ro r as e :
print ( f " Vina docking f a i l e d f o r { ligand_name } : {e} " )
return None

def e x t r a c t _ b e s t _ b i n d i n g _ a f f i n i t y ( output_pdbqt ) :
" " "
E x t r a c t the b e s t b ind ing a f f i n i t y va lue from Vina output f i l e .
" " "
t ry :

with open( output_pdbqt , ’ r ’ ) as f i l e :
for l i n e in f i l e :

i f "REMARK VINA RESULT" in l i n e :
return f l o a t ( l i n e . s p l i t ( ) [3 ] )

except Except ion as e :
print ( f " Er ror reading output f i l e { output_pdbqt } : {e} " )

return None

def proces s_ l i gand (row , receptor , c o n f i g _ f i l e ) :
" " "
P r o c e s s a s i n g l e l i gand : c o n v e r t to PDBQT , dock , e x t r a c t b ind ing a f f i n i t y .
" " "
smi l e s = row[ ’ canon i ca l _ smi l e s ’ ]
molecule_id = row[ ’ molecule_chembl_id ’ ]
s tandard_value = row[ ’ s tandard_value ’ ]
ligand_name = f " l igand_ { molecule_id } "

l igand_pdbqt = smi les_ to_pdbqt ( smi les , ligand_name )
i f not l igand_pdbqt :

return molecule_id , smi les , s tandard_value , None

output_pdbqt = run_vina_docking ( receptor , c o n f i g _ f i l e , l igand_pdbqt ,
ligand_name )
b e s t _ a f f i n i t y = None
i f output_pdbqt :

b e s t _ a f f i n i t y = e x t r a c t _ b e s t _ b i n d i n g _ a f f i n i t y ( output_pdbqt )
os . remove ( output_pdbqt )

i f os . path . e x i s t s ( l igand_pdbqt ) :
os . remove ( l igand_pdbqt )

return molecule_id , smi les , s tandard_value , b e s t _ a f f i n i t y

def perform_docking ( i n p u t _ f i l e , receptor , c o n f i g _ f i l e , output_csv ) :
" " "
Perform dock ing f o r m u l t i p l e l i g a n d s and save r e s u l t s to CSV .
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" " "
i f not os . path . e x i s t s ( recep to r ) :

print ( f " Receptor f i l e not found : { recep to r } " )
return

i f not os . path . e x i s t s ( c o n f i g _ f i l e ) :
print ( f " Config f i l e not found : { c o n f i g _ f i l e } " )
return

input_df = pd . read_csv ( i n p u t _ f i l e )
required_columns = [ ’ canon i ca l _ smi l e s ’ , ’ molecule_chembl_id ’ ,
’ s tandard_value ’ ]
i f not a l l ( co l in input_df . columns for co l in required_columns ) :

print ( " Required columns miss ing in input f i l e . " )
return

i f not os . path . e x i s t s ( output_csv ) :
with open( output_csv , ’w ’ ) as f :

f . wr i te ( " molecule_chembl_id , canon ica l_smi le s , s tandard_value ,
b i n d i n g _ a f f i n i t y \n " )

rows = input_df . t o _ d i c t ( ’ records ’ )
with ProcessPoolExecutor ( max_workers=1) as executor :

f u t u r e s = [ executor . submit ( process_ l igand , row , receptor , c o n f i g _ f i l e )
for row in rows ]

for fu tu re in tqdm( fu tures , t o t a l=len ( rows ) , desc=" Docking l i gands " ) :
t ry :

r e s u l t = fu tu re . r e s u l t ( )
i f r e s u l t :

molecule_id , smi les , s tandard_value , b e s t _ a f f i n i t y = r e s u l t
with open( output_csv , ’ a ’ ) as f :

f . wr i te ( f " { molecule_id } ,{ smi l e s } ,{ s tandard_value } ,
{ b e s t _ a f f i n i t y }\n " )

except Except ion as e :
print ( f " Er ror during docking : {e} " )

print ( f " Docking r e s u l t s saved to { output_csv } " )

i f __name__ == " __main__ " :
i n p u t _ f i l e = " ppar_cleaned . csv "
r ecep to r = " ppar . pdbqt "
c o n f i g _ f i l e = " con f i g . t x t "
output_csv = " ppar_docking . csv "
perform_docking ( i n p u t _ f i l e , receptor , c o n f i g _ f i l e , output_csv )

E. 2D Molecular Descriptor Generation Code
import pandas as pd
from r d k i t import Chem
from r d k i t .Chem import D e s c r i p t o r s

# Load the d a t a s e t
df = pd . read_csv ( ’ ppar_docking . csv ’ )

def ge t_2d_desc r ip to r s (mol , mi s s ing_va l=None ) :

de s c r ip to r s_2d = {}

i f mol i s not None :
t ry :
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for desc_name , fn in D e s c r i p t o r s . d e s c L i s t :
va l = fn (mol)
des c r ip to r s_2d [ desc_name ] = va l

except Except ion :
de s c r ip to r s_2d = {desc_name : mis s ing_va l for desc_name ,
_ in D e s c r i p t o r s . d e s c L i s t }

else :
de s c r ip to r s_2d = {desc_name : mis s ing_va l for desc_name ,
_ in D e s c r i p t o r s . d e s c L i s t }

return pd . DataFrame ([ desc r ip to r s_2d ])

def genera te_2d_desc r ip to r s ( smi l e s ) :

mol = Chem. MolFromSmiles ( smi l e s )
i f mol :

return ge t_2d_desc r ip to r s (mol)
else :

return None

# Generate d e s c r i p t o r s f o r each mole cu l e
d f _ d e s c r i p t o r s = df [ ’ canon i ca l _ smi l e s ’ ] . apply ( genera te_2d_desc r ip to r s )

# F i l t e r out None r e s u l t s and conca t ena t e i n t o a s i n g l e DataFrame
d e s c r i p t o r s _ d f = pd . concat ([ desc for desc in d f _ d e s c r i p t o r s i f desc i s not
None ] , ignore_ index=True )

# Combine o r i g i n a l data with the d e s c r i p t o r s
df_combined = pd . concat ([ df . r e se t_ index ( drop=True ) ,
d e s c r i p t o r s _ d f . r e se t_ index ( drop=True ) ] , a x i s =1)

# Save the combined d a t a s e t
df_combined . to_csv ( ’ ppar_2d_desc r ip tor s . csv ’ , index=Fa l se )

# Di sp l ay f i r s t few rows
print ( df_combined . head ( ) )

F. Deep Learning Model for Binding Affinity Prediction
import pandas as pd
import numpy as np
from sk l ea rn . model_se lec t ion import t r a i n _ t e s t _ s p l i t
from sk l ea rn . p reproces s ing import StandardScaler
from sk l ea rn . met r i c s import mean_squared_error , r2_score
import t ensor f low as t f
from t ensor f low . keras import l aye r s , models
import matp lo t l i b . pyp lo t as p l t
from sk l ea rn . l inear_model import L inearRegress ion

# Load the d a t a s e t
df = pd . read_csv ( ’ ppar_2d_desc r ip tor s . csv ’ )

# F i l t e r rows where b i n d i n g _ a f f i n i t y <= −5
d f _ f i l t e r e d = df [ df [ ’ b i n d i n g _ a f f i n i t y ’ ] <= −5]

# Drop non−f e a t u r e columns
X = d f _ f i l t e r e d . drop ( columns=[ ’ molecule_chembl_id ’ , ’ c anon i ca l _ smi l e s ’ ,
’ s tandard_value ’ , ’ b i n d i n g _ a f f i n i t y ’ ] )

# Handle mi s s ing v a l u e s
X = X . dropna ( a x i s =1)
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# E x t r a c t t a r g e t
y = d f _ f i l t e r e d [ ’ b i n d i n g _ a f f i n i t y ’ ] . va lues
y = np . nan_to_num( y )

# Check l e n g t h
a s s e r t len (X) == len ( y ) , f " Length mismatch : X({ len (X)}) , y ({ len ( y )}) "

# Normalize f e a t u r e s and t a r g e t
s ca l e r_X = StandardScaler ()
X_scaled = sca le r_X . f i t _ t r a n s f o r m (X)

s c a l e r _ y = StandardScaler ()
y_sca led = s c a l e r _ y . f i t _ t r a n s f o r m ( y . reshape (−1, 1 ) ) . f l a t t e n ()

# S p l i t data
X_tra in , X_tes t , y_ t ra in , y _ t e s t = t r a i n _ t e s t _ s p l i t ( X_scaled , y_scaled ,
t e s t _ s i z e =0.2 , random_state=42)

print ( f ’ Tra in ing samples : { len ( X_ t ra in )} ’ )
print ( f ’ Tes t samples : { len ( X_ te s t )} ’ )

# Bui ld model
model = models . Sequent ia l ([

l a y e r s . InputLayer ( input_shape=(X_t ra in . shape [ 1 ] , ) ) ,
l a y e r s . Dense (128 , a c t i v a t i o n= ’ r e lu ’ ) ,
l a y e r s . Dense (64 , a c t i v a t i o n= ’ r e lu ’ ) ,
l a y e r s . Dense (64 , a c t i v a t i o n= ’ r e lu ’ ) ,
l a y e r s . Dense (1)

])

model . compile ( opt imizer= ’adam ’ , l o s s= ’ mean_squared_error ’ , met r i c s=[ ’mae ’ ])

# Train model
h i s t o r y = model . f i t ( X_tra in , y_ t ra in , epochs=50, ba t ch_s i ze =32,
v a l i d a t i o n _ s p l i t =0.2 , verbose=1)

# P r e d i c t
y_pred_ t ra in_ sca l ed = model . p r e d i c t ( X_ t ra in ) . f l a t t e n ()
y_p red_ te s t _ s ca l ed = model . p r e d i c t ( X_ te s t ) . f l a t t e n ()

# I n v e r s e t rans form
y _ t r a i n _ o r i g = s c a l e r _ y . inver se_ t rans fo rm ( y _ t r a i n . reshape (−1, 1 ) ) . f l a t t e n ()
y _ t e s t _ o r i g = s c a l e r _ y . inver se_ t rans fo rm ( y _ t e s t . reshape (−1, 1 ) ) . f l a t t e n ()
y_pred_ t ra in = s c a l e r _ y . inver se_ t rans fo rm ( y_pred_ t ra in_ sca l ed . reshape (−1, 1))
. f l a t t e n ()
y_pred_ te s t = s c a l e r _ y . inver se_ t rans fo rm ( y_pred_ te s t _ s ca l ed . reshape (−1, 1))
. f l a t t e n ()

# M e t r i c s
r 2 _ t r a i n = r2_score ( y_ t r a in_o r i g , y_pred_t ra in )
r 2 _ t e s t = r2_score ( y _ t e s t _ o r i g , y_pred_ te s t )
mse = mean_squared_error ( y _ t e s t _ o r i g , y_pred_ te s t )
mae = np . mean(np . abs ( y _ t e s t _ o r i g − y_pred_ te s t ))

print ( f " Test MSE: {mse : . 4 f } " )
print ( f " Test MAE: {mae : . 4 f } " )
print ( f " Tra in ing R2 : { r 2 _ t r a i n : . 3 f } " )
print ( f " Test R2 : { r 2 _ t e s t : . 3 f } " )
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# Save model
model . save ( ’ ppar_2d_descr iptors_model . keras ’ )

# R e g r e s s i o n l i n e s
t r a i n _ l r = LinearRegres s ion ( ) . f i t ( y _ t r a i n _ o r i g . reshape (−1, 1) , y_pred_ t ra in )
t e s t _ l r = LinearRegres s ion ( ) . f i t ( y _ t e s t _ o r i g . reshape (−1, 1) , y_pred_ te s t )

t r a i n _ l i n e = t r a i n _ l r . p r e d i c t ( y _ t r a i n _ o r i g . reshape (−1, 1))
t e s t _ l i n e = t e s t _ l r . p r e d i c t ( y _ t e s t _ o r i g . reshape (−1, 1))

# P l o t
p l t . f i g u r e ( f i g s i z e =(8, 8))
p l t . s c a t t e r ( y_ t r a in_o r i g , y_pred_tra in , co lo r= ’ blue ’ , alpha =0.6 ,
l a b e l=f ’ Train ({ len ( X_ t ra in )} samples ) ’ , s=40)
p l t . s c a t t e r ( y _ t e s t _ o r i g , y_pred_tes t , co lo r= ’ green ’ , alpha =0.6 ,
l a b e l=f ’ Tes t ({ len ( X_ te s t )} samples ) ’ , s=40)
p l t . p l o t ( y_ t r a in_o r i g , t r a i n _ l i n e , co lo r= ’ blue ’ , l i n e s t y l e= ’− ’ ,
l a b e l=f ’ Train Regress ion ($R̂ 2$ : { r 2 _ t r a i n : . 3 f }) ’ )
p l t . p l o t ( y _ t e s t _ o r i g , t e s t _ l i n e , co lo r= ’ green ’ , l i n e s t y l e= ’− ’ ,
l a b e l=f ’ Tes t Regress ion ($R̂ 2$ : { r 2 _ t e s t : . 3 f }) ’ )
p l t . t i t l e ( ’ Docking−Derived vs . P red i c ted Binding A f f i n i t y ( kca l /mol) ’ )
p l t . x l a b e l ( ’ Docking−Derived Binding A f f i n i t y ( kca l /mol) ’ )
p l t . y l a b e l ( ’ P red i c ted Binding A f f i n i t y ( kca l /mol) ’ )
p l t . legend ()
p l t . t i g h t _ l a y o u t ()
p l t . s a v e f i g ( ’ ppa r_2d_desc r ip to r s_p lo t . png ’ )
p l t . show ()
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