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e Post-graduate Program in Pharmaceutical Sciences, Universidade Federal Do Paraná, Curitiba, Brazil 
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A B S T R A C T   

Recent data from the World Health Organization reveals that in 2023, 38.8 million people were living with HIV. 
Within this population, there were 1.5 million new cases and 650 thousand deaths attributed to the disease. This 
study employs an integrated approach involving QSAR-based machine learning models, molecular docking, and 
molecular dynamics simulations to identify potential compounds for inhibiting the bioactivity of the CC che
mokine receptor type 5 (CCR5) protein, a key entry point for the HIV virus. Using non-redundant experimental 
data from the CHEMBL database, 40 different machine learning algorithms were trained and the top four models 
(XGBoost, Histogram based gradient Boosting, Light Gradient Boosted Machine, and Extra Trees Regression) 
were utilized to predict anti-HIV bioactivity for 37 billion compounds in the ZINC-22 database. The screening 
resulted in the identification of 124 new anti-HIV drug candidates, confirmed through molecular docking and 
dynamics simulations. The study underscores the therapeutic potential of these compounds, paving the way for 
further in vitro and in vivo investigations. The convergence of machine learning and experimental findings 
presents a promising avenue for significant advancements in pharmaceutical research, particularly in the 
treatment of viral diseases such as HIV. To guarantee the reproducibility of our study, we have made the Python 
code (google colab) and the associated database available on GitHub. You can access them through the following 
link: GitHub Link: https://github.com/AlexandreCOBRE/code.   

1. Introduction 

The HIV/AIDS pandemic continues to be a highly lethal public health 
problem, despite the great advances achieved in the field of drug ther
apy, diagnosis, and social programs. Recent data from the World Health 
Organization (WHO) show that in 2023, 38.8 million people were living 
with HIV, 1.5 million new cases and of these 650,000 fatalities from the 
disease [1]. 

The CCR5 protein is a chemokine receptor found on human immune 
system cells, including CD4+ T lymphocytes. The human immunodefi
ciency virus (HIV) uses the CCR5 receptor as a co-receptor to enter host 
cell [2]. People who are genetically deficient in the production of the 
CCR5 receptor have a greater resistance to HIV infection. This discovery 
has led to the development of antiretroviral drugs that aim to block 
CCR5 and prevent HIV from entering host cells. An example of an an
tiretroviral drug that acts as a CCR5 antagonist is maraviroc, which was 
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approved for clinical use in 2007. Maraviroc is often used in combina
tion with other antiretroviral drugs as part of the treatment of HIV 
infection in adult patients [3]. The use of drugs that target CCR5 is a 
promising approach to treating and preventing HIV infection, but drug 
resistance can occur. Also, it is important to note that these drugs are not 
a cure for HIV infection and must be used in combination with other 
antiretroviral drugs [4]. 

Machine learning plays a key role in the discovery of new drugs, as it 
allows analyzing large data sets efficiently and identifying patterns that 
would be impossible to detect manually. Furthermore, machine learning 
can help predict the effectiveness of new candidate molecules, as well as 
their safety and toxicity [5,6]. To this end, machine learning can be 
applied in drug discovery in several ways. One of them is molecular 
modeling by QSAR (Quantitative Structure-Activity Relationship), 
which is a technique used in drug discovery that seeks to establish a 
mathematical relationship between the chemical structure of a molecule 
and its biological activity. QSAR uses a series of molecular descriptors to 
quantify the chemical structure of the molecule and then employs sta
tistical techniques to model the relationship between these descriptors 
and biological activity [7,8]. There are several drugs that have been 
discovered using QSAR and machine learning approaches, for example 
Raltegravir - an integrase inhibitor used in the treatment of HIV, 
Cetuximab - a monoclonal antibody used in the treatment of colon and 
head and neck cancer, Valsartan - an angiotensin converting enzyme 
inhibitor used in the treatment of hypertension and heart failure, Sita
gliptin - a dipeptidyl peptidase-4 inhibitor used in the treatment of type 
2 diabetes and Ibrutinib - a tyrosine inhibitor Ina kinase used in the 
treatment of chronic lymphocytic leukemia cancer [9,10]. The integra
tion of in silico models such as QSAR, structural similarity, molecular 
docking, and molecular dynamics has also been used to improve the 
accuracy of drug candidates for the treatment of various diseases [11, 
12]. 

Based on this, this research utilizes a comprehensive strategy that 
combines QSAR-based machine learning models, molecular docking, 
and molecular dynamics simulations to pinpoint potential compounds 
capable of inhibiting the bioactivity of the CCR5 protein—an essential 
gateway for the HIV virus. 

2. Material and methods 

Fig. 1 shows the summary of the execution flow of this study. In 

short, machine learning models based on SHAP values and QSAR ap
proaches were developed, aiming to predict and analyze bioactive 
compounds that inhibit the human CCR5 protein, for the potential 
treatment of HIV/AIDS. The study was carried out using the Organiza
tion for Economic Cooperation and Development (OECD) guide, which 
included the following steps: (i) a dataset with an end point; (ii) an 
exploratory analysis of these data; (iii) using a set of different supervised 
machine learning algorithms; (iv) use of metrics to evaluate the per
formance of machine learning models and (v) mechanistic interpretation 
of machine learning models (analysis of important features) [13]. To 
guarantee the reproducibility of our study, we have made the Python 
code (google colab) and the associated database available on GitHub. 
You can access them through the following link: GitHub Link. 

2.1. Description of database used: CHEMBL database 

The dataset used in this study for the development of machine 
learning models for predicting compounds with bioactivity against the 
human CCR5 protein for the treatment of HIV were collected from the 
ChEMBL database (https://www.ebi.ac.uk/chembl/). ChEMBL database 
is a British public domain database containing bioactivity data on over 
2.4 million compounds with drug-like properties, distributed across 215 
datasets. CHEMBL database, gathers chemical information of com
pounds, bioactivity data, genomic data, in order to help in the trans
lation of genomic information into new drugs. The CHEMBL database 
also contains around 86,000 scientific publications, 1.6 million assays, 
15,000 therapeutic targets, 6700 drug action mechanisms, 2000 cells, 
45,000 drug indications and 782 biological tissues. It is important to 
highlight that all this information is manually selected and curated by 
specialists in the field. 

2.2. Dataset used for the development of the study 

In the CHEMBL database, bioactive compounds that inhibit HIV 
CCR5 protein (Target ID CHEMBL274) were compiled, which was 
composed of a total of 5581 bioactivity data corresponding to 3357 
compounds. All compound SMILES notations were cured using Chem
Axon’s Standardizer as described by Simeon (2016) [14]. The initial 
dataset contained several bioactivity parameters such as EC50, MIC, 
percentage of activity, Ki, percentage of inhibition, IC50, etc. The IC50 
(measured on the nanomolar scale) was selected for further 

Fig. 1. Flowchart used for data collection and cleaning, and training and validation of machine learning models for predicting the bioactivity of compounds against 
the CCR5 protein to discover new drug candidates for the treatment of HIV. 
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investigation as it is the bioactivity parameter that was available in most 
compounds (n = 3870 compounds). Subsequently, duplicate com
pounds, compounds without IC50 annotations or compounds that did 
not have a SMILES code were removed, leaving only 2929 compounds 
(final dataset) that were used for the analyzes of the next step, machine 
learning. 

. In this analysis, no compound was removed, as all presented com
plete data. Thus, the final dataset was formed by 2929 bioactive com
pounds, which were used for the next stage of the study: the pre- 
processing of the data. 

2.3. Dataset pre-processing 

The pre-processing of the data of all 2929 bioactive compounds that 
inhibit the CCR5 protein for the treatment of HIV included in the study, 
was done using the Padelpy library of the Python language (https://pyp 
i.org/project/padelpy/). This process consisted of removing salts, stan
dardizing tautomer’s, converting IC50 to pIC50 (the logarithmic scale). 
The categorization of ICC50 values was also performed according to the 
study by Simeon (2016), and the bioactivity was categorized into three 
groups: active compounds: IC50 < 100 nM; compounds with interme
diate activity: IC50 between 100 and 1000 nM; inactive compounds, 
IC50 > 1000 nM [13]. It’s important to note that although this cate
gorization of compound bioactivity may result in unbalanced bioactivity 
categories, this does not affect the results since the machine learning 
models used in the studies are based on regression. In other words, 
bioactivity was not used as a categorical variable, but rather as a 
quantitative variable, where the dependent variable was the actual 
bioactivity value [(pIC50 - normalized scale of IC50, i.e., pIC50 = -log 
(IC50)]). Ligand/target pairs that had different bioactivity values were 
retained in the database with only one of them being kept. 

After this step, the calculation of the fingerprint descriptors (using 
Pubchem descriptors) of the molecules was carried out. They consist of a 
set of binary codes that describe the chemical space (2D, 3D, 4D, 5D or 
even 6D) of molecules. There are 12 different types of fingerprint de
scriptors (e.g. Pubchem, CDK, substructure, etc) [15]. After a theoretical 
survey of the literature, we observed that most authors using machine 
learning-based QSAR models tend to employ PubChem Fingerprint. As 
our study is a machine learning-based QSAR study, we chose PubChem 
Fingerprint based on the literature [16–19] The Pubchem descriptor is a 
binary representation of substructures defined by PubChem. For each 
molecule, there are 881 Pubchem features [20]. It is also important to 
highlight that PubChem Fingerprint presents four unique characteristics 
that distinguish it from other descriptors: (i) Based on extensive public 
information: PubChem Fingerprint is derived from the public database 
of PubChem, which is one of the largest and most comprehensive col
lections of chemical compound information available. This means that 
PubChem Fingerprint captures a wide and diversified range of molecular 
characteristics; (ii) Wide coverage of molecular features: PubChem 
Fingerprint captures a variety of molecular features, including molecu
lar structure, atomic connectivity, functional groups, substructure pat
terns, among others. This allows for a detailed and comprehensive 
representation of molecules, which can lead to better QSAR models; (iii) 
Robustness and generality: Due to its foundation in a vast collection of 
data, PubChem Fingerprint tends to be robust across a variety of con
texts and types of molecules. It is not as prone to issues of overspecificity 
or inadequate generalization, which can be challenges with some more 
specialized fingerprint descriptors; (iv) Ease of access and use: Being 
based on a public database, PubChem Fingerprint is readily available 
and accessible to researchers. This facilitates study replication, result 
comparison, and collaboration among different research groups; (v) 
Support for large-scale modeling: Given its broad nature and data 
availability, PubChem Fingerprint is suitable for large-scale QSAR 
studies, where dealing with large datasets and a variety of molecules is 
necessary [21,22]. 

2.4. Exploration of multivariate chemical space through Principal 
Component Analysis (PCA) 

Principal Component Analysis (PCA) was employed to conduct the 
analysis of the multivariate chemical space, aiming to uncover under
lying patterns and relationships among the compounds identified as 
promising candidates for anti-HIV treatment by machine learning 
models. 

2.5. Feature selection 

Multicollinearity is a serious problem in regression models and is 
defined as the intercorrelation between pairs of descriptors (features), 
which causes increased bias and complexity of the developed machine 
learning model. In order to solve this problem, a variance filter, where 
the descriptors (features) with variance variability (variance <0.1) were 
removed from the dataset, aiming to obtain a reduced subset of Pub
Chem descriptors [23]. This entire process was programmed in python 
language (Fig. 1). 

2.6. Data splitting 

The Holdout method was carefully employed to partition the data in 
our QSAR study [24]., ensuring a robust approach in the construction 
and evaluation of machine learning models. This technique is essential 
to mitigate any bias in the selection of training, testing, and validation 
sets, pivotal for the generalization of the obtained results. In the 
implementation of Holdout, the data were divided into two distinct 
stages: approximately 70 % of the 2929 bioactive compounds were 
allocated to the training set, while the remaining 30 % were reserved for 
the testing set. This strategic division allowed the model to be trained on 
a substantial amount of diverse data while still maintaining a substantial 
portion to evaluate its generalization capability on unseen data. By 
employing the Holdout method, we not only ensured the representa
tiveness of the training and testing data but also guaranteed a reliable 
assessment of the model’s performance in realistic scenarios. This 
approach was fundamental in ensuring the validity and robustness of 
our results, providing valuable insights into the relationship between the 
chemical structure of compounds and their biological activities [24]. 

2.7. Machine learning 

At this stage of the study, all statistical analyzes were performed in 
Python language. Regression models were implemented, aiming to 
predict the biological activity (expressed in the form of pIC50) from the 
chemical structure of the bioactive compounds (expressed in the form of 
PubChem descriptors). In this analysis, the response variable was the 
pIC50, while the predictor variables were the PubChem fingerprint 
descriptors. 

The selection of machine learning algorithms was conducted in two 
stages. Firstly, a screening of various algorithms (n = 40) was conducted 
using the Lazy Predict library in Python, considering high values of 
coefficient of determination (R2) and low values of Root Mean Squared 
Error (RMSE) as selection criteria [25,26]. Subsequently, the top four 
best algorithms identified were trained and tested using the Python 
Sci-kit-Learn library, without hyperparameter optimization, prioritizing 
those with the highest performance in R2 [25,26]. The top four best 
machine learning models were selected to predict new compounds 
analogous to maraviroc. Additional details about the selection process 
can be found in the Python source code provided at the end of the ab
stract of this manuscript, where the screening steps of the algorithms 
and the criteria used for selecting the best models are documented. 
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2.8. Important features that contribute to anti-HIV bioactivity of 
compounds using the SHAP value approach 

The interpretation of the important features of the machine learning 
models was done using the SHAP (SHapley Additive exPlanations) 
values method. The SHAP values are an interpretability technique in 
machine learning models that assist in understanding how input features 
(in this case, PubChem fingerprint descriptors) contribute to the model 
predictions [27,28]. Specifically, in regression models for predicting the 
anti-HIV bioactivity of compounds, SHAP values can provide valuable 
insights into which molecular features are most influential in the anti-
HIV activity of the compounds. The central idea behind SHAP values is 
to calculate how much each descriptor (variable) contributes to the 
change in the model prediction relative to its expected contribution. 
This allows understanding how much each predictor contributes, posi
tively or negatively, to the model outcome. For example, in our study, 
regression models predict anti-HIV bioactivity based on various molec
ular descriptors derived from PubChem fingerprint descriptors. By 
calculating SHAP values for these features, it can help uncover that 
certain fingerprint patterns are associated with higher anti-HIV activity, 
while others are associated with lower activity. This can provide 
important information for the development of new compounds with 
greater efficacy against HIV [27,28]. 

To run SHAP values, the “explainer” object was initially created, 
which helps to analyze an isolated compound or a set of bioactive 
compounds. Then, the next step was to calculate the average values of 
each feature using the SoftMax function. The global effect of PubChem 
fingerprint descriptors (features) was analyzed using the SHAP plot, 
Beeswarm plot, summary plot, and violin plot. On the other hand, to 
investigate which parts of a specific molecule (features) are important 
(or not) for biological activity (pIC50) the Bar plot and Waterfall plot 
were constructed [27,28]. 

2.9. Use of machine learning models in predicting the anti-HIV bioactivity 
of compounds analogous to maraviroc 

To predict the bioactivity of anti-HIV compounds, the following steps 
were carried out: (i) initially, a screening of 35 billion compounds from 
the ZINC-22 database (https://cartblanche.docking.org/) was carried 
out, with the aim of identifying molecules with a structure like that of 
the drug Maraviroc [29]. (ii) Next, the anti-HIV bioactivity of com
pounds with high structural similarity to Maraviroc was evaluated using 
the four best selected machine learning algorithms. Compounds with 
structural similarity scores to maraviroc greater than 50 % were 
considered significant. Significant bioactivity was those compounds 
with predicted IC50 values lower than 10000 nM. The assessment of 
consistency (agreement) of the predicted bioactivity results from the 
models of the top four machine learning algorithms was performed 
through the calculation of the percent coefficient of variation, where 
mean predicted bioactivity values with coefficients of variation less than 
5 % were considered consistent. 

2.10. Validation of machine learning results via molecular docking and 
molecular dynamics simulations 

The machine learning results allowed the selection of compounds 
identified as promising, as they possess anti-HIV bioactivity via inhibi
tion of the CCR5 protein, and which were subjected to new analyses, 
using molecular docking and molecular dynamics methods, aiming to 
carry out a new virtual screening and classification of ligands and obtain 
information about their binding affinities to the CCR5 protein. 

Molecular docking analyses were performed using the Autodock 
Vina (vina) software according to protocols already described in the 
literature [30]. Vina was chosen because it is an open-source software 
considered a first-rate tool for conducting molecular docking, thanks to 
its speed and accuracy in producing docking results [31–33]. In our 

analyses, the following parameters were adopted: (i) exhaustiveness of 
32; (ii) vina scoring function (iii) optimization of grid box center co
ordinates for x = 151.223, y = 108.563 and z = 21.821; (iv) optimiza
tion of grid box dimensions for x = 40 Å, y = 40 Å, z = 40 Å. The 10 
ligands with the highest binding affinity in rigid docking were selected 
for the new flexible docking process. The cutoff criterion for affinity 
energy was determined based on literature references [30,34]. To vali
date the methodology, redocking was carried out using the structure 
obtained from the protein data bank with PDB ID 4mbs [35,36]. We used 
the drug maraviroc as a reference standard for defining the flexible 
residues of the binding site. The molecular docking results were orga
nized based on their binding energies and root mean square deviation 
(RMSD) values of the 9 poses obtained between our ligands and the 
CCR5 protein. 

The ligand with the best result in flexible molecular docking, more 
negative binding energy value and lower RMSD value for best pose, was 
subjected to molecular dynamics (MD) simulations with the CCR5 pro
tein, still using the drug maraviroc as a reference. The CCR5-ligand 
complex was inserted into a phospholipid bilayer. This membrane was 
generated on the Charmm-GUI platform respecting the average 
composition of the human cell membrane [37,38]. The membrane is 
composed of cholesterol (CHL1, 76 molecules), sphingo lipids (PSM, 36 
molecules), phosphatidylinositol (POPI, 17 molecules), phosphatidyl
ethanolamine (POPE, 25 molecules), phosphatidylcholine (POPC, 54 
molecules) and phosphatidylserine (POPS, 18 molecules) distributed 
between the upperleaflet and lowerleaflet faces of the membrane ac
cording to the percentages proposed by Escribá and collaborators [37]. 
The Gromacs 2022.1 software was used in MD calculations with 
Chemistry at Harvard Macromolecular Mechanics force field 
(CHARMM36 2021 version) [39,40]. The integration time was 2 fs (fs) 
and the total simulation time was 100 ns (ns), totaling 50 million steps. 
The water model used was TIP3P and the physiological ion concentra
tion was 0.15 mM [33]. The optimization of the geometries involved 
sequential steps with minimization by the Steepest Descents algorithm 
up to negative Potential Energy of the order of 105 to 106 and maximum 
force not exceeding 1000 kJ/mol [40]. The long-range electrostatic 
cut-off was 1.2 nm, with coulombtype Particle Mesh Ewald (PME). The 
dynamic equilibrium stages were conducted in two periods of 100 ps 
(ps), varying between constant temperature (NVT) at 310 K and constant 
pressure (NPT) with Berendsen barostat [41]. The LINCS algorithm was 
used for the molecular constraints of holomonic hydrogen bond vibra
tions. The metrics evaluated RMSD, root mean square fluctuations 
(RMSF), solvent accessible surface area (SASA) of protein in nm2, center 
of mass (COM) of protein-ligand complexes in addition to the calculation 
of MM/GBSA binding free energy, with graphical representation of the 
results in Graph software Prism and NCSS. 

3. Results and discussion 

3.1. Machine learning & QSAR 

A total of thirty-two different machine learning algorithms were 
trained and validated (Figs. S1–S3, in supplementary material), aiming 
to predict biological activity (pIC50) from PubChem molecular de
scriptors. It is important to highlight that out of the 881 PubChem de
scriptors calculated [42], only 204 of them were selected for the training 
of machine learning models. This selection was carried out using the 
constant variance method, in which variables (descriptors) with vari
ance less than 0.1 were considered insignificant and therefore excluded. 
This approach allowed us to minimize the problems of multicollinearity 
in the trained machine learning models [43,44]. From the thirty-two 
algorithms trained and tested (using default hyperparameters), the top 
four best models with high performance in predicting anti-HIV bioac
tivity via inhibition of the CCR5 protein were: Extra Trees regression (R2 

= 0.9276), Extreme Gradient Boosting (R2 = 0.9202), Light Gradient 
Boosted Machine (R2 = 0.8526), and Histogram Based Gradient 
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Boosting (R2 = 0.8520). Fig. 2 shows the linearity graph of experimental 
anti-HIV bioactivity values and those predicted by machine learning 
models. 

A point worth highlighting is that all of the top four machine learning 
models that had the greatest capacity in detecting drugs with bioactivity 
against HIV are based on decision trees (for example, XGBoost, 
histogram-based boosting, Light Gradient Boosted Machine, extra trees 
regression), and there are many scientific publications showing the high 
performance of these algorithms, not only in the area of drug discovery 
[45–47], but also in other areas, such as omics sciences [48,49]. There 
are several reasons that explain the high predictive performance shown 
by these decision tree-based algorithms, and we list some of them: (i) 
Firstly, these models are versatile and robust, being able to deal with 
different types of data, including categorical and numerical, without the 
need for extensive pre-processing, in addition to being resistant to out
liers and noisy data. (ii) The inherent ability of decision trees to capture 
non-linear relationships in data is crucial, especially in situations where 
the relationships between predictor variables and the response variable 
are complex and cannot be easily modeled by linear approaches. (ii) 
Automatic feature selection, assigning importance to each input vari
able, is another advantage provided by tree-based models. This is 

valuable for identifying which characteristics have the greatest influ
ence on predictions. (iv) Machine learning models may be susceptible to 
overfitting. However, techniques such as Gradient Boosting are designed 
to mitigate this problem by improving model generalization. (v) The 
ability to naturally capture interactions between variables is another 
advantage, allowing the model to learn complex relationships between 
different characteristics. (vi) Finally, the ease of hyperparameter tuning 
offered by these models provides additional flexibility, allowing you to 
optimize model performance according to the specific characteristics of 
the dataset. These characteristics make tree-based models a popular 
choice in a variety of machine learning scenarios [50,51]. 

3.2. Interpretation of machine learning models via SHAP values 

Figs. S4–S9 of the supplementary material show the most important 
features in predicting the anti-HIV bioactivity of compounds via inhi
bition of the CCR5 protein. The interpretability of the top four best 
machine learning models (Xgboost, Extra trees regression, histogram- 
based boosting and LGBM) in QSAR analysis for drug discovery for 
HIV treatment was performed using the SHAP values approach [52–55]. 

In all four machine learning models, the PubchemFP338 descriptor 

Fig. 2. Curve of experimental values (training and test data) and predictions (validation data) of the bioactivity of compounds against the CCR5 protein for the 
treatment of HIV. Extra Trees regression, Extreme Gradient Boosting, Light Gradient Boosted Machine, and Histogram Based Gradient Boosting are shown in (A), (B), 
(C), and (D), respectively. 
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was the first most important feature in predicting bioactivity against 
HIV. The presence of the PubchemFP338 feature in the compounds 
increased their bioactivity (pIC50) against the CCR5 protein for the 
treatment of HIV (Figs. S3–S7). In scientific literature, PubchemFP338 
represents the amino functional group attached to the isopropyl (N- 
isopropylyl amine) group [52–55]. Thus, chemical compounds whose 
chemical structure presents the functional group, in its structure, in
crease the inhibitory biological activity against the CCR5 protein for the 
treatment of HIV. There are QSAR studies also showing that the N-iso
propylyl substricture (PubchemFP338) is important in inhibiting the 
protein meprin β, which is a protein involved in the development of 
various cancers, hyperkeratosis, neurodegenerative disorders, hyper
keratosis, and inflammatory conditions [56]. Other features that also 
influenced biological activity were the PubchemFP335, PubchemFP13 
and PubchemFP566 descriptors (Figs. S3–S7). The feature Pub
chemFP335 corresponds to an aliphatic hydrocarbon called n-butane 
(Ch3-CH2-CH2-CH3) [57], while the descriptor PubchemFP13 repre
sents the number of carbon atoms greater than or equal to 32 [58]. 
Finally, PubchemFP566 corresponds to the methyl-group amino ethane 
(OH–CH2–CH2–NH2). The presence of these three features in the 
chemical structure of the compounds increased the bioactivity of these 
compounds in the inhibition of the CCRR-5 protein for the treatment of 
the HIV virus, and vice versa. 

Another most important feature for predicting the bioactivity of 
compounds against HIV in our study is PubchemFP451. PubchemFP451 
represents the formamide functional group C (-N) (=O) [59,60]. In our 
all models, the four machine learning models showed that the presence 
of formamide in the chemical structure of chemical compounds 
decreased the bioactivity of these compounds, on the other hand, the 
removal of the formamide group increases the bioactivity of the com
pounds (Figs. S3–S7). Thus, one of the molecular optimization strategies 
that could be adopted to potentiate the biological activity of the com
pounds would be the removal of formamide groups in the structures of 
candidate compounds for CCR5 inhibitor drugs for the treatment of HIV. 

Finally, the PubchemFP566 feature, other features that also 
impacted the biological activity was the PubchemFP566 descriptor, 
which corresponds to the methyl-amino ethane group 
(OH–CH2–CH2–NH2). The presence or absence of these functional 
groups and decreases the bioactivity of the compounds against HIV, 
respectively. 

3.3. Application of the four best machine learning models in the search for 
new maraviroc analogue compounds 

An external database (ZINC-22 Database) containing 35 billion 
compounds that were not used in model training and testing was used to 

Table 1 
Predicted anti-HIV bioactivity values, expressed as PIC50 (-log IC50), for some of the 124 promising compounds in inhibiting the CCR5 protein (PIC50 > 6). These 
values were predicted by the four best machine learning models. It is observed that the percentage variation coefficient in the four algorithms is less than 5 %, 
demonstrating the consistency of the results.  

ZINC ID Predicted anti-HIV bioactivity in the form of pIC50 (pIC50 > 6)  Average Standard 
deviation 

Coefficient of 
variation (%) 

Similarity score 
with maraviroc 

Histogram based 
Gradient Boosting 

Extreme 
Gradient 
Boosting 

Light Gradient 
Boosted Machine 

Extra 
Trees 

ZINC000299762298 0.69 6.32 6.27 6.32 6.41 6.33 0.05 0.80 
ZINC000019698225 0.68 6.96 6.71 6.96 6.44 6.77 0.21 3.18 
ZINC000223165184 0.67 7.05 7.07 7.05 6.48 6.91 0.25 3.61 
ZINC000019370695 0.65 6.31 6.13 6.31 6.11 6.22 0.10 1.53 
ZINC000182250475 0.65 6.56 6.54 6.56 7.16 6.71 0.26 3.92 
ZINC000257190043 0.64 6.31 6.12 6.31 6.11 6.21 0.10 1.57 
ZINC000220159859 0.63 6.19 6.46 6.19 6.11 6.24 0.13 2.13 
ZINC000069778775 0.63 5.13 5.54 5.13 5.64 5.36 0.23 4.34 
ZINC000169759195 0.62 6.85 6.46 6.85 6.41 6.64 0.21 3.14 
ZINC000012718622 0.62 6.51 6.08 6.51 6.7 6.45 0.23 3.52 
ZINC000095953914 0.62 6.19 5.73 6.19 6.14 6.06 0.19 3.18 
ZINC000019698219 0.62 6.63 6.48 6.63 6.44 6.55 0.09 1.32 
ZINC000299801080 0.62 6.43 6.17 6.43 6.18 6.30 0.13 2.02 
ZINC000257232629 0.62 6.89 7.27 6.89 7.31 7.09 0.20 2.83 
ZINC000328877322 0.61 7.23 7.19 7.23 7.26 7.23 0.02 0.34 
ZINC000095392132 0.61 6.23 6.41 6.23 5.94 6.20 0.17 2.72 
ZINC000069490977 0.61 5.45 5.41 5.45 4.89 5.30 0.24 4.48 
ZINC000581813965 0.61 6.77 6.53 6.77 7.01 6.77 0.17 2.51 
ZINC000065384988 0.61 5.96 5.99 5.96 6.46 6.09 0.21 3.49 
ZINC000426707376 0.61 6.02 6.24 6.02 6.51 6.20 0.20 3.25 
ZINC000068487857 0.61 5.48 5.25 5.48 5.05 5.32 0.18 3.38 
ZINC000069659729 0.60 6.71 6.84 6.71 6.58 6.71 0.09 1.37 
ZINC000169792086 0.60 7.03 7.03 7.03 6.54 6.91 0.21 3.07 
ZINC000169790418 0.60 6.23 5.79 6.23 6.25 6.13 0.19 3.16 
ZINC000426477479 0.60 6.1 6.7 6.1 6.51 6.35 0.26 4.11 
ZINC000333483163 0.60 7.24 7.09 7.24 7.9 7.37 0.31 4.25 
ZINC000077538625 0.60 5.64 5.44 5.64 5.56 5.57 0.08 1.47 
ZINC000065287474 0.60 6.18 6.28 6.18 5.93 6.14 0.13 2.11 
ZINC000095364697 0.60 7.18 7.47 7.18 7.3 7.28 0.12 1.63 
ZINC000534593330 0.60 6.53 6.13 6.53 6.34 6.38 0.17 2.59 
ZINC000257318868 0.60 7.00 6.97 7.00 7.49 7.12 0.22 3.05 
ZINC000019564570 0.60 5.17 5.14 5.17 4.65 5.03 0.22 4.39 
ZINC000091876546 0.60 6.72 7.21 6.72 7.31 6.99 0.27 3.90 
ZINC000299758276 0.59 6.22 5.96 6.22 5.87 6.07 0.16 2.57 
ZINC000299759540 0.59 6.59 6.55 6.59 7.19 6.73 0.27 3.95 
ZINC000065502333 0.59 6.52 6.54 6.52 6.4 6.50 0.06 0.85 
ZINC000019713428 0.59 7.71 8.09 7.71 7.2 7.68 0.32 4.12 
ZINC000222338399 0.59 7.2 6.72 7.2 7.39 7.13 0.25 3.48 
ZINC000065490678 0.59 5.36 4.97 5.36 4.89 5.15 0.22 4.21 
ZINC000299785875 0.59 6.29 6.23 6.29 6.41 6.31 0.07 1.04  
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identify compounds with structural similarity to the maraviroc struc
ture. Among the 37 billion compounds screened, 633 drug-like com
pounds were identified, which had a structural similarity to maraviroc, 
with similarity scores varying between 54 and 78 % (Table S1 in sup
plementary material). Next, the top four best machine learning models 
were used to predict the anti-HIV bioactivity (inhibition of the CCR5 
protein) of these 633 compounds. In these analyses, we identified a total 
of 124 compounds that showed significant anti-HIV activity, with IC50 
values < 1000 nM (or pIC50 > 6). The coefficient of variation of the 
bioactivity predicted by the four machine learning models was less than 
5 %, showing a high accuracy of these models in predicting the bioac
tivity of the 124 compounds. An example of some of these 124 com
pounds (n = 40) with their respective anti-HIV bioactivity data (pIC50 >
6.0 or IC50 < 1000 nM) are shown in Table 1. The rest of the compounds 
are shown in Table S2 of the supplementary material. The comprehen
sive list of all 124 compounds, along with their respective predicted 
bioactivity values in the four distinct machine learning models, can be 
found in Table S1 of the supplementary material. In Fig. S4 of the Ma
terials and Methods section, the results of the PCA model are shown, 
demonstrating the high similarity among the 124 promising compounds. 

3.4. Multivariate analysis of chemical space 

A multivariate analysis using the PCA [61] model was employed to 
identify patterns in the chemical space (PubChem descriptors) of the 124 
compounds predicted by machine learning models as having anti-HIV 
bioactivity (pIC50 > 6) and those that did not (pIC50 < 6). Fig. 3 shows 
the PCA model formed by three latent variables (principal components) 
where it was possible to discriminate between the class of compounds 
with anti-HIV bioactivity (n = 124 compounds) and the class of inactive 
compounds, corroborating with the results obtained by the four machine 
learning models. 

3.5. Molecular docking, molecular dynamics simulations and calculation 
of MM/GBSA binding free energies 

The molecular docking results are depicted in Fig. 4. In (A), the su
perposition of the maraviroc structures obtained experimentally [25] 
and generated by docking as the best pose is displayed. The RMSD be
tween these structures corresponds to 0.474 Å, indicating the method’s 
strong predictive capability. In (B), the interaction site of CCR5 with 
maraviroc is illustrated, highlighting the residues whose side chains 
formed significant electrostatic interactions and were chosen for flexible 
docking. In (C), the graph illustrates the binding free energy values of 

the 9 poses of the pre-selected ligands via rigid coupling. Noteworthy is 
the ligand ZINC000019713428, which exhibited the highest binding 
energy release, and the maraviroc pattern, which displayed less devia
tion between the pose and median values. In (D), the box plot of the 
RMSD of these conformations of each ligand is presented. It is observ
able that all median RMSD values of these ligands are below the mar
aviroc standard and the median less than 2 Å, indicating a quality 
parameter and indicative of the precision of the results, suggesting a 
favorable conformational fit of these ligands with the binding site 
compared to the standard [30]. 

To exemplify the molecular dynamics results, we selected the ligand 
ZINC000019713428 among the top 10 ligands ranked by flexible 
docking out of 126 promising compounds suggested through ML 
methods. Molecular dynamics simulations were conducted with the 
CCR5 protein associated with a phospholipid membrane generated on 
the Charmm-GUI platform, and the results of the selected ligand were 
compared with the control drug maraviroc. In Fig. S7 of the supple
mentary material we can visualize the systems and their interactions at 
time zero of molecular dynamics. In the analysis of Fig. 5, it is apparent, 
in (A) and (B), that the calculations of the MM/GBSA binding free en
ergies of the CCR5 complexes with ZINC000019713428 and maraviroc 
exhibited favorable binding energy, with total ΔG < 0 kcal/mol, with 
ΔG total = − 25.69 kcal/mol for the former and ΔG = − 24.42 kcal/mol 
for the latter. This data suggests that the compound ZINC000019713428 
may have a greater affinity for the site compared to maraviroc. In (C), 
the RMSD over the 100 ns (ns) of simulation is provided, revealing a 
smaller oscillation of the CCR5/ZINC000019713428 complex relative to 
the initial position, indicating greater stability of this ligand compared 
to the standard. This stability is corroborated by the lower fluctuation 
shown in most of the CCR5 residues when associated with 
ZINC000019713428 compared to the complex with maraviroc (D). The 
analysis of the increase in the solvent accessible surface area (SASA) in 
the protein complex with ZINC000019713428 suggests possible 
conformational changes in the protein structure. This increase may 
indicate a greater exposure of previously protected regions of the protein 
surface, possibly associated with rearrangements in the protein’s 
conformation to accommodate or interact with the ZINC000019713428 
molecule, potentially influencing its interaction with other ligands or 
molecular partners. In (F), a 3D scatter plot illustrates the displacement 
of the center of mass (COM) of each complex throughout the simulation. 
From the graph, we infer that the complex containing the ligand 
ZINC000019713428 exhibited a more uniform dispersion for each axis 
(x, y, and z), presenting a more spherical representation throughout the 
simulation. In contrast, the complex with maraviroc showed greater 

Fig. 3. PCA Model. Discrimination of compounds with anti-HIV bioactivity (n = 124) versus compounds without bioactivity. Each of the blue circles represents a 
compound with anti-HIV bioactivity (pIC50 > 6) predicted by the machine learning models. The red triangles represent compounds without anti-HIV bioactivity 
(pIC50 < 6) according to the prediction of the machine learning models. It can be observed that there is a discrimination between the class of active and inactive 
compounds. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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dispersion of COM, assuming a more elongated shape, suggesting 
greater mobility or conformational changes during the simulation, 
indicating lower stability compared to the complex with the ligand 
ZINC000019713428. 

This study identified 124 candidates for new anti-HIV drugs analo
gous to maraviroc. However, due to the lack of access to high- 
performance computing (HPC) equipment, screening was prioritized 
for compounds with significant similarity to the maraviroc standard, 
rather than the entire set of billions of compounds in the starting 
database. 

4. Conclusion 

In summary, the results of this study highlight the significant impact 
of machine learning models on the discovery of new drug candidates, 
especially in the context of HIV treatment through inhibition of the 
CCR5 protein. The use of advanced algorithms, such as XGBoost, His
togram based Gradient Boosting, LGBM and Extra Trees, demonstrated a 
remarkable predictive capacity, providing the identification of 124 
compounds with inhibitory bioactivity against the CCR5 protein. 

These candidates consistently presented coefficients of variation 
below 5 %, demonstrating the high consistency in predicting the 
bioactivity of these anti-HIV compounds by machine learning models. 
Furthermore, molecular docking analyses and molecular dynamics 
simulations corroborated the predictions, revealing a remarkable bind
ing affinity and stability of the identified compounds with the target 
protein. 

In this context, it is crucial to highlight that all 124 compounds 
shared structural similarities with maraviroc, an FDA-approved anti-HIV 
drug. These results strongly suggest that these compounds emerge as 
promising drug candidates for the treatment of HIV, offering a solid 

basis for future in vitro and in vivo studies that further evaluate the 
therapeutic potential of these substances. 

Thus, the intersection between the innovation provided by machine 
learning models and real experimental discoveries reveals a promising 
path for significant advances in pharmaceutical research, bringing new 
hope for the treatment of viral diseases such as HIV. 
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