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Abstract
Chemokine C-C motif ligand 2 (CCL2), also known as monocyte chemoattractant 
protein 1 or small inducible cytokine A2, is a cytokine from the CC chemokine family. 
It plays a crucial role in recruiting monocytes, memory T-cells, and dendritic cells to 
inflammatory sites resulting from tissue injury or infection. C-C motif chemokine 
receptor 2 (CCR2) is a chemokine receptor that may influence lymphocyte function. 
The interaction between CCL2 and CCR2 is essential for inflammatory responses 
and cancer regulation, as it attracts monocytes and macrophages to tumor sites, 
facilitating tumor growth and metastasis. Given the importance of CCL2 in regulating 
cell trafficking and cancer progression, we employed a bioinformatics approach to 
examine the effects of oncogenic missense mutations in CCL2 on CCR2 activation. 
We used precise computational methods to identify the molecular characteristics 
responsible for the altered activity and interactions, thereby enhancing our 
understanding of the molecular mechanisms underlying disease progression. 
We generated a three-dimensional model of the CCL2 protein with the identified 
mutations using the I-TASSER algorithm. The effects of these mutations on the 
protein’s stability and functional properties were evaluated using various prediction 
tools, and molecular dynamics simulations were conducted using WebGro software. 
Our analysis of 83 CCL2 missense mutations identified 10 disease-causing mutations, 
including C59G, which was directly linked to cancer. The C59G mutation increases 
the binding interaction between CCL2 and CCR2. The C59G position was determined 
to be highly conserved, and substitutions of cysteine (C) 59 with glycine (G) altered 
CCL2 activity. Our results suggest that this mutation alters the CCL2–CCR2 binding 
activity, lowering the risk of developing cancer and defending against pathogen 
invasion during the neutrophil-mediated innate immune response.
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1. Introduction
Chemokine C-C motif ligand 2 (CCL2), also known as 
monocyte chemoattractant protein 1 (MCP-1) or small 
inducible cytokine A2, is an important cytokine in the 
CC chemokine family.1 CCL2 adopts a β-trefoil fold, 
which is a common protein fold that provides plasticity 
for recognizing various targets.2 Monomeric CCL2 binds 
to its receptor, C-C motif chemokine receptor 2 (CCR2), 
through a single, topologically novel binding site.3 
CCL2 penetrates the extracellular portion of the CCR2 
transmembrane domain and interacts with the receptor 
through its N-terminal glutamine. There are numerous 
hydrophobic and polar interactions between CCL2 and 
the Gα-protein of the CCR2 receptor complex, which 
contribute to the receptor’s constitutive activity.4

CCL2 plays a crucial role in regulating cellular 
mechanics by attracting monocytes, memory T-cells, 
and dendritic cells to inflammation sites resulting from 
tissue injury or infection.5 This small cytokine is primarily 
secreted by monocytes, macrophages, and dendritic 
cells and is involved in various physiological processes, 
including immune cell recruitment, antitumor activity, 
and granuloma formation.6 CCL2 interacts with cell 
surface receptors, such as CCR2 and CCR4, and exhibits 
chemotactic activity for monocytes and basophils.7 Its 
effects extend to diseases characterized by monocytic 
infiltrates, such as psoriasis, rheumatoid arthritis, 
atherosclerosis, and certain cancers. In cancer, CCL2 
has been demonstrated to promote cell proliferation, 
migration, and metastasis, underscoring its potential as a 
therapeutic target for cancer treatment.8,9

Chemokines can induce the release of stored 
promalignant chemokines from breast tumor cells, 
highlighting the substantial tumor-promoting role of 
chemokine coexpression in breast cancer progression.10-12 
Epithelial ovarian cancer cells produce MCP-1, which is 
likely the major source of this chemokine. This production 
may contribute to the accumulation of tumor-associated 
macrophages, which can subsequently influence tumor 
behavior.13,14 Cancer cells and macrophages interact to 
promote tumor angiogenesis, a crucial process in cancer 
progression. Specifically, MCP-1 has been linked to the 
progression of human esophageal carcinoma by facilitating 
angiogenesis, enhancing macrophage recruitment, and 
promoting the development of new blood vessels.15,16 

Moreover, MCP-1 produced by human gastric carcinoma 
cells plays a crucial role in angiogenesis. It attracts and 
activates macrophages, which then aid in forming new 
blood vessels and promote tumor growth.17 MCP-1 
has a limited role in eliciting an immune response in 
renal cell carcinomas, as assessed by the parameters 
analyzed in this study.18 The simultaneous induction of 
tumor necrosis factor-alpha (TNF-α), urokinase-type 
plasminogen activator, interleukin (IL)-8, and MCP-1 
can enhance the interaction of tumor and inflammatory 
cells, thereby increasing cytotoxicity and promoting 
tumor suppression.19 MCP-1 can potentiate the effects of 
bacterial endotoxins by activating macrophages to become 
tumoricidal, potentially suppressing metastasis.20 The 
chemokine MCP-1 plays an important role in promoting 
tumor progression and angiogenesis across various cancer 
types, including breast, ovarian, esophageal, and gastric 
carcinomas. MCP-1 production by tumor cells contributes 
to the recruitment and activation of tumor-associated 
macrophages, supporting cancer growth and metastasis.

Computational analysis has become increasingly 
vital for identifying harmful mutations and predicting 
the effects of missense mutations on protein structures 
and functions. This type of analysis is now a key tool in 
designing new drugs and therapies for genetic diseases.21 
In this study, we evaluated the potential significance 
of mutations in CCL2 that can impact its protein 
functions and ligand interactions. Initially, we used 
various computational algorithms, including meta-single 
nucleotide polymorphism (SNP),22 PolyPhen-2,23 and 
Pmut,24 to categorize harmful mutations. We further 
employed the Functional Analysis through Hidden Markov 
Models (FATHMM) server to identify specific genetic 
variants associated with cancer development or initiation 
among disease-causing mutations. This approach allowed 
us to distinguish between cancer-promoting mutations 
and those related to other disease phenotypes, providing 
valuable insights into the specific role of certain variants in 
cancer pathogenesis.25 In addition to the sequence-based 
analysis, we employed structure-based computational 
tools, such as mCSM,26 SDM,27 and DUET,28 to predict the 
impact of the identified mutations on the structure and 
stability of the corresponding proteins.

One missense mutation in CCL2 was selected based 
on its cancer association for further investigation. The 
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I-TASSER server was used to generate a structural 
model incorporating the specified missense mutation 
in CCL2.29 The model underwent molecular dynamics 
(MD) simulations and three-dimensional (3D) modeling 
through WebGro to evaluate how the mutation affected the 
stability and functionality of the CCL2 protein.30 WebGro 
software was then used to perform MD simulations on 
the mutant CCL2 model, enabling the assessment of its 
stability and potential functional consequences compared 
to the native protein. A  thorough analysis of the impact 
of the missense mutation on the protein structure and 
function was facilitated by this integrated computational 
approach that combines structure prediction with MD31 
(Figure 1).

Molecular docking studies offer valuable insights into 
the binding dynamics and interactions between CCL2 
and CCR2, highlighting the potential for therapeutic 
interventions in diseases mediated by this signaling 
pathway. Molecular docking analyses have identified the 
critical residues in CCL2, such as T16, N17, and R18, which 
are essential for forming stable complexes with CCR2. 
These interactions involve both hydrophobic interactions 
and hydrogen bonds, which collectively contribute to the 
binding affinity of CCL2 (ligand) with CCR2 (receptor).3 
For instance, the binding of the compound baicalin (BA) to 
CCL2 is facilitated by substantial hydrophobic interactions 
with residues such as I20 and V51 and hydrogen bonds 
with residues such as T16 and S17. The binding energy 
calculated for CCL2 interactions with CCR2, that is, 

approximately −6.3 kcal/mol for the interaction between 
BA and human CCL2, indicates the formation of a favorable 
and stable ligand–receptor complex.3 Understanding these 
molecular interactions through docking studies provides 
valuable insights into drug design. By targeting the CCL2–
CCR2 interaction, researchers can develop antagonists 
that disrupt this pathway. These antagonists hold promise 
as therapeutic agents for the treatment of inflammatory 
and autoimmune diseases as well as certain cancers where 
CCL2/CCR2 signaling plays an important role.

CCL2 mutations can substantially alter the protein’s 
structure and function and potentially affect its 
binding affinity to the CCR2 receptor. This may impact 
the recruitment and activation of tumor-associated 
macrophages, thereby influencing angiogenesis and 
tumor progression. This mutation could also modulate 
the immune response to CCL2, potentially influencing 
antitumor immunity and macrophage tumoricidal activity. 
Overall, CCL2 mutations could have profound implications 
for the tumorigenic potential of this chemokine in cancer 
development. However, further research is required to 
elucidate the specific genetic and epigenetic factors that 
influence the expression and activity of CCL2 mutations.

2. Material and methods
2.1. Collection of datasets

In this study, we collected data on CCL2 missense mutations 
from the Ensembl database (release 109) (https://www.

Figure 1. Flowchart illustrating the stepwise analysis of missense SNPs in human CCL2, employing computational tools to investigate 83 missense SNPs. 
Initially, six tools identified 10 SNPs with functional effects, including 40 highly destabilizing SNPs. One mutation, C59G, was predicted as the most high-
risk missense SNP and subjected to molecular dynamics simulations.
Abbreviations: SNP: Single-nucleotide polymorphism; CCL2: Chemokine C-C motif ligand 2.
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ensembl.org), which provides comprehensive genomic 
information (Ensembl ID: ENSG00000108691).32 This 
dataset was chosen due to its extensive collection of 
genomic variations. In addition, data were obtained from 
the UniProtKB database (https://www.uniprot.org), which 
includes sequence details in FASTA format (UniProt 
ID: P13500), and the National Center for Biotechnology 
Information (NCBI) (https://www.ncbi.nlm.nih.gov).33,34 
Structural information regarding CCL2 was retrieved from 
the Protein Data Bank (PDB) (CCL2 PDB ID: 2LIE, and 
CCR2 PDB ID: 2LWL) through the website http://www.
rcsb.org/.35

2.2. Computational prediction of mutation 
pathogenicity

To assess the effects of mutations on CCL2 proteins, we 
used computational methods essential for distinguishing 
between single-nucleotide variations that are detrimental, 
benign, or cancerous. Accurate evaluation of the functional 
impacts of these genetic alterations is essential for 
identifying disease-causing mutations. Meta-SNP (http://
snps.biofold.org/meta-snp/) is a web-based tool that uses 
multiple predictive algorithms to assess the potential 
pathogenicity of protein mutations.22 We employed meta-
SNP to assess mutation pathogenicity by integrating the 
predictions from algorithms such as SNAP,36 PhD-SNP, 
Panther,37 and SIFT.38

Meta-SNP is a reliable tool for predicting how mutations 
affect protein functions. It combines results from various 
algorithms using a random forest technique, which involves 
100 decision trees within the WEKA library. This method 
ensures the precise assessment of a mutation’s impact on its 
protein function.39 The meta-SNP algorithm was trained 
on the SV-2009 dataset through a 20-fold cross-validation 
procedure and provides dependable predictions of disease-
causing variants.22 It outputs a probability score between 0 
and 1, with scores above 0.5 indicating a higher likelihood 
of the mutation being pathogenic.40

Next, we used the Polyphen-2 web server (http://
genetics.bwh.harvard.edu/pph2/), which is an automated 
tool designed to predict the potential effects of amino 
acid substitutions on the structure and function of human 
proteins.41 This site features an input form that enables 
users to query either a single amino acid substitution or 
a coding, non-synonymous SNP that is annotated in the 
dbSNP database.23

2.3. Computational assessment of protein stability

Mutations can affect a protein’s structure and stability, 
resulting in changes in free energy (ΔΔG in Kcal/mol). The 
difference between the mutated (ΔGm) and original (ΔGw) 

proteins’ free energy indicates a change in stability, where 
negative ΔΔG indicates destabilization, whereas positive 
ΔΔG indicates stabilization.27,42 Various computational 
tools, including mCSM, SDM, and DUET, were employed 
to assess the impact of mutations on CCL2 protein stability 
and function, providing valuable insights into how specific 
mutations alter protein behavior.27

The SDM online tool, available at http://marid.bioc.
cam.ac.uk/sdm2, accurately predicts the impact of 
mutations on protein stability through in silico analysis. It 
examines variations in amino acid substitutions tolerated 
by homologous proteins with known 3D structures in 
specific environments, providing valuable insights into how 
mutations can affect protein behavior and stability.27,43,44

The mCSM computational technique uses machine 
learning to predict the effects of missense mutations on 
CCL2 protein stability and function. It employs graph-based 
signatures to depict how mutations impact the interaction 
network among residues. By integrating evolutionary 
information, complex network metrics, and energetic 
factors, mCSM creates an accurate predictive model. It is 
available at http://structure.bioc.cam.ac.uk/mcsm.21,26 The 
mCSM method evaluates how mutations affect protein 
structure and interactions with other proteins and nucleic 
acids. It provides insights into how mutations contribute 
to disease development, improving our understanding 
of the molecular mechanisms of various diseases. This 
computational approach clarifies the effects of mutations 
on protein stability, function, and interactions, enhancing 
our understanding of disease pathogenesis.45,46

DUET (http://structure.bioc.cam.ac.uk/duet) is a 
computational tool that predicts changes in protein stability 
due to individual mutations. It combines two methods to 
calculate the change in folding free energy (ΔΔG in Kcal/
mol), with negative ΔΔG values indicating destabilizing 
mutations and positive values indicating stabilizing 
mutations.28,47 DUET uses support vector machines trained 
with sequential minimal optimization to integrate the 
predictions from mCSM and SDM. This machine learning 
technique leverages the strengths of both methods to provide 
a comprehensive assessment of how missense mutations 
affect protein stability. By combining these predictive 
capabilities, DUET enhances the accuracy and reliability of 
mutation impact predictions on protein stability.48

2.4. Evaluating cancer-related mutations using the 
FATHMM server

The FATHMM server, available at http://fathmm.
biocompute.org.uk, was used to assess the cancer relevance 
of deleterious mutations in CCL2. This web server predicts 
the functional consequences of both coding and noncoding 
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variants, including their potential association with cancer, 
where scores below the default threshold of −0.75 indicate 
a potential cancer link. FATHMM helps distinguish 
between cancer-related mutations and non-pathogenic 
germline polymorphisms.25,49 Using FATHMM, we aimed 
to deepen our understanding of the genetic basis of cancer 
by evaluating the impact of harmful mutations on disease 
progression, identifying clinically significant mutations, 
and advancing our knowledge of cancer development.25

2.5. Sequence conservation analysis of CCL2

The ConSurf web server (http://consurf.tau.ac.il) analyzes 
the evolutionary patterns of amino acids in proteins to 
identify regions critical for structure and function. Using 
a query sequence or structure, the server automatically 
gathers homologous sequences, performs multiple 
sequence alignment, and constructs a phylogenetic tree that 
illustrates their evolutionary relationships. This information 
is then utilized within a probabilistic framework to estimate 
the evolutionary rates for each position in the sequence.50

2.6. Structural modeling of CCL2 point mutation sites

To create a mutant model of CCL2 featuring the targeted 
mutation C59C (native) and C59G (mutant), the crystal 
structure of the native peptides was initially downloaded 
from the PDB. Subsequently, the I-TASSER server (https://
zhanglab.ccmb.med.umich.edu/I-TASSER/), which uses a 
multiple threading approach, was employed to construct 
the intended mutant model.29

2.7. Quality evaluation of the protein model

The CCL2 protein is a complex molecule composed of 
amino acids, with its function intricately linked to its specific 
3D structure. Understanding CCL2’s structure can provide 
valuable insights into its function, interactions with other 
molecules, and potential roles in biological processes, such 
as the immune system and inflammation.51 The I-TASSER 
server was used to generate protein models of mutant and 
native CCL2.29 The quality assessment process included 
an analysis of the stereochemical characteristics of the 
models, such as the bond lengths, bond angles, and torsion 
angles. This evaluation aimed to confirm that the protein 
models exhibit a conformation that is both geometrically 
and chemically reasonable. Deviations from expected 
values in the stereochemical features of the model could 
suggest potential errors in the model.52 The protein models 
were validated by comparing them with experimental 
data to ensure that they aligned with the known structural 
properties of CCL2 protein, which verified the accuracy 
of the predicted models by examining how accurately 
they matched with the actual protein structure, thereby 
ensuring the reliability of the models.53

The reliability of the mutant and native CCL2 protein 
models was ensured by validating their stereochemical 
quality using the Rampage server (https://servicesn.
mbi.ucla.edu/PROCHECK). This involved analyzing 
the residue-by-residue geometry and overall structure 
geometry to assess the accuracy of models.54

2.8. MD simulation

MD simulation is a computational technique used to 
simulate the dynamic movement of atoms and molecules 
throughout a period. By simulating movements and 
interactions of biological molecules, such as proteins, MD 
provides detailed insights into their molecular structures, 
dynamics, and interactions, which are often difficult to 
obtain through experimental methods alone.55,56 The 
accuracy of MD simulation results relies heavily on the 
quality of the protein model.57 Key factors for a high-quality 
protein model include an accurate representation of the 
native structure, selection of a suitable force field, inclusion 
of surrounding solvent and relevant environmental factors, 
and facilitation of post-simulation analysis.58,59 Addressing 
these aspects improves the credibility and biological 
significance of the findings derived from MD simulations.

The native and mutant models of CCL2 proteins with 
the highest I-TASSER score, indicating their optimal 
conformation, were selected for further analysis.29 To 
examine the effects of the identified mutations on the CCL2 
protein structure at the molecular level, we performed an 
MD simulation using WebGro software.60 This revealed 
how native C59C and mutant C59G influenced the 
structure of CCL2 during a 100-ns simulation, and the MD 
simulation system was neutralized by introducing sodium 
or chlorine ions to balance the total charges. Before MD 
simulation, the steepest descent algorithm was used for 
system minimization through 5000 iterations61 (The 
simulations were performed at a constant temperature 
of 300 K and a pressure of 1.0 bar, with a 0.15 M NaCl 
concentration. Approximately 1000 frames were generated 
per 100-ns simulation.62

As a crucial initial step, we performed protein docking 
to predict the binding location of the molecule within 
the protein’s active site. This process provided essential 
insights into the subsequent MD simulations, allowing 
for the detailed examination of the protein’s structure 
and function.63,64 MD simulations produced multiple 
trajectories, including root mean square deviation 
(RMSD), root mean square fluctuation (RMSF), radius of 
gyration (Rg), solvent-accessible surface area (SASA), and 
hydrogen bonds.65,66

The RMSD profiles of protein–ligand complexes were 
analyzed using the WebGRO server. The best-docked 
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complexes were prepared for MD simulations using the 
GROMOS 43a1 force field.65 RMSD measures the average 
distance between the atoms of two superimposed molecular 
structures. It is commonly used in bioinformatics to assess 
the similarity of 3D structures, particularly in the study 
of protein conformations.61 RMSD is calculated using the 
formula:

RMSD = ( )=∑1 2

1
/ N i

i

n
δ � (I)

where δi represents the distance between the 
corresponding atoms in the two structures, and N is the 
number of atoms considered. Typically, RMSD is calculated 
for the backbone heavy atoms or alpha carbon (Cα) atoms.

RMSF is a measure of the average deviation of atomic 
positions from their mean positions over time in MD 
simulations. It quantifies the fluctuations of individual 
atoms or residues, providing insights into the flexibility 
and mobility of different regions within a protein structure. 
RMSF is calculated as the square root of the variance of the 
fluctuations around the average position62 using the formula:

RMSF = −( )γ γi i 2 � (II)

where γi represents the coordinates of atom i, and 〈γi〉 is 
its ensemble average position. High RMSF values indicate 
regions with considerable mobility, whereas low values 
suggest rigidity.

To gain insights into the hydrogen bonding characteristics 
of the proteins, we analyzed the hydrogen bond geometries. 
As the positions of hydrogen atoms are uncertain in these 
structures, they were excluded from the analysis. In total, 
4195 hydrogen bonds were identified and categorized into 
four types based on the donor and acceptor atom origins: 
main-chain to main-chain (MC-MC), main-chain to side-
chain, side-chain to main-chain, and side-chain to side-
chain. The MC-MC hydrogen bonds were further classified 
according to the secondary structures, including alpha 
helices, beta strands, and non-secondary structures.

Furthermore, we investigated the correlations between 
hydrogen bond geometry and environmental factors, such 
as atomic depth, secondary structure, and partial charge. 
Atomic depth was defined as the distance to the nearest bulk 
water molecule. This analysis provides a comprehensive 
understanding of the characteristics and determinants of 
hydrogen bonding in high-resolution protein structures.

2.9. Examination of alterations in CCL2 protein 
secondary structure

The Database of Secondary Structure in Proteins tool 
analyzes hydrogen bonding and other secondary structures 

of CCL2 proteins – indicators to classify protein residues – 
as well as changes in secondary structures between native 
and mutant CCL2 proteins.66

2.10. Docking of CCL2-native and -mutant proteins 
with receptor CCR2

The objective of molecular docking for the ligand–receptor 
(CCL2–CCR2) binding process is to construct an accurate 
binding free energy landscape and estimate the binding 
affinity and binding kinetics. We introduced a novel hybrid 
docking (HDOCK) protocol that integrates template-
based and template-free approaches to enhance protein–
protein docking accuracy. Unlike traditional methods that 
focus on docking monomer proteins, HDOCK utilizes 
homologous complex structures of the proteins involved. 
Initially, homologous complexes were identified using 
BLAST searches of the PDB, with a sequence identity cutoff 
set at 25%. Among multiple hits, the optimal template was 
selected based on the highest sequence coverage, sequence 
similarity, and resolution. This selected homologous 
complex structure was then used as a docking template, 
incorporating potential binding interface information. By 
leveraging the structural information from the homologous 
complexes, HDOCK substantially improves the prediction 
accuracy of protein–protein interactions.67 The individual 
protein structures are modeled using the homologous 
complexes as templates, either by superimposing them onto 
available homologous complexes or through homology 
modeling.68 In our study, the individual component 
structures of the modeled complex were separated and 
subjected to a global sampling of potential binding modes 
using our hierarchical protein–protein docking algorithm. 
This approach allows for a comprehensive exploration of 
possible interaction interfaces between the proteins.69,70 
Symmetric docking was achieved by constraining the 
translational degrees of freedom to ensure symmetry 
along a specific axis. In cases where no complex structure 
templates were available, the individual protein structures 
for docking were modeled using their homologous 
monomer structures with Modeller.71 The binding modes 
obtained from the docking simulations were evaluated 
and ranked according to their binding energy scores. To 
group similar conformations, an RMSD cutoff of 5.0 Å was 
applied for clustering. From the resulting clusters, the top 
100 binding modes were examined and the best 10 models 
were selected for submission to the Critical Assessment of 
Predicted Interactions initiative.

3. Results
The results of this study demonstrated the considerable 
impact of mutations in the CCL2 gene on the molecular 
stability, functionality, and structure of the resulting 
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protein. The altered protein might not perform its normal 
functions effectively, potentially contributing to disease 
development or progression. Advanced computational 
methods were employed to assess protein stability, identify 
cancer-causing mutations, and predict pathogenicity.72,73

3.1. Collection of missense mutations

To explore the potential effects of CCL2 mutation on protein 
function, we collected a comprehensive dataset comprising 
83 mutations from a publicly accessible database. These 
mutations were located across various coding regions of 
the gene, enabling a thorough assessment of their potential 
effects on protein functionality.

3.2. Missense mutation analysis

The deleterious effects of mutations can be anticipated 
by evaluating the importance of the affected peptides. To 
analyze the 83 missense mutations in CCL2, computational 
tools such as Polyphen-2 and Meta-SNP (comprising 
Panther, PhD-SNP, SIFT, and SNAP) were employed 
(Table 1). The results revealed that 10 mutations were likely 
disease-causing and distributed across various protein 
domains.

3.3. CCL2 mutations affect protein stability

Three algorithms, mCSM, SDM, and DUET, were used 
to predict the effects of 83 mutations on CCL2 protein 
stability. The results are shown in Table 2. mCSM predicted 
that 40 mutations in CCL2 were likely highly destabilizing.

3.4. Identification of cancer-causing mutations in 
CCL2

Using the FATHMM server, 83 CCL2 mutations were 
analyzed to assess their potential involvement in cancer 
development or progression. The analysis results suggest that 
the C59G mutation alters the binding dynamics between 
CCL2 and CCR2, potentially reducing the risk of cancer and 
enhancing the immune response to pathogen invasion.

3.5. Conservation analysis of CCL2 mutations

The C59G mutation, identified as a cancer-causing 
mutation, was selected for further analysis. We utilized the 
ConSurf server to investigate the conservation and spatial 
distribution of the C59G mutation, which offered valuable 
insights into its potential functional implications.50 
ConSurf analysis revealed that the C59G mutation 
occurred at a highly conserved position, obtaining the 
maximum conservation score of 9 on the ConSurf scale 
(Figure  2A  and B). These findings prompted further 
computational investigations into the potential effects of 
this mutation on the stability and function of the CCL2 
protein.

3.6. Structure validation of native and mutant CCL2 
proteins

The reference model for the native protein was the 
3D structure of CCL2 (PDB ID 2LIE). The I-TASSER 
server was used to identify the template proteins with 
similar folds in the PDB database and generate 10,000 
conformations (decoys) based on a mutant sequence.74 
I-TASSER used the SPICKER tool to group the generated 
conformations through pairwise structural alignments, 
identifying models with structural similarities. This 
process typically results in five clusters, each containing 
multiple models with identical structures. I-TASSER 
then selects a representative model from each cluster to 
generate five final models that best represent the diverse 
conformations predicted.74 The model displaying the 
highest confidence score (C-score) was selected for 
subsequent analysis.75 Ramachandran plots were used to 
assess the model’s quality by examining the distribution 
of the protein backbone torsion angles (φ and ψ) and 
identifying any structural issues.76 The Ramachandran 
plot analysis revealed that 90% of native residues and 89% 
of mutant residues were positioned in the favored region 
of the native CCL2 structure, indicating a high degree of 
structural similarity (Figure 3).

3.7. MD simulation of CCL2

To investigate the effects of the C59G mutation on the 
CCL2 protein, a 100-ns MD simulation was performed. 
The simulation tracked various structural parameters, 
including secondary structure elements, to monitor 
the protein’s behavior and identify any changes in its 
conformational dynamics.

The RMSD was computed for the backbone residues 
of both the native and mutant CCL2 proteins to assess 
their deviation from their initial structures throughout the 
simulation and quantify the extent of structural variation. 
The RMSD values for the mutant CCL2 protein (C59G) 
were substantially higher than those of the native protein 
(Figure  3A), indicating a higher degree of structural 
instability in the mutant structure. This suggests that the 
C59G mutation introduced substantial conformational 
changes, potentially affecting the protein’s stability and 
function. MD simulations revealed that the native CCL2 
protein remained structurally stable throughout the 
simulation and that the mutant proteins, particularly 
C59G, exhibited a longer stabilization period. The RMSD 
values for the mutant proteins steadily increased between 
15 and 30 ns, indicating a higher degree of structural 
deviation from the initial conformation. In contrast, the 
RMSD values for the native C59C–CCL2 protein remained 
relatively stable, which suggests that the C59G mutation 

https://dx.doi.org/10.36922/td.3891


Tumor Discovery Bioinformatics insights into CCL2 mutations

Volume 3 Issue 4 (2024)	 8� doi: 10.36922/td.3891 

Ta
bl

e 
1.

 H
ar

m
fu

l m
ut

at
io

n 
pr

ed
ic

tio
ns

 u
si

ng
 in

 si
lic

o 
on

lin
e 

to
ol

s

Pr
ed

ic
tio

n 
of

 d
el

et
er

io
us

 m
ut

at
io

n

Se
ri

al
 n

um
be

r
M

ut
an

ts
Pa

nt
he

r
Ph

D
-S

N
P 

SI
FT

 
SN

A
P

M
et

a-
SN

P
Po

ly
Ph

en
-2

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

Se
ns

iti
vi

ty
Sp

ec
ifi

ci
ty

1
M

1L
D

ise
as

e
0.

98
2

N
or

m
al

0.
15

3
N

or
m

al
0.

15
N

or
m

al
0.

25
N

or
m

al
0.

24
8

Be
ni

gn
0.

4
0.

84
0.

79

2
K

2E
N

or
m

al
0.

46
6

N
or

m
al

0.
12

N
or

m
al

0.
41

N
or

m
al

0.
34

N
or

m
al

0.
12

8
Po

ss
ib

ly
 d

am
ag

in
g

0.
63

7
0.

8
0.

84

3
K

2T
D

ise
as

e
0.

56
7

N
or

m
al

0.
07

5
N

or
m

al
0.

42
N

or
m

al
0.

27
5

N
or

m
al

0.
08

5
Po

ss
ib

ly
 d

am
ag

in
g

0.
86

0.
72

0.
89

4
K

2R
N

or
m

al
0.

25
5

N
or

m
al

0.
05

N
or

m
al

0.
44

N
or

m
al

0.
09

5
N

or
m

al
0.

08
2

Be
ni

gn
0.

20
9

0.
88

0.
74

5
V

3I
N

or
m

al
0.

19
6

N
or

m
al

0.
03

3
N

or
m

al
0.

27
N

or
m

al
0.

13
N

or
m

al
0.

07
1

Be
ni

gn
0.

18
1

0.
89

0.
73

6
V

3G
D

ise
as

e
0.

69
6

N
or

m
al

0.
24

2
D

ise
as

e
0.

01
N

or
m

al
0.

46
N

or
m

al
0.

42
2

Po
ss

ib
ly

 d
am

ag
in

g
0.

95
9

0.
63

0.
92

7
S4

F
D

ise
as

e
0.

87
1

N
or

m
al

0.
20

8
N

or
m

al
0.

11
N

or
m

al
0.

48
5

N
or

m
al

0.
38

3
Po

ss
ib

ly
 d

am
ag

in
g

0.
99

0.
51

0.
95

8
A

5V
N

or
m

al
0.

26
6

N
or

m
al

0.
03

7
N

or
m

al
0.

42
N

or
m

al
0.

17
5

N
or

m
al

0.
07

5
Be

ni
gn

0.
13

9
0.

9
0.

71

9
A

5T
N

or
m

al
0.

26
9

N
or

m
al

0.
04

7
N

or
m

al
0.

48
N

or
m

al
0.

14
5

N
or

m
al

0.
07

4
Be

ni
gn

0.
09

8
0.

91
0.

68

10
I1

3T
N

or
m

al
0.

16
9

N
or

m
al

0.
05

N
or

m
al

0.
44

N
or

m
al

0.
16

N
or

m
al

0.
07

6
Be

ni
gn

0.
00

2
0.

99
0.

18

11
I1

3V
N

or
m

al
0.

12
7

N
or

m
al

0.
08

2
N

or
m

al
0.

38
N

or
m

al
0.

14
5

N
or

m
al

0.
08

9
Be

ni
gn

0.
00

4
0.

98
0.

35

12
A

14
E

N
or

m
al

0.
48

2
D

ise
as

e
0.

57
1

N
or

m
al

0.
08

D
ise

as
e

0.
58

5
N

or
m

al
0.

49
8

Po
ss

ib
ly

 d
am

ag
in

g
0.

83
9

0.
73

0.
88

13
A

15
P

D
ise

as
e

0.
72

7
D

ise
as

e
0.

74
9

N
or

m
al

0.
08

D
ise

as
e

0.
62

D
ise

as
e

0.
65

3
Po

ss
ib

ly
 d

am
ag

in
g

0.
92

1
0.

68
0.

91

14
T1

6S
N

or
m

al
0.

12
2

N
or

m
al

0.
10

3
N

or
m

al
0.

55
N

or
m

al
0.

13
N

or
m

al
0.

09
6

Be
ni

gn
0.

08
6

0.
91

0.
67

15
I1

8N
N

or
m

al
0.

11
9

N
or

m
al

0.
34

6
N

or
m

al
0.

31
N

or
m

al
0.

37
N

or
m

al
0.

29
3

Be
ni

gn
0.

00
1

0.
99

0.
09

16
I1

8T
N

or
m

al
0.

28
5

N
or

m
al

0.
08

8
N

or
m

al
0.

41
N

or
m

al
0.

19
N

or
m

al
0.

05
6

Be
ni

gn
0.

00
1

0.
99

0.
09

17
P1

9L
N

or
m

al
0.

14
8

N
or

m
al

0.
13

4
N

or
m

al
0.

76
N

or
m

al
0.

24
5

N
or

m
al

0.
16

7
Be

ni
gn

0.
00

3
0.

98
0.

26

18
P1

9Q
N

or
m

al
0.

26
2

N
or

m
al

0.
12

3
N

or
m

al
0.

35
N

or
m

al
0.

32
N

or
m

al
0.

13
6

Po
ss

ib
ly

 d
am

ag
in

g
0.

44
9

0.
83

0.
8

19
Q

20
R

N
or

m
al

0.
35

1
N

or
m

al
0.

49
8

N
or

m
al

0.
47

D
ise

as
e

0.
55

D
ise

as
e

0.
60

9
Po

ss
ib

ly
 d

am
ag

in
g

0.
69

1
0.

78
0.

85

20
A

23
T

N
or

m
al

0.
37

4
N

or
m

al
0.

36
9

N
or

m
al

0.
55

N
or

m
al

0.
37

N
or

m
al

0.
30

2
Be

ni
gn

0.
34

8
0.

85
0.

78

21
A

23
S

N
or

m
al

0.
38

4
N

or
m

al
0.

21
3

N
or

m
al

0.
88

N
or

m
al

0.
15

5
N

or
m

al
0.

24
9

Po
ss

ib
ly

 d
am

ag
in

g
0.

60
3

0.
81

0.
83

22
A

27
G

N
or

m
al

0.
18

3
N

or
m

al
0.

08
1

N
or

m
al

1
N

or
m

al
0.

37
N

or
m

al
0.

09
2

Be
ni

gn
0.

02
8

0.
94

0.
59

23
A

27
V

D
ise

as
e

0.
61

9
N

or
m

al
0.

32
4

N
or

m
al

0.
17

D
ise

as
e

0.
58

5
N

or
m

al
0.

48
4

Po
ss

ib
ly

 d
am

ag
in

g
0.

87
6

0.
71

0.
89

24
N

29
K

N
or

m
al

0.
28

6
N

or
m

al
0.

42
5

N
or

m
al

0.
69

D
ise

as
e

0.
58

N
or

m
al

0.
30

4
Be

ni
gn

0.
09

8
0.

91
0.

68

25
P3

1A
N

or
m

al
0.

27
4

N
or

m
al

0.
35

5
N

or
m

al
0.

11
D

ise
as

e
0.

66
N

or
m

al
0.

31
4

Be
ni

gn
0.

11
9

0.
9

0.
7

26
Y3

6C
D

ise
as

e
0.

90
3

D
ise

as
e

0.
71

7
D

ise
as

e
0.

01
D

ise
as

e
0.

74
5

D
ise

as
e

0.
79

5
Po

ss
ib

ly
 d

am
ag

in
g

0.
97

6
0.

59
0.

93

27
N

37
D

N
or

m
al

0.
19

N
or

m
al

0.
2

N
or

m
al

0.
26

D
ise

as
e

0.
56

N
or

m
al

0.
25

Be
ni

gn
0.

21
0.

88
0.

74

28
T3

9I
N

or
m

al
0.

22
2

N
or

m
al

0.
18

N
or

m
al

0.
6

D
ise

as
e

0.
51

5
N

or
m

al
0.

14
5

Be
ni

gn
0.

02
1

0.
95

0.
56

29
T3

9A
N

or
m

al
0.

17
8

N
or

m
al

0.
22

9
N

or
m

al
0.

59
D

ise
as

e
0.

62
N

or
m

al
0.

24
4

Be
ni

gn
0.

00
6

0.
97

0.
45

30
N

40
D

N
or

m
al

0.
22

6
N

or
m

al
0.

38
4

N
or

m
al

0.
45

N
or

m
al

0.
41

5
N

or
m

al
0.

33
Be

ni
gn

0.
02

2
0.

95
0.

57

(C
on

t’d
...

)

https://dx.doi.org/10.36922/td.3891


Tumor Discovery Bioinformatics insights into CCL2 mutations

Volume 3 Issue 4 (2024)	 9� doi: 10.36922/td.3891 

Ta
bl

e 
1.

 (C
on

tin
ue
d)

Pr
ed

ic
tio

n 
of

 d
el

et
er

io
us

 m
ut

at
io

n

Se
ri

al
 n

um
be

r
M

ut
an

ts
Pa

nt
he

r
Ph

D
-S

N
P 

SI
FT

 
SN

A
P

M
et

a-
SN

P
Po

ly
Ph

en
-2

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

Se
ns

iti
vi

ty
Sp

ec
ifi

ci
ty

31
N

40
K

N
or

m
al

0.
12

8
N

or
m

al
0.

24
5

N
or

m
al

0.
65

N
or

m
al

0.
41

5
N

or
m

al
0.

24
8

Be
ni

gn
0.

02
3

0.
95

0.
57

32
R4

1K
N

or
m

al
0.

18
2

N
or

m
al

0.
07

2
N

or
m

al
0.

77
N

or
m

al
0.

40
5

N
or

m
al

0.
08

4
Be

ni
gn

0.
00

2
0.

99
0.

18

33
K

42
I

D
ise

as
e

0.
70

3
D

ise
as

e
0.

63
4

N
or

m
al

0.
12

D
ise

as
e

0.
66

5
D

ise
as

e
0.

66
9

Po
ss

ib
ly

 d
am

ag
in

g
0.

93
6

0.
66

0.
91

34
S4

4L
N

or
m

al
0.

46
8

N
or

m
al

0.
48

2
D

ise
as

e
0.

02
D

ise
as

e
0.

53
N

or
m

al
0.

49
Be

ni
gn

0.
02

0.
95

0.
56

35
V

45
M

N
or

m
al

0.
11

N
or

m
al

0.
05

4
N

or
m

al
0.

25
N

or
m

al
0.

41
N

or
m

al
0.

06
9

Be
ni

gn
0.

02
6

0.
94

0.
58

36
V

45
A

N
or

m
al

0.
16

1
N

or
m

al
0.

11
6

N
or

m
al

0.
53

N
or

m
al

0.
47

5
N

or
m

al
0.

11
6

Be
ni

gn
0.

10
3

0.
91

0.
69

37
R4

7K
N

or
m

al
0.

17
3

N
or

m
al

0.
22

3
N

or
m

al
0.

36
N

or
m

al
0.

43
N

or
m

al
0.

24
1

Be
ni

gn
0.

1
0.

91
0.

68

38
L4

8F
D

ise
as

e
0.

65
3

N
or

m
al

0.
41

6
D

ise
as

e
0.

02
D

ise
as

e
0.

68
D

ise
as

e
0.

58
2

Po
ss

ib
ly

 d
am

ag
in

g
0.

99
7

0.
27

0.
98

39
A

49
E

N
or

m
al

0.
20

7
N

or
m

al
0.

08
N

or
m

al
0.

96
N

or
m

al
0.

41
N

or
m

al
0.

07
6

Be
ni

gn
0.

00
7

0.
97

0.
46

40
A

49
V

N
or

m
al

0.
24

1
N

or
m

al
0.

08
4

N
or

m
al

0.
4

N
or

m
al

0.
41

N
or

m
al

0.
08

Be
ni

gn
0.

01
5

0.
95

0.
54

41
A

49
T

N
or

m
al

0.
15

2
N

or
m

al
0.

07
4

N
or

m
al

0.
53

N
or

m
al

0.
34

5
N

or
m

al
0.

08
5

Be
ni

gn
0.

01
5

0.
95

0.
54

42
A

49
P

N
or

m
al

0.
29

1
N

or
m

al
0.

40
4

N
or

m
al

0.
23

D
ise

as
e

0.
63

5
N

or
m

al
0.

32
8

Po
ss

ib
ly

 d
am

ag
in

g
0.

58
7

0.
81

0.
83

43
S5

0N
N

or
m

al
0.

43
4

N
or

m
al

0.
31

1
N

or
m

al
0.

16
D

ise
as

e
0.

58
N

or
m

al
0.

32
5

Po
ss

ib
ly

 d
am

ag
in

g
0.

65
1

0.
79

0.
84

44
Y5

1H
D

ise
as

e
0.

84
5

D
ise

as
e

0.
64

7
D

ise
as

e
0.

01
D

ise
as

e
0.

86
D

ise
as

e
0.

73
3

Po
ss

ib
ly

 d
am

ag
in

g
0.

99
8

0.
18

0.
98

45
R5

3G
D

ise
as

e
0.

74
3

D
ise

as
e

0.
53

9
N

or
m

al
0.

21
D

ise
as

e
0.

68
5

D
ise

as
e

0.
66

1
Po

ss
ib

ly
 d

am
ag

in
g

0.
90

6
0.

69
0.

9

46
I5

4V
N

or
m

al
0.

25
3

N
or

m
al

0.
08

5
N

or
m

al
0.

28
D

ise
as

e
0.

51
N

or
m

al
0.

08
9

Be
ni

gn
0.

07
5

0.
92

0.
66

47
T5

5S
D

ise
as

e
0.

66
2

N
or

m
al

0.
45

5
N

or
m

al
0.

53
D

ise
as

e
0.

58
5

D
ise

as
e

0.
6

Po
ss

ib
ly

 d
am

ag
in

g
0.

71
8

0.
78

0.
85

48
S5

6N
N

or
m

al
0.

23
4

N
or

m
al

0.
21

6
N

or
m

al
0.

26
D

ise
as

e
0.

62
N

or
m

al
0.

23
6

Be
ni

gn
0.

10
7

0.
91

0.
69

49
S5

6R
D

ise
as

e
0.

62
7

N
or

m
al

0.
48

5
N

or
m

al
0.

31
D

ise
as

e
0.

68
5

D
ise

as
e

0.
61

2
Po

ss
ib

ly
 d

am
ag

in
g

0.
96

5
0.

62
0.

93

50
S5

7C
D

ise
as

e
0.

81
2

D
ise

as
e

0.
51

8
D

ise
as

e
0.

01
D

ise
as

e
0.

64
D

ise
as

e
0.

63
7

Po
ss

ib
ly

 d
am

ag
in

g
0.

97
6

0.
59

0.
93

51
C

59
G

D
ise

as
e

0.
99

2
D

ise
as

e
0.

85
7

D
ise

as
e

0
D

ise
as

e
0.

83
D

ise
as

e
0.

91
6

Po
ss

ib
ly

 d
am

ag
in

g
1

0
1

52
K

61
I

D
ise

as
e

0.
52

5
N

or
m

al
0.

22
3

N
or

m
al

0.
53

N
or

m
al

0.
44

5
N

or
m

al
0.

29
6

Po
ss

ib
ly

 d
am

ag
in

g
0.

48
7

0.
83

0.
81

53
K

67
R

N
or

m
al

0.
24

4
N

or
m

al
0.

04
3

N
or

m
al

0.
41

N
or

m
al

0.
42

N
or

m
al

0.
08

6
Be

ni
gn

0.
02

9
0.

94
0.

59

54
K

67
D

N
or

m
al

0.
49

8
N

or
m

al
0.

21
1

N
or

m
al

0.
2

D
ise

as
e

0.
60

5
N

or
m

al
0.

26
Po

ss
ib

ly
 d

am
ag

in
g

0.
71

2
0.

78
0.

85

55
K

67
T

N
or

m
al

0.
46

4
N

or
m

al
0.

10
5

N
or

m
al

0.
61

N
or

m
al

0.
43

5
N

or
m

al
0.

11
1

Be
ni

gn
0.

17
8

0.
89

0.
73

56
T6

8I
D

ise
as

e
0.

98
D

ise
as

e
0.

62
6

D
ise

as
e

0.
02

D
ise

as
e

0.
68

5
D

ise
as

e
0.

56
Po

ss
ib

ly
 d

am
ag

in
g

0.
96

7
0.

61
0.

93

57
I6

9V
N

or
m

al
0.

19
6

N
or

m
al

0.
12

4
N

or
m

al
0.

14
N

or
m

al
0.

34
N

or
m

al
0.

12
Be

ni
gn

0.
00

6
0.

97
0.

45

58
A

71
T

N
or

m
al

0.
25

N
or

m
al

0.
12

8
D

ise
as

e
0.

04
D

ise
as

e
0.

63
N

or
m

al
0.

17
5

Be
ni

gn
0.

41
0.

84
0.

79

59
A

71
V

N
or

m
al

0.
36

9
N

or
m

al
0.

15
9

D
ise

as
e

0.
01

D
ise

as
e

0.
64

5
N

or
m

al
0.

21
Po

ss
ib

ly
 d

am
ag

in
g

0.
65

3
0.

79
0.

84

60
E7

3G
D

ise
as

e
0.

58
1

N
or

m
al

0.
45

4
N

or
m

al
0.

1
D

ise
as

e
0.

64
D

ise
as

e
0.

50
9

Be
ni

gn
0.

20
8

0.
88

0.
74

(C
on

t’d
...

)

https://dx.doi.org/10.36922/td.3891


Tumor Discovery Bioinformatics insights into CCL2 mutations

Volume 3 Issue 4 (2024)	 10� doi: 10.36922/td.3891 

Ta
bl

e 
1.

 (C
on

tin
ue
d)

Pr
ed

ic
tio

n 
of

 d
el

et
er

io
us

 m
ut

at
io

n

Se
ri

al
 n

um
be

r
M

ut
an

ts
Pa

nt
he

r
Ph

D
-S

N
P 

SI
FT

 
SN

A
P

M
et

a-
SN

P
Po

ly
Ph

en
-2

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

A
na

ly
si

s
Sc

or
e

Se
ns

iti
vi

ty
Sp

ec
ifi

ci
ty

61
I7

4N
D

ise
as

e
0.

88
5

D
ise

as
e

0.
77

1
D

ise
as

e
0.

01
D

ise
as

e
0.

72
5

D
ise

as
e

0.
77

2
Po

ss
ib

ly
 d

am
ag

in
g

0.
96

4
0.

62
0.

92

62
D

77
E

N
or

m
al

0.
26

9
N

or
m

al
0.

40
9

D
ise

as
e

0.
04

D
ise

as
e

0.
68

5
N

or
m

al
0.

32
5

Be
ni

gn
0.

31
1

0.
86

0.
77

63
D

77
G

D
ise

as
e

0.
66

1
D

ise
as

e
0.

67
D

ise
as

e
0.

01
D

ise
as

e
0.

71
D

ise
as

e
0.

69
1

Po
ss

ib
ly

 d
am

ag
in

g
0.

93
3

0.
67

0.
91

64
P7

8S
D

ise
as

e
0.

54
8

D
ise

as
e

0.
51

7
D

ise
as

e
0.

01
D

ise
as

e
0.

76
D

ise
as

e
0.

72
8

Po
ss

ib
ly

 d
am

ag
in

g
0.

94
1

0.
66

0.
91

65
P7

8H
D

ise
as

e
0.

88
6

D
ise

as
e

0.
55

7
D

ise
as

e
0

D
ise

as
e

0.
80

5
D

ise
as

e
0.

73
2

Po
ss

ib
ly

 d
am

ag
in

g
0.

99
8

0.
18

0.
98

66
K

79
E

N
or

m
al

0.
28

9
N

or
m

al
0.

21
9

N
or

m
al

0.
4

N
or

m
al

0.
47

N
or

m
al

0.
24

5
Be

ni
gn

0.
04

9
0.

93
0.

63

67
K

79
R

N
or

m
al

0.
34

7
N

or
m

al
0.

15
4

N
or

m
al

0.
19

N
or

m
al

0.
43

N
or

m
al

0.
16

2
Be

ni
gn

0.
28

5
0.

86
0.

76

68
K

81
N

D
ise

as
e

0.
55

4
N

or
m

al
0.

23
4

N
or

m
al

0.
21

N
or

m
al

0.
46

5
N

or
m

al
0.

34
2

Be
ni

gn
0.

36
4

0.
85

0.
78

69
W

82
L

D
ise

as
e

0.
98

6
D

ise
as

e
0.

62
2

D
ise

as
e

0
D

ise
as

e
0.

79
5

D
ise

as
e

0.
75

Po
ss

ib
ly

 d
am

ag
in

g
1

0
1

70
V

83
A

D
ise

as
e

0.
97

7
N

or
m

al
0.

40
6

D
ise

as
e

0.
01

D
ise

as
e

0.
69

5
D

ise
as

e
0.

62
Po

ss
ib

ly
 d

am
ag

in
g

0.
99

2
0.

49
0.

95

71
V

83
L

D
ise

as
e

0.
96

5
N

or
m

al
0.

46
6

D
ise

as
e

0.
01

D
ise

as
e

0.
67

5
D

ise
as

e
0.

63
Po

ss
ib

ly
 d

am
ag

in
g

0.
94

1
0.

66
0.

91

72
Q

84
R

N
or

m
al

0.
30

4
N

or
m

al
0.

28
9

N
or

m
al

0.
13

N
or

m
al

0.
48

N
or

m
al

0.
30

9
Be

ni
gn

0.
09

7
0.

91
0.

68

73
D

85
Y

D
ise

as
e

0.
71

4
N

or
m

al
0.

33
4

D
ise

as
e

0.
01

D
ise

as
e

0.
56

D
ise

as
e

0.
51

9
Po

ss
ib

ly
 d

am
ag

in
g

0.
98

0.
57

0.
94

74
M

87
V

N
or

m
al

0.
13

9
N

or
m

al
0.

06
1

N
or

m
al

0.
4

D
ise

as
e

0.
52

5
N

or
m

al
0.

1
Be

ni
gn

0.
02

0.
95

0.
56

75
M

87
K

D
ise

as
e

0.
59

6
N

or
m

al
0.

25
2

D
ise

as
e

0.
02

D
ise

as
e

0.
74

5
N

or
m

al
0.

37
2

Be
ni

gn
0.

12
8

0.
9

0.
7

76
D

88
N

N
or

m
al

0.
13

2
N

or
m

al
0.

02
4

N
or

m
al

0.
32

N
or

m
al

0.
23

N
or

m
al

0.
06

3
Be

ni
gn

0.
00

4
0.

98
0.

35

77
D

88
V

N
or

m
al

0.
19

1
N

or
m

al
0.

06
1

D
ise

as
e

0.
03

N
or

m
al

0.
46

5
N

or
m

al
0.

11
2

Be
ni

gn
0.

10
3

0.
91

0.
69

78
H

89
P

N
or

m
al

0.
44

3
N

or
m

al
0.

32
2

N
or

m
al

0.
21

D
ise

as
e

0.
65

N
or

m
al

0.
34

3
Po

ss
ib

ly
 d

am
ag

in
g

0.
72

2
0.

78
0.

85

79
K

92
R

N
or

m
al

0.
16

N
or

m
al

0.
04

2
N

or
m

al
0.

38
N

or
m

al
0.

16
N

or
m

al
0.

06
6

Be
ni

gn
0.

00
8

0.
96

0.
48

80
T9

6A
N

or
m

al
0.

23
2

N
or

m
al

0.
02

7
N

or
m

al
0.

42
D

ise
as

e
0.

56
N

or
m

al
0.

08
4

Be
ni

gn
0.

07
1

0.
92

0.
66

81
P9

7L
N

or
m

al
0.

16
8

N
or

m
al

0.
03

5
N

or
m

al
0.

41
N

or
m

al
0.

48
N

or
m

al
0.

05
5

Be
ni

gn
0.

01
2

0.
96

0.
52

82
P9

7T
N

or
m

al
0.

24
5

N
or

m
al

0.
03

4
N

or
m

al
0.

68
N

or
m

al
0.

45
N

or
m

al
0.

05
Be

ni
gn

0.
03

3
0.

94
0.

6

83
T9

9S
N

or
m

al
0.

09
1

N
or

m
al

0.
00

6
N

or
m

al
0.

42
D

ise
as

e
0.

51
N

or
m

al
0.

08
1

Be
ni

gn
0

1
0

https://dx.doi.org/10.36922/td.3891


Tumor Discovery Bioinformatics insights into CCL2 mutations

Volume 3 Issue 4 (2024)	 11� doi: 10.36922/td.3891 

(Cont’d...)

Table 2. Prediction of protein stability using in silico tools

Protein stability prediction

Serial number Mutants SDM mCSM DUET

ΔΔGkcal/mol Prediction ΔΔGkcal/mol Prediction ΔΔGkcal/mol Prediction

1 M1L 0 Destabilizing −0.528 Destabilizing −0.079 Destabilizing

2 K2E −0.08 Destabilizing 0.15 Stabilizing 0.411 Stabilizing

3 K2T −0.39 Destabilizing −0.419 Destabilizing −0.251 Destabilizing

4 K2R −0.24 Destabilizing −0.297 Destabilizing −0.066 Destabilizing

5 V3I 0.11 Stabilizing −0.864 Destabilizing −0.547 Destabilizing

6 V3G −0.38 Destabilizing −1.907 Destabilizing −1.798 Destabilizing

7 S4F 0.58 Stabilizing −1.339 Destabilizing −1.047 Destabilizing

8 A5V −0.18 Destabilizing −0.527 Destabilizing −0.257 Destabilizing

9 A5T −0.37 Destabilizing −1.443 Destabilizing −1.2 Destabilizing

10 I13T −0.96 Destabilizing −1.451 Destabilizing −1.33 Destabilizing

11 I13V −0.1 Destabilizing −1.056 Destabilizing −0.804 Destabilizing

12 A14E −0.13 Destabilizing −2.421 Destabilizing −2.148 Destabilizing

13 A15P −1.96 Destabilizing −0.606 Destabilizing −0.767 Destabilizing

14 T16S −0.78 Destabilizing −1.357 Destabilizing −1.302 Destabilizing

15 I18N −1.39 Destabilizing −2.458 Destabilizing −2.435 Destabilizing

16 I18T −2.02 Destabilizing −2.715 Destabilizing −2.85 Destabilizing

17 P19L 1.29 Stabilizing −0.789 Destabilizing −0.197 Destabilizing

18 P19Q −0.23 Destabilizing −0.973 Destabilizing −0.68 Destabilizing

19 Q20R 0.56 Stabilizing 0.009 Stabilizing 0.357 Stabilizing

20 A23T −0.81 Destabilizing −1.028 Destabilizing −0.853 Destabilizing

21 A23S −1.39 Destabilizing −0.951 Destabilizing −0.886 Destabilizing

22 A27G −2.55 Destabilizing −1.264 Destabilizing −1.617 Destabilizing

23 A27V −1.46 Destabilizing −0.774 Destabilizing −0.831 Destabilizing

24 N29K 0.44 Stabilizing 0.144 Stabilizing 0.606 Stabilizing

25 P31A −0.2 Destabilizing −0.91 Destabilizing −0.671 Destabilizing

26 Y36C 0.09 Stabilizing 0.42 Stabilizing 0.633 Stabilizing

27 N37D 0.15 Stabilizing 0.276 Stabilizing 0.634 Stabilizing

28 T39I 1.33 Stabilizing −0.053 Destabilizing 0.493 Stabilizing

29 T39A 1.34 Stabilizing −0.876 Destabilizing −0.322 Destabilizing

30 N40D −0.38 Destabilizing 0.119 Stabilizing 0.347 Stabilizing

31 N40K −0.2 Destabilizing 0.131 Stabilizing 0.451 Stabilizing

32 R41K −0.19 Destabilizing −0.038 Destabilizing 0.192 Stabilizing

33 K42I 0.47 Stabilizing 0.158 Stabilizing 0.452 Stabilizing

34 S44L 1.24 Stabilizing 0.062 Stabilizing 0.585 Stabilizing

35 V45M −0.26 Destabilizing −0.396 Destabilizing −0.295 Destabilizing

36 V45A 0.19 Destabilizing −0.971 Stabilizing −0.641 Destabilizing

37 R47K −0.1 Destabilizing −0.316 Destabilizing −0.058 Destabilizing

38 L48F −0.66 Destabilizing −1.439 Destabilizing −1.493 Destabilizing

39 A49E 0.72 Stabilizing −0.528 Destabilizing 0.007 Stabilizing

40 A49V 1.41 Stabilizing −0.416 Destabilizing 0.201 Stabilizing

41 A49T 0.29 Stabilizing −0.942 Destabilizing −0.546 Destabilizing

https://dx.doi.org/10.36922/td.3891


Tumor Discovery Bioinformatics insights into CCL2 mutations

Volume 3 Issue 4 (2024)	 12� doi: 10.36922/td.3891 

Table 2. (Continued)

Protein stability prediction

Serial number Mutants SDM mCSM DUET

ΔΔGkcal/mol Prediction ΔΔGkcal/mol Prediction ΔΔGkcal/mol Prediction

42 A49P −1.14 Destabilizing −0.416 Destabilizing −0.366 Destabilizing

43 S50N 0.07 Stabilizing −1.123 Destabilizing −0.858 Destabilizing

44 Y51H −1.23 Destabilizing −2.402 Destabilizing −2.457 Destabilizing

45 R53G 0.37 Stabilizing −1.393 Destabilizing −1.084 Destabilizing

46 I54V −2.38 Destabilizing −1.695 Destabilizing −2.05 Destabilizing

47 T55S −0.71 Destabilizing −0.468 Destabilizing −0.319 Destabilizing

48 S56N 0.28 Stabilizing −0.564 Destabilizing −0.226 Destabilizing

49 S56R 0.9 Stabilizing −0.645 Destabilizing −0.226 Destabilizing

50 S57C 0.62 Stabilizing −0.491 Destabilizing −0.162 Destabilizing

51 C59G −0.6 Destabilizing −1.767 Destabilizing −1.667 Destabilizing

52 K61I 1.4 Stabilizing 0.437 Stabilizing 0.915 Stabilizing

53 K67R 0 Destabilizing −0.699 Destabilizing −0.435 Destabilizing

54 K67D −0.83 Destabilizing −1.817 Destabilizing −1.832 Destabilizing

55 K67T −0.14 Destabilizing −1.275 Destabilizing −1.086 Destabilizing

56 T68I 0.13 Stabilizing −0.148 Destabilizing 0.111 Stabilizing

57 I69V −0.03 Destabilizing −0.347 Destabilizing −0.033 Destabilizing

58 A71T −1.12 Destabilizing −0.861 Destabilizing −0.738 Destabilizing

59 A71V 0.38 Stabilizing −0.472 Destabilizing −0.071 Destabilizing

60 E73G 0.56 Stabilizing −1.152 Destabilizing −0.846 Destabilizing

61 I74N −1.35 Destabilizing −1.567 Destabilizing −1.522 Destabilizing

62 D77E −0.5 Destabilizing −0.784 Destabilizing −0.609 Destabilizing

63 D77G 0.22 Stabilizing −1.093 Destabilizing −0.874 Destabilizing

64 P78S −0.77 Destabilizing −1.976 Destabilizing −1.844 Destabilizing

65 P78H 1.14 Stabilizing −1.898 Destabilizing −1.331 Destabilizing

66 K79E 0.25 Stabilizing −0.115 Destabilizing 0.229 Stabilizing

67 K79R −0.11 Destabilizing −0.144 Destabilizing 0.11 Stabilizing

68 K81N −0.88 Destabilizing −0.001 Destabilizing 0.044 Stabilizing

69 W82L 0.63 Stabilizing −2.029 Destabilizing −1.49 Destabilizing

70 V83A −0.69 Destabilizing −1.948 Destabilizing −1.924 Destabilizing

71 V83L 0.14 Stabilizing −0.428 Destabilizing −0.079 Destabilizing

72 Q84R 0.13 Stabilizing −0.043 Destabilizing 0.245 Stabilizing

73 D85Y −0.37 Destabilizing −0.479 Destabilizing −0.514 Destabilizing

74 M87V 0.14 Stabilizing −1.727 Destabilizing −1.309 Destabilizing

75 M87K −0.19 Destabilizing −1.477 Destabilizing −1.02 Destabilizing

76 D88N −0.34 Destabilizing −0.639 Destabilizing −0.469 Destabilizing

77 D88V −0.11 Destabilizing 0.312 Stabilizing 0.518 Stabilizing

78 H89P −2.03 Destabilizing 0.226 Stabilizing −0.113 Destabilizing

79 K92R −0.37 Destabilizing −0.162 Destabilizing 0.048 Stabilizing

80 T96A 1.15 Stabilizing −0.191 Destabilizing 0.318 Stabilizing

81 P97L 0.84 Stabilizing −0.258 Destabilizing 0.246 Stabilizing

82 P97T 0.28 Stabilizing −0.404 Destabilizing −0.002 Destabilizing

83 T99S 0 Destabilizing −0.626 Destabilizing −0.32 Destabilizing
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Figure 2. The ConSurf server was used to analyze the residue conservation of the C59G mutation in CCL2. The results are displayed in a colored format 
to visualize the evolutionary conservation of these residues within the protein structure. (A) represents the C59 residue, while (B) indicates the position of 
the C59G mutation. This mutation lies within the most conserved region of the CCL2 protein structure. The conservation of this region suggests its critical 
role in the protein’s function and stability.
Abbreviation: CCL2: Chemokine C-C motif ligand 2.

B

A

Figure 3. (A and B) Ramachandran plot analysis was used to evaluate the structural quality of the native and mutant CCL2 proteins by examining the 
distribution of residues within the plot. The results are presented in a colored format to facilitate easier visualization and interpretation of the evolutionary 
conservation of these residues within the protein structure.
Abbreviation: CCL2: Chemokine C-C motif ligand 2.

BA
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introduced considerable conformational changes that 
required more time to reach equilibrium (Figure 4A).

To assess the impact of mutations on the stability and 
dynamics of the CCL2 protein, the RMSF of the Cα atoms 
was calculated. This analysis aimed to understand how 
mutations affect the dynamics of the residues and compare 
these effects with those of the native protein. In general, the 
RMSF values of the mutant structures demonstrated higher 
flexibility than those of the native structures, particularly in 
regions spanning residues 5 – 80. Specifically, these regions 
exhibited significant fluctuations in RMSF values, ranging 
from 0.1 to 0.7 Å, which indicated increased dynamic 
behavior in these areas (Figure 4B).

After analyzing the intramolecular hydrogen bonds, 
a noticeable decrease in the number of hydrogen bonds 
formed during the simulation in the mutant protein was 
observed compared to the native structure. Assessment 
of the intramolecular hydrogen bonds indicated that 
the native protein maintained a relatively stable number 
of hydrogen bonds, ranging from 40 to 80, whereas 
the mutant protein exhibited more variability, with the 
number of hydrogen bonds fluctuating between 40 and 69. 
This implies that the mutant protein underwent increased 

flexibility and structural alterations compared to the native 
CCL2 protein (Figure 5A and B).

Essential dynamics (ED) analysis was conducted to 
identify correlated movements within both the native 
and mutant peptides of CCL2. The cumulative sum of 
the eigenvalues revealed that significant fluctuations were 
mainly observed in the first two eigenvectors for both 
types of proteins. This concentration of fluctuations in 
the first two eigenvectors indicates that these principal 
components (PCs) capture the primary motions of the 
system. Subsequently, the trajectories of both native 
and mutant simulations were plotted onto phase space 
along PC1 and PC2 at 300 K to visualize these motions 
(Figure 5C and D).

The Rg analysis revealed that the mutant protein was 
less compact compared to the native protein. The Rg value 
for the mutant protein ranged from 1.3  nm to 1.45  nm, 
which reflected increased flexibility and structural 
changes. Conversely, the native protein demonstrated a 
higher compactness with Rg values between 1.4  nm and 
1.3 nm. This suggests that the mutations notably affected 
the protein’s structural compactness and flexibility 
(Figure 6A and B).

Figure  4. The RMSD and RMSF were used as measures to assess the structural alterations and dynamic fluctuations in the proteins. (A) Molecular 
dynamics simulations were conducted on both native and C59G mutant CCL2 proteins for 100 ns to explore the impacts of mutations on protein stability. 
The RMSD of the backbone was calculated over time to quantify the structural changes. (B) The RMSF of backbone alpha carbon (Cα) atoms in the native 
CCL2 protein structure was examined throughout the simulation duration. The results are depicted on a plot, where the Y-axis represents RMSF values 
and the X-axis corresponds to each atom in the protein structure.
Abbreviations: RMSD: root mean square deviation; RMSF: root mean square fluctuation; CCL2: Chemokine C-C motif ligand 2.
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Throughout the simulation, the SASA of both the 
native and mutant CCL2 proteins was monitored. The 
native protein exhibited a consistent SASA value, ranging 
from 55 to 65 nm² throughout the simulation period. 
In contrast, the mutant protein displayed a higher and 
more variable SASA, ranging from 60 to 75 nm², with 
significant fluctuations observed over time. This variation 
in SASA suggests that the mutant protein underwent 
substantial changes in its solvent accessibility, potentially 
affecting its stability and interactions with other molecules 
(Figure 6C and D).

During the simulation, the native protein maintained 
a stable SASA value, indicating its stability. Conversely, 
the mutant structures exhibited higher SASA values 
with notable fluctuations, suggesting increased solvent 
accessibility and alterations in its interactions with other 
molecules.

3.8. Hydrogen bonding analysis of native and 
mutant CCL2 proteins

MD simulations were used to monitor the interactions 
between CCR2 and CCL2. The majority of the important 
protein–peptide interactions were hydrogen bonds (Figure 7). 

A timeline of these interactions was generated to highlight 
the key hydrogen bonds formed during the simulations. 
The number of hydrogen bonds formed between CCR2 and 
CCL2 is an essential parameter to assess the stability of the 
complex. Our results revealed that the native CCL2–C59C 
complex exhibits a lower average number of hydrogen 
bonds (total hydrogen bonds: 3350) (Figure  7A). In 
contrast, the C59G mutation in CCL2 leads to an increase 
in hydrogen bond formation (total hydrogen bonds: 4195) 
(Figure  7B). This directly correlates with the binding 
affinity and stability of the receptor–ligand interaction, 
which suggests that the C59G mutation enhances receptor–
ligand interactions by promoting stronger and more stable 
hydrogen bonding.

3.9. Effects of CCL2 mutants on the protein 
secondary and tertiary structures

The I-TASSER-modeled structure of CCL2 (native 
and mutant) was evaluated using UCSF Chimera 
calculations for homology modeling. This evaluation 
involved comparative modeling by satisfaction of spatial 
restraints, which requires a known related structure (i.e., a 
template) and a target-template sequence alignment. The 

Figure 5. Hydrogen bonding and two-dimensional projection of native and mutant CCL2 proteins. (A) represents the average number of intermolecular 
hydrogen bonds in native CCL2, while (B) shows the average number of intermolecular hydrogen bonds in the CCL2-C59G mutant structures as a 
function of time. (C and D) depict the projection of the motion of the protein in phase space for CCL2-native and CCL2-C59G, respectively. 
Abbreviation: CCL2: Chemokine C-C motif ligand 2.
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Chimera interface to Modeller allows for the generation 
of theoretical models of a protein using at least one 
known related structure and a target-template sequence 
alignment.77 Homology modeling was performed on the 

native and mutant CCL2 proteins to investigate the spatial 
arrangement of the conserved amino acids, particularly 
cysteine (C59) and glycine (G59). This approach allowed 
for the assessment of how the C59G mutation affects 

Figure 6. Rg and SASA analysis. (A and B) The Rg of Cα atoms in the native and mutant structures was monitored throughout the simulation. The native 
protein consistently maintained a stable Rg value, whereas the mutant structures displayed notable fluctuations, suggesting alterations in compactness. (C 
and D) SASA of both the native and mutant structures over time 
Abbreviations: Rg: radius of gyration; SASA: solvent-accessible surface area; Cα: alpha carbon. 
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Figure 7. Protein contact hydrogen bond. (A) Representation of the hydrogen bonds of the native CCL2–C59C. (B) Representation of the hydrogen bonds 
of the mutant CCL2–C59G. Simulation time is presented in picoseconds. 
Abbreviation: CCL2: Chemokine C-C motif ligand 2.
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the local structural environment and the overall protein 
conformation. I-TASSER was used to generate a 3D model 
of the CCL2 protein based on the cysteine (C59) and 
glycine (G59) structures. The model was selected due to 
its high C-score, indicating a high confidence level in the 
predicted structure. This computational method enabled 
the prediction of the protein tertiary structure. According 
to I-TASSER modeling results, the predicted structure of 
the native CCL2 protein has a C-score of −1.20, a TM-score 
of 0.56 ± 0.15, and an RMSD of 6.4 ± 3.9 Å. Similarly, the 
mutant CCL2 protein was predicted to have a comparable 
structure, with a C-score of −1.10, a TM-score of 0.54 ± 
0.14, and an RMSD of 6.2 ± 3.7 Å. These values suggest 
that both models have a moderate confidence level and 
a correct global topology, despite some local structural 
variations.

The mutation of a cysteine (C) to glycine (G) in the 
CCL2 protein substantially affected both its secondary 
and tertiary structures. This is mainly due to the differing 
side-chain properties of these amino acids, which can alter 
local interactions and disrupt hydrogen bonding networks. 
In addition, the mutation’s impact on electrostatic 
interactions and hydrophobic forces can alter the protein’s 
overall folding and stability. These structural alterations 
can significantly influence the protein’s function, solubility, 
and susceptibility to aggregation.78,79

In the present study, we observed changes in the bond 
distances between the amino acids in the CCL2 protein. 
The native CCL2 structure with K58 and C59 had bond 
distances of 9.6 and 6.5 Å, respectively. In contrast, the 
mutant G59 structure with K58 and P60 had bond distances 
of 11.7 and 7.1 Å, respectively. The observed changes in 
bond distances suggest notable structural differences in 
the mutant protein compared to the native structure. The 
mutant protein displays structural variations compared to 
the native protein, as indicated by distance measurements 
and C-scores (Figure  8A and B). Cysteine at position 59 
is a positively charged amino acid that participates in 
electrostatic interactions. Substituting cysteine with glycine 
eliminates this positive charge, disrupting electrostatic 
interactions. Furthermore, cysteine can form disulfide 
bonds, which can alter the protein’s overall structure. These 
changes can significantly affect the protein’s function, 
stability, and interactions with other molecules.80,81 These 
findings highlight the structural variations in CCL2 among 
proteins and critical mutations, providing crucial insights 
into their functional implications.

3.10. Molecular docking of native and mutant CCL2 
with CCR2

The molecular docking results of native and mutant CCL2 
with the CCR2 receptor were obtained using the HDOCK 

online tool, which revealed significant insights into their 
binding interactions. Native CCL2 displayed binding 
affinity to CCR2, with the top 10  minimum docking 
scores being −176.10, −160.30, −159.82, −156.20, −155.16, 
−153.10, −152.99, −151.07, −150.53, and −150.21 kcal/mol 
(Figure 9A). The lowest score of −176.10 kcal/mol indicates 
the most favorable binding interaction. Similarly, mutant 
CCL2 also exhibited robust binding affinity to CCR2, with 
top docking scores of −175.86, −172.30, −168.52, −161.03, 
−160.64, −159.83, −159.64, −158.47, −155.39, and −153.79 
kcal/mol (Figure  9B). Although the mutant CCL2 had 
slightly higher minimum docking scores than the native 
CCL2, the scores indicate strong binding interactions. The 
comparison of the native and mutant CCL2 forms revealed 
that the mutant CCL2 had a marginally better minimum 
docking score (−175.86 kcal/mol) than the native form 
(−176.10 kcal/mol) (Figure 9), suggesting a slightly higher 
binding affinity for CCR2. However, the overall similarity 
in the docking scores indicates that the mutation alters the 
binding affinity of CCL2 to CCR2. These findings suggest 
that mutant CCL2 has a strong binding affinity for the 
CCR2 receptor and that the mutation impacts CCL2’s 
ability to interact with its receptor. Further experimental 
validation and structural analysis are required to fully 
elucidate the functional implications of this mutation on 
CCL2–CCR2 signaling.

4. Discussion
CCL2 interacts with CCR2 through its N-terminal β strand, 
which is a critical component of the chemokine receptor 
binding process.82 The CCL2–CCR2 signaling pathway 
plays a crucial role in the pathophysiology of various 
disorders, including chronic obstructive pulmonary 
disease, asthma, cystic fibrosis, and cancer. In the context 
of cancer, the interaction between CCL2, which is released 
by cancer cells, and CCR2 in the tumor microenvironment 
is essential for the progression and metastasis of cancer.9,83 
Previous research has shown that CCL2 promotes tumor 
growth and metastasis by recruiting macrophages and 
immune cells to the tumor microenvironment.84 The 
CCL2–CCR2 axis is a critical factor in the progression of 
various cancers, including prostate, pancreatic, breast, lung, 
kidney, bladder, and colorectal cancers. In prostate cancer, 
CCL2 promotes tumor growth and migration through the 
PI3K/Akt signaling pathway and contributes to resistance 
against castration and chemotherapy, making it a potential 
therapeutic target.85 In pancreatic ductal adenocarcinoma, 
high levels of CCL2 correlate with a poor prognosis and 
facilitate angiogenesis, and CCR2 inhibitors have shown 
promise in enhancing treatment outcomes.86 In breast 
cancer, CCL2 enhances cell migration and is implicated 
in triple-negative breast cancer, suggesting that targeting 
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this axis helps overcome therapy resistance.84 In lung 
cancer, CCL2 recruits myeloid-derived suppressor cells 
(MDSCs) and tumor-associated macrophages, reducing 
the effectiveness of immune checkpoint inhibitors, 
whereas its inhibition increases chemotherapy sensitivity.87 
In renal cell carcinoma, the elevated expression of CCL2 is 
linked to poor survival, promoting angiogenesis, and the 
accumulation of MDSCs.88 CCL2 also enhances bladder 
cancer cell migration and infiltration, indicating that its 
blockade may improve responses to both chemotherapy 
and immunotherapy.89 In colorectal cancer, CCL2 is 
involved in metastasis and angiogenesis, highlighting 
its potential as a prognostic marker and therapeutic 
target.9 Overall, targeting the CCL2–CCR2 axis presents 
a promising strategy for cancer treatment across multiple 
tumor types. Our findings on the C59G mutation offer 
insights into its potential role in modulating CCL2 activity 

and influencing tumor progression. Further investigation 
in cohorts of patients with cancer is needed to validate this 
mutation’s clinical relevance and potential as a therapeutic 
target.

CCL2 plays a critical role in macrophage recruitment 
and activation. Mutations that affect CCL2’s ability to bind 
to its receptor CCR2 could alter macrophage behavior, 
impacting inflammatory responses and tumor-associated 
macrophage dynamics.90 For example, mutations that 
impair CCL2 function might reduce macrophage 
infiltration into tumors, potentially affecting tumor 
growth and metastasis.5 Monocytes migrate into tissues 
by activating integrins on their surface through the 
CCL2–CCR2 axis. This activation facilitates the processes 
of rolling and adhesion, which allow monocytes to pass 
through the vascular endothelium and enter the tissues.91 
The CCL2–CCR2 axis activates monocytes, macrophages, 

Figure 8. Mutation of cysteine (C59) to glycine (G59) in the CCL2 protein led to substantial structural changes. (A) Native CCL2 structure, where the bond 
distances between C59 and the neighboring amino acids K58 and P60 were 9.6 and 6.5 Å, respectively. (B) CCL2 mutant G59 structure, where these bond 
distances increased to 11.7 Å between G59 and K58 and 7.1 Å between G59 and P60. These changes in bond distances indicate that the mutation disrupted 
the local interactions and altered the overall folding of the protein.
Abbreviation: CCL2: Chemokine C-C motif ligand 2.
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memory T lymphocytes, and natural killer cells, resulting 
in the release of pro-inflammatory cytokines such as 
IL-1, IL-6, and TNF. In addition, macrophages activated 
by CCL2  secrete tissue repair factors, including vascular 
endothelial growth factor, platelet-derived growth factor, 
and transforming growth factor.92 Functional assays 
are required to evaluate how these mutations influence 
activities such as macrophage migration and cytokine 
production. Understanding these effects could reveal new 
therapeutic opportunities for modulating macrophage 
responses in inflammatory diseases and cancer.

Using computational tools, our analysis of 83 mutations 
extracted from a public database predicted that ten of these 
mutations were likely to be deleterious and potentially 
impact the function of the CCL2 protein (Table  1). 
FATHMM analysis only identified one (C59G) mutation 
as a cancer-causing or cancer-promoting mutation, 
indicating its potential role in tumorigenesis (Table  3). 
The C59G mutation was selected for further analysis, and 
a conservation study revealed that the C and G positions 
were highly conserved, with a conservation score of 
9 (Figure 2A and B). A previous study discovered that the 
double mutants R199H/D265H and R203H/D265H as well 
as the triple mutant R199H/R203H/D265H in CXCR1 were 

unable to trigger an IL-8-dependent calcium response.93 
Identifying the specific locus of a mutated amino acid can 
provide valuable insights into how the mutation alters the 
protein’s overall structure and function.94 Many studies have 
extensively explored how the location of mutations within 
a protein structure impacts its function. By examining the 
relationship between the mutation location and its effects 
on protein structure, stability, and function, these studies 
aim to elucidate disease development and progression.95,96 
Using I-TASSER, we modeled the structures of native and 
mutant CCL2 proteins (Figures  3-5) to perform a MD 
simulation analysis. This approach allowed us to investigate 
the structural changes caused by the mutation and its 
potential impact on the protein’s function and overall 
structure. The RMSD data from the simulations revealed 
that the mutant CCL2 protein exhibited a distinct and 
significant pattern of deviation throughout the simulation 
period, differing from the behavior observed in the native 
protein (Figure 4A). The simulation results indicated that 
the mutation substantially destabilizes the CCL2 protein, 
resulting in structural changes distinct from those observed 
in the native protein, thereby impacting its stability and 
overall structure. The RMSF data supported the hypothesis 
that the mutation destabilizes the protein structure. RMSF 

Figure 9. Molecular docking results of native and mutant CCL2 with the CCR2 receptor using the HDOCK online tool. (A) The native form of CCL2 
displayed a strong binding affinity to CCR2, with the top 10 minimum docking scores ranging from −176.10 to −150.21 kcal/mol. The lowest score of 
−176.10 kcal/mol indicates the most favorable binding interaction. (B) The mutant form of CCL2 also demonstrated robust binding affinity to CCR2, with 
top docking scores between −175.86 and −153.79 kcal/mol.
Abbreviations: CCL2: Chemokine C-C motif ligand 2; CCR2: C-C motif chemokine receptor 2.
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Table 3. Cancer association prediction of CCL2 mutations using the FATHMM server

S. No. Cancer association S. No. Cancer association

Mutation Prediction Score Mutation Prediction Score

1 M1L Passenger/Other 3.83 43 S50N Passenger/Other 3.33

2 K2E Passenger/Other 3.71 44 Y51H Passenger/Other 3.02

3 K2T Passenger/Other 3.68 45 R53G Passenger/Other 3.51

4 K2R Passenger/Other 3.8 46 I54V Passenger/Other 3.44

5 V3I Passenger/Other 4.03 47 T55S Passenger/Other 3.48

6 V3G Passenger/Other 3.85 48 S56N Passenger/Other 3.41

7 S4F Passenger/Other 3.99 49 S56R Passenger/Other 3.4

8 A5V Passenger/Other 4.17 50 S57C Passenger/Other 3.36

9 A5T Passenger/Other 4.08 51 C59G Cancer −2.04

10 I13T Passenger/Other 4.13 52 K61I Passenger/Other 3.54

11 I13V Passenger/Other 4.22 53 K67R Passenger/Other 3.53

12 A14E Passenger/Other 3.9 54 K67D Passenger/Other 3.49

13 A15P Passenger/Other 3.85 55 K67T Passenger/Other 3.8

14 T16S Passenger/Other 4.08 56 T68I Passenger/Other 3.14

15 I18N Passenger/Other 4.03 57 I69V Passenger/Other 3.61

16 I18T Passenger/Other 4.1 58 A71T Passenger/Other 3.78

17 P19L Passenger/Other 4.13 59 A71V Passenger/Other 3.74

18 P19Q Passenger/Other 4.13 60 E73G Passenger/Other 3.54

19 Q20R Passenger/Other 4.07 61 I74N Passenger/Other 3.35

20 A23T Passenger/Other 3.97 62 D77E Passenger/Other 3.43

21 A23S Passenger/Other 4.06 63 D77G Passenger/Other 3.43

22 A27G Passenger/Other 3.72 64 P78S Passenger/Other 2.23

23 A27V Passenger/Other 3.71 65 P78H Passenger/Other 2.19

24 N29K Passenger/Other 3.74 66 K79E Passenger/Other 3.58

25 P31A Passenger/Other 3.63 67 K79R Passenger/Other 3.42

26 Y36C Passenger/Other 3.53 68 K81N Passenger/Other 3.44

27 N37D Passenger/Other 3.52 69 W82L Passenger/Other 2.93

28 T39I Passenger/Other 3.73 70 V83A Passenger/Other 2.91

29 T39A Passenger/Other 3.71 71 V83L Passenger/Other 2.96

30 N40D Passenger/Other 3.79 72 Q84R Passenger/Other 3.6

31 N40K Passenger/Other 3.83 73 D85Y Passenger/Other 3.45

32 R41K Passenger/Other 3.6 74 M87V Passenger/Other 3.49

33 K42I Passenger/Other 3.34 75 M87K Passenger/Other 3.3

34 S44L Passenger/Other 3.53 76 D88N Passenger/Other 3.64

35 V45M Passenger/Other 3.49 77 D88V Passenger/Other 3.56

36 V45A Passenger/Other 3.54 78 H89P Passenger/Other 3.53

37 R47K Passenger/Other 3.57 79 K92R Passenger/Other 3.66

38 L48F Passenger/Other 3.37 80 T96A Passenger/Other 3.72

39 A49E Passenger/Other 3.72 81 P97L Passenger/Other 3.87

40 A49V Passenger/Other 3.63 82 P97T Passenger/Other 3.83

41 A49T Passenger/Other 3.57 83 T99S Passenger/Other 4.1

42 A49P Passenger/Other 3.52
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analysis revealed distinct fluctuation patterns in the mutant 
protein compared to the native structure, indicating that 
the mutation significantly impacted protein stability and 
dynamics (Figure  4B). The analysis showed a substantial 
increase in residue-level variation in the mutant protein, 
suggesting that the mutation caused notable changes in the 
protein’s conformation and increased its flexibility.

Analysis of the intramolecular hydrogen bonds in the 
CCL2 protein revealed a notable decrease in the number of 
hydrogen bonds formed in the mutant protein compared to 
the native structure during the simulation. This reduction 
suggests an increase in the flexibility of the mutant 
protein and significant structural differences between the 
two forms (Figure 5A and B). To elucidate the structural 
dynamics of the native and mutant CCL2 proteins, an 
ED analysis was performed. This approach enabled the 
identification of correlated movements within both 
protein structures, providing insights into the molecular 
mechanisms underlying their functional differences. 
Examination of the sum of the eigenvalues revealed that 
the primary fluctuations were confined to the first two 
eigenvectors for both the native and mutant proteins. This 
finding suggests that these PCs capture the main motions 
within the system (Figure 5C and D).

Analysis of the Rg plot indicated that the amino 
acid substitution at position G59 had a destabilizing 
effect on the protein’s structure, which led to reduced 
protein compactness (Figure 6A and B). This finding was 
supported by SASA analysis, which revealed higher SASA 
values for the mutant protein, indicating a substantial 
structural transition (Figure  6C and D). The observed 
conformational changes strongly suggest that the amino 
acid substitution in the mutant protein significantly altered 
its overall structure. Furthermore, the mutation resulted 
in a less stable, more flexible, and less compact structure 
compared to the native protein. Our results collectively 
indicate that the mutation had a profound impact on 
protein structure and stability.

Previous studies have shown the synergistic value 
of combining in silico approaches and wet laboratory 
experiments to gain a comprehensive understanding 
of biological processes.97,98 The combination of 
computational methods and experimental techniques 
has emerged as a potent strategy for predicting and 
confirming hypotheses across various biological systems.98 
Integrating computational mutation predictions with 
MD simulation analysis has been pivotal in pinpointing 
disease-causing mutations.99 This approach has allowed 
for the identification of the most harmful mutations from 
a large pool of mutations, offering valuable insights into 
the molecular mechanisms underlying various diseases.100 

Computational methods are essential in providing 
the foundation for genetic research and enabling the 
understanding of the molecular basis of diseases.101 
Moreover, computational methods play a crucial role 
in identifying disease-causing mutations and exploring 
potential therapeutic strategies.102,103 These methods also 
aid in the clinical assessment of genetic variants, enabling 
more informed and effective treatment decisions.

5. Conclusion
This investigation into the oncogenic missense mutations 
of CCL2, particularly the C59G mutation, revealed that this 
specific mutation may impair CCL2 activity, potentially 
lower the risk of cancer, and enhance the immune response. 
Through bioinformatics and computational analyses, we 
found that the C59G mutation significantly affects the 
stability and function of CCL2, potentially hindering its 
interaction with the CCR2 receptor. This mutation, one of 
the 83 CCL2 missense mutations, is associated with disease 
causation and has implications for cancer development. 
MD simulations and structural analyses confirmed that 
these mutations induce substantial conformational changes, 
decrease stability, and alter the ED. Despite the increased 
binding affinities of mutant CCL2 to CCR2, the C59G 
mutation markedly affects the protein’s stability and function. 
This study emphasizes the importance of understanding the 
molecular characteristics of CCL2 mutations, particularly 
C59G, in influencing disease processes, such as that of 
colorectal cancer, and highlights the potential implications 
for immune responses and cancer regulation.
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