
126

                                                                                                                                                                                 Cell. Mol. Biol. (ISSN: 1165-158X)

1.	 Introduction
Cardiovascular disease (CVD) remains a global health 

challenge, claiming countless lives annually. By the year 
2030, approximately 23.6 million individuals will lose 
their lives annually due to CVD. CVDs encompass a di-
verse group of medical conditions affecting the heart and 
circulatory system and contributing to the considerable 
burden of CVD-related morbidity and mortality. CVDs are 
characterized as chronic ailments that progress gradually 
over an individual's lifetime and frequently remain asymp-
tomatic for extended periods. Typically, symptoms only 
manifest in advanced stages, and in some cases, the initial 
indication may unfortunately be sudden and severe [1].

Cholesterol metabolism is a complex process essential 
for maintaining cellular functions and overall lipid home-

ostasis, involving the synthesis, transport, and regulation 
of cholesterol within the body. Low-density lipoprotein 
(LDL) cholesterol, often referred to as "bad cholesterol," 
is primarily transported in the bloodstream by LDL parti-
cles, which are cleared by the liver through receptor-me-
diated endocytosis via the low-density lipoprotein recep-
tor (LDLR). Proprotein convertase subtilisin/kexin type 9 
(PCSK9) plays a crucial role in this regulatory mechanism 
by binding to LDLR and promoting its degradation in lys-
osomes, thereby reducing the number of LDLR available 
on the cell surface. This PCSK9-mediated degradation 
limits the liver's ability to clear LDL from circulation, re-
sulting in increased serum LDL cholesterol levels, which 
is a significant risk factor for cardiovascular diseases. Un-
derstanding the interplay between PCSK9 and LDLR is 
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vital for developing therapeutic strategies aimed at lower-
ing LDL cholesterol levels and reducing the risk of athero-
sclerosis and heart disease.

Among the intricate landscape of factors influencing 
CVD genetics is one of the major contributing factors. 
Among many genetic contributors, PCSK9 (proprotein 
convertase subtilisin/kexin-type-9), a liver-derived pro-
tein involved in the degradation of LDLR (low-density 
lipoprotein receptors) in the liver, has emerged as a key 
player [2]. The protein assumes a pivotal role in the finely 
tuned orchestration of lipoprotein metabolism, orchestrat-
ing a cascade of events that profoundly affect cholesterol 
levels within the body. Specifically, PCSK9 interacts with 
LDLR and exerts its influence by promoting the lysosomal 
degradation of PCSK9 in the liver [3, 4]. This degradation 
process, in turn, curtails the clearance of low-density li-
poprotein cholesterol (LDL-C), informally known as "bad 
cholesterol," from the bloodstream. 

The presence of cholesterol in the bloodstream is in-
fluenced to certain extent by individuals dietary choices. 
However, the dominant factor governing cholesterol lev-
els is genetics. Certain variations within the PCSK9 gene 
are associated with increased PCSK9 protein production, 
resulting in elevated cholesterol levels. Specific gain-of-
function (GOF) mutations within this gene can lead to 
exceptionally high levels of LDL cholesterol, a condition 
recognized as familial hypercholesterolemia. Conversely, 
there are other PCSK9 variants that cause only a modest 
increase in LDL cholesterol levels, elevating them slightly 
above the normal level [5].

Researches across the globe have demonstrated that 
certain variations in PCSK9 (referred to as loss-of-func-
tion (LOF) variants) are correlated with reduced choles-
terol levels [6]. These genetic variants exhibit diminished 
functionality and trigger an increase in the number of LDL 
receptors within the liver. Consequently, this heightened 
receptor activity results in a more efficient removal of LDL 
particles, including cholesterol, from the bloodstream. 
Consequently, individuals harbouring these LOF variants 
tend to maintain lower LDL cholesterol levels over their 
lifetime, which, in turn, is associated with a reduced sus-
ceptibility to CVD [7]. Investigation of these LOF variants 
can provide answers to the reduction of LDL-C levels me-
diated by these variants in relation to CVD. 

Recent findings suggest that PCSK9 not only regulates 
LDLR but also interacts with the metabolism of very-low-
density lipoproteins (VLDL) and high-density lipopro-
teins (HDL). The effects of different groups of loss-of-
function (LoF) variants in PCSK9, those with no activity 
versus those with some residual activity, can significantly 
influence these lipid pathways. LoF variants resulting in 
complete loss of PCSK9 activity can lead to a marked in-
crease in the availability of LDLR on the liver surface. 
This heightened LDLR expression not only enhances the 
clearance of LDL particles but can also affect VLDL me-
tabolism. Increased uptake of VLDL may result in lower 
circulating triglyceride levels and potentially influence 
HDL levels as well. This reduction in VLDL can shift the 
balance toward a healthier lipid profile, possibly leading 
to lower cardiovascular risk. Conversely, LoF variants 
with some residual activity may have a more nuanced im-
pact on lipid metabolism. While these variants may still 
increase LDLR levels and promote LDL clearance, their 
partial activity might not sufficiently enhance VLDL and 

HDL clearance. This scenario could lead to a moderate in-
crease in LDL cholesterol levels, with potential dysregu-
lation in VLDL and HDL metabolism. The effects could 
vary depending on the specific variant, but overall, some 
residual activity might limit the extent of beneficial lipid 
modulation observed with complete loss of function.

In the current study, a comprehensive computational 
investigation of these LOF PCSK9 variants is carried out 
to understand the structural implications of these variants. 
Various computational tools are utilized to assess the ef-
fect of these variants on the physicochemical properties of 
the protein. In addition, molecular modelling techniques 
such as protein-protein docking and molecular dynamics 
simulations are employed to gain a deeper understanding 
of the impact and dynamics of these genetic variations on 
the interactions between PCSK9 and Low-density lipopro-
tein receptor (LDLR). The insights derived from the cur-
rent work will shed light on the critical residues mediating 
the crucial interactions, thereby differentiating the behav-
iour of the wildtype and LOF variants of PCSK9. This re-
search represents a significant step towards unravelling the 
molecular intricacies of PCSK9's role in lipoprotein me-
tabolism and its potential implications for cardiovascular 
disease prevention and management.

2.	 Materials and Methods
2.1. Mining and annotation of LOF variants

The LOF variants utilized in this study were sourced 
from diverse databases such as gnomAD, HGMD, and 
ClinVar [8,9]. Additionally, an extensive literature review 
was conducted to identify supplementary variants [10]. 
Ensembl Variant Effect Predictor (VEP, release 110) was 
employed to annotate all the variants based on the Hu-
man GRCh38 assembly [11]. To ensure a single prediction 
for each variant, Ensembl canonical transcripts were se-
lected. Various variant consequences, including missense, 
frameshift, stop gain, and splice site alterations, were pre-
dicted by Ensembl. The variant frequency, as observed in 
any population (AF), was calculated from the combined 
1000 Genome Project data. Genic intolerance was evaluat-
ed using the LOEUF plugin of VEP, which scores variants 
based on the "loss-of-function observed/expected upper 
bound fraction." Additionally, information regarding the 
protein domain of the variants was extracted from InterPro 
[12].

2.2. Sequence-based pathogenicity prediction of mis-
sense variants

The wildtype PCSK9 protein sequence (Accession 
number: Q8NBP7) was obtained from the Uniprot Data-
base [13]. Mutant sequences were generated by replacing 
the wildtype amino acid with the variant amino acid. To 
assess the functional consequences of missense mutations, 
several prediction tools were employed, including SIFT 
(Sorting Intolerant from Tolerant) [14], SNAP2 (Screening 
of Nonacceptable Polymorphism 2) [15], Align-GVGD 
(Align-Grantham Variation Grantham Deviation) [16], 
MUpro, I-mutant 3.0 [17], and DDGun [18]. SIFT predicts 
the impact of non-synonymous mutations on protein func-
tion based on amino acid physicochemical properties and 
sequence homologies. SNAP2 is a neural-network-based 
method that uses trained classifiers to predict substitution 
effects on protein function. Align-GVGD combines bio-
physical amino acid characteristics and protein multiple 
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ized with sodium counter ions and energy minimized using 
the steepest descent algorithm over 50,000 steps. During 
this process, Coulombic and van der Waals interactions 
were maintained with cutoff values of 0.9 nm and 1.0 nm, 
respectively. Subsequently, the systems were equilibrated 
under NVT and NPT ensembles using the Leap-frog inte-
grator for 100 ps, while Berendsen temperature coupling 
and pressure coupling were maintained at 300 K and 1 bar, 
respectively. Long-range electrostatics were handled us-
ing Particle-Mesh Ewald (PME), and short-range electro-
statics were managed by Coulombic and van der Waals 
interactions, both with a cutoff of 1.0 nm and a time step 
of 10 fs. The LINCS algorithm was employed to preserve 
molecular geometry. Following proper equilibration, the 
systems underwent 100 ns of MD simulations at 300 K, 
sampling conformations at 2 ps intervals. 

2.6. Binding Free Energy and Trajectory Analysis
The binding free energies of the protein-protein com-

plexes were calculated using the Molecular Mechanics/
Generalized Born Surface Area (MM/GBSA) method. 
This approach combines molecular mechanics energies 
with an empirical solvation model to estimate the free en-
ergy of binding, providing insights into the stability and 
interactions of the complexes. The MM/GBSA calcula-
tions were performed using the software package available 
in conjunction with our molecular dynamics simulations, 
allowing for a comprehensive assessment of binding af-
finities. This method is particularly effective for evaluating 
the contributions of different energy components, such as 
van der Waals, electrostatic, and solvation energies, to the 
overall binding process.

The resulting trajectories of wildtype and mutant were 
taken for further analysis using the in-built functions in 
GROMACS, which include gmx_rmsd, gmx_rmsf, gmx_
sas, gmx_rg, g_sham, g_anaeig and g_covar. 

2.7. Statistical Analysis
To quantitatively assess the significance of observed 

differences between the wild-type and mutant PCSK9-LD-
LR complexes, comprehensive statistical analyses were 
performed on the data extracted from the molecular dy-
namics trajectories and binding free energy calculations.

For parameters derived from the MD simulations—
including Root Mean Square Deviation (RMSD), Root 
Mean Square Fluctuation (RMSF), Radius of Gyration 
(Rg), and Solvent Accessible Surface Area (SASA)—the 
trajectories from the stable simulation period (50-100 ns) 
were used. The time-series data for each system were 
treated as independent observations. The normality of the 
data distribution for each parameter was verified using the 
Shapiro-Wilk test. Since the data for each system were 
collected from a single, long simulation, we employed a 
sampling-based approach by dividing the stable trajectory 
into multiple independent blocks to ensure statistically ro-
bust comparisons.

An independent samples t-test was used for pairwise 
comparisons between the wild-type and each mutant com-
plex. For global comparisons across all systems (wild-type 
and the three mutants), a one-way Analysis of Variance 
(ANOVA) was conducted, followed by a post-hoc Tukey's 
test to identify which specific pairs were significantly 
different. The binding free energies calculated using the 
MM/GBSA method for the top-ranked docking poses were 

sequence alignments to categorize missense substitutions 
as enriched deleterious or enriched neutral. The predic-
tion classes form a spectrum (C0, C15, C25, C35, C45, 
C55, C65) with C0 to be least likely and C65 to be most 
likely. MUpro employs support vector machine (SVM) 
and neural network methods to predict energy changes 
(ΔΔG) upon mutation. Similarly, I-Mutant 3.0, utilizing 
SVM, predicts protein stability changes based on free en-
ergy changes from single point mutations using sequence 
and structural data. DDGun employs a non-trained method 
to predict ∆∆G for single-site and multiple-site variations. 
DUET integrates smCSM and SDM through a consensus 
prediction approach using SVM, incorporating 3D struc-
tural information for Gibbs free energy prediction [19]. 
Additionally, DeepREx-WS utilizes deep learning tech-
niques to classify residues in the sequence as buried or 
exposed [20].

2.3. Wildtype and mutant protein structure prediction
The wildtype protein structure was modelled using 

Modeller 10.4, employing multi-template modelling to 
encompass the entire protein sequence [21]. Additionally, 
loop refinement was performed. The resulting structure 
was validated using the SAVES server, utilizing the ER-
RAT and PROCHECK utilities for validation [22, 23]. 
The ProSA program (Protein Structure Analysis), which 
provides quality scores for a protein based on known 
structures from X-ray analysis, NMR spectroscopy, and 
theoretical calculations, was also employed for structural 
validation [24]. Mutant protein structures were generated 
using the mutagenesis utility in PyMol. Subsequently, all 
structures underwent energy minimization using SPDBV 
4.10 with the GROMOS96 force-field [25]. 

2.4 Protein-protein docking of PCSK9 and LDLR
The binding site of PCSK9 has been localized to the 

epidermal growth factor-like repeat A (EGF-A) domain of 
the Low-density lipoprotein receptor (LDLR). The three-
dimensional structure of the EGF-A domain of LDLR was 
obtained from the Protein Data Bank (PDBID: 3BPS) [26]. 
To investigate the impact of mutations on protein-protein 
interactions (PPI), both wildtype and mutant PCSK9 
structures were docked with the LDLR protein using the 
HawkDock server [27]. The docking process aimed to 
comprehend alterations in the protein-protein interac-
tions resulting from mutations. The binding sites of the 
proteins, derived from the 3BPS structure, were utilized 
in the docking experiments. HawkDock employed the AT-
TRACT docking algorithm, HawkRank scoring function, 
and MM/GBSA free energy decomposition to evaluate the 
docked complexes. The protein-protein interactions were 
further analyzed and assessed using the PDBsum server 
[28].

2.5. Molecular dynamics and simulation analysis
The structural stability and flexibility of both wildtype 

and mutant protein-protein complexes were evaluated 
through molecular dynamics and simulation (MDS) analy-
sis. Molecular dynamics simulations were conducted using 
the GROMACS 2020.6 simulation package, employing 
the Gromos53a6 force field [29]. The modelled wildtype 
(WT) and mutant forms of PCSK9 were placed at the cen-
tre of a cubic box and solvated with the SPC (single point 
charge) water model. The solvated systems were neutral-
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compared using a similar t-test approach.
All statistical tests were performed using GraphPad 

Prism software (version 9.0). Data throughout the manu-
script are presented as the mean ± standard deviation (SD). 
A p-value of less than 0.05 was considered statistically 
significant, with the following conventions: *p < 0.05, **p 
< 0.01, ***p < 0.001, and ****p < 0.0001.

3.	 Results 
3.1. Variant Retrieval and Initial Annotation

Genetic variants associated with reduced serum low-
density lipoprotein cholesterol (LDL-C) levels have been 
established as protective against coronary heart disease 
(CHD). Notably, protection is conferred by rare loss-of-
function (LoF) and protein-truncating variants within 
canonical lipid-metabolism genes, including APOB and 
PCSK9. Through an extensive literature survey, 89 LoF 
variants of PCSK9 were identified, with 86 of them docu-
mented in dbSNP (Table S6). These variants comprised 
31 frameshift, 18 stop_gained, 10 splice donors, 5 splice 
acceptors, 24 missense variants, and 1 in-frame deletion. 
The variant classes encompassed 59 substitutions, 21 de-
letions, 7 duplications, and 2 insertions. Comprehensive 
analysis revealed a higher predisposition of LoF variants 
to frameshift mutations leading to amino acid substitu-
tions. Upon examining the variant locations within protein 
domains, they were found in domains such as non_cyto-
plasmic_domain, Peptidase S8 propeptide/proteinase in-
hibitor I9 domain, Proprotein convertase subtilisin/kexin 
type 9, C-terminal domains 1, 2, and 3, Proteinase K-like 
catalytic domain, Peptidases_S8_PCSK9_ProteinaseK_
like domain, Peptidase S8/S53 domain, and Subtilase fam-
ily. Notably, the Peptidase S8/S53 domain contained the 
highest number of variants, approximately 21 in total (S. 
Table 1).

3.2. Functional analysis of missense variants
The functional impact of 24 missense variants in 

PCSK9 was assessed through sequence analysis using 
tools like SIFT, SNAP2, and Align-GVGD (Table 1). SIFT, 
which predicts adverse effects upon amino acid substitu-
tion through sequence homology, identified 12 variants as 
tolerated and 12 as not tolerated. SNAP2 indicated that 
13 variants caused changes in molecular function, while 
11 had a neutral effect. Align-GVGD graded variants with 
discrete C-scores based on biochemical variation among 
amino acids measured by Grantham Deviation (GD). Ap-
proximately 14 variants were classified as C65, 5 as C55, 1 
as C35, 3 as C25, and 5 as C15, all indicating biochemical 
variations in the protein. Among these, the 14 variants with 
C65 were most likely to interfere with protein function. 
Comparing the analysis tools, 8 variants were predicted by 
both SIFT and Align-GVGD to impact the protein's prima-
ry function. Notably, variants rs146471967, rs757143429, 
rs148195424, and rs1553137543 were predicted to alter 
the protein by all tools. The consistent findings across 
these tools suggest that evolutionarily conserved regions 
are less tolerant of mutations, indicating that mutations in 
these regions are more likely to affect protein function.

3.3. Thermal stability analysis
Certain missense mutations can influence the thermal 

stability, unfolding, and aggregation of proteins under 
physiological conditions. Therefore, we examined the 
thermal stability of 24 missense variants using I-mutant 
3.0, MUPro, DDGun, and DUET (Table 2). These tools 
calculated the change in Gibbs free energy resulting from 
the difference between the unfolding Gibbs free energy 
of the mutated protein and the unfolding free energy of 
the native protein (in kcal/mol). According to the predic-
tions, I-mutant 3.0 identified 12 neutral variants, 7 vari-
ants with a significant decrease in free energy, and 5 vari-
ants with a notable increase in free energy. DDGun, which 
also employs ΔΔG values to assess the functional impact 
of variants, predicted 8 neutral variants, 4 variants with 
increased free energy, and 12 variants with decreased free 

Variant Substitutions SIFT SNAP2 Align-GVGD
rs11591147 R46L Tolerated Effect Class C65
rs151193009 R93C Tolerated Effect Class C65
rs369067856 R104C Not Tolerated Neutral Class C65

G106R Not Tolerated Neutral Class C65
rs775988212 V114A Tolerated Effect Class C55
rs143117125 N157K Tolerated Neutral Class C65
rs778617372 Q219E Tolerated Effect Class C25

A239D* Tolerated Neutral Class C65
rs149489325 G236S Tolerated Effect Class C55
rs146471967 H391N Not Tolerated Effect Class C65
 rs28362263 A443T Tolerated Effect Class C55
rs746115963 S462P Not Tolerated Neutral Class C25

Q554E* Not Tolerated Neutral Class C25
rs755750316 P616L Not Tolerated Neutral Class C65
rs762298323 S668R Not Tolerated Neutral Class C65
rs145886902 E57K Tolerated Neutral Class C55
rs757143429 R434W Not Tolerated Effect Class C65
rs533273863 P174S Tolerated Neutral Class C65
rs747072726 R105Q Not Tolerated Neutral Class C35
rs72646508 L253F Tolerated Effect Class C15
rs766999045 R96L Tolerated Effect Class C65
rs148195424 R237W Not Tolerated Effect Class C65
rs1553137543 N354I Not Tolerated Effect Class C65
rs777300852 A522T Not Tolerated Effect Class C55

Table 1. Functional impact as predicted.
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energy. DUET, utilizing predictions from two comple-
mentary methods, mCSM and SDM, pinpointed 18 desta-
bilizing variants (ΔΔG <-2 kcal/mol) and 6 stabilizing 
variants. The comparative analysis of the predictions from 
these in-silico tools indicated rs369067856, rs146471967, 
rs757143429, and rs1553137543 to have a significant im-
pact on the molecular function by altering the thermal sta-
bility of the protein.

3.3. Wildtype and mutant solvent interaction
Comprehending the exposure of a residue within a 

folded protein's structure is vital for delineating the pro-
tein folding core and pinpointing residues that interact 
with solvents and other molecules in both natural and ar-
tificial settings. DeepREx-WS, besides assessing solvent 
exposure, computed several parameters like conservation, 
hydrophobicity, and flexibility (Table 3). Out of the 24 
variants scrutinized, 9 variants displayed no change in con-
servation (Conservative Index (CI = 0), while 15 variants 
were moderately conserved (0 < CI < 1). Although there 
were slight differences in CI among these 15 variants, the 
CI remained consistent in the 9 variants when compared to 
the wildtype. The hydrophobicity profile of wildtype resi-
dues indicated 17 hydrophilic and 7 hydrophobic residues. 
Five variants (rs11591147, rs369067856, rs757143429, 
rs766999045, and rs1553137543) transitioned from hy-
drophilic to hydrophobic nature. The G106R variant, not 
documented in dbSNP, exhibited increased hydrophilicity, 
whereas rs533273863 displayed decreased hydrophilicity. 
Furthermore, rs755750316 demonstrated heightened hy-
drophobicity, while rs777300852 showed diminished hy-
drophobicity. In three variants (rs11591147, rs746115963, 
and rs757143429), solvent-exposed residues became bur-
ied, whereas buried residues of rs778617372, A239D (not 
reported in dbSNP), and rs28362263 became exposed. A 
comparison of flexibility between wildtype and mutant 
residues identified 5 variants with reduced flexibility and 

2 variants with increased flexibility. The comprehensive 
analysis revealed that the variants modified their solvent 
accessibility and flexibility, thereby impacting the pro-
tein's structure and function.

3.4. Protein-Protein interaction
Based on the outcomes obtained from prediction tools 

and existing literature, three specific PCSK9 variants 
were selected for investigation concerning their impact 
on binding with the EGF-A domain of LDLR. These vari-
ants included two single mutants, N354I (rs1553137543) 
and H391N (rs146471967), as well as one double mutant, 
R104C-V114A (rs369067856 and rs775988212).

The structural validation of the modelled wildtype pro-
tein is detailed in the table (Table 4). Mutant protein struc-
tures were predicted by altering the corresponding amino 
acid residues in the wildtype PCSK9 protein structure 
(Fig. 1). Protein-protein docking experiments between the 
wildtype, single mutants, and double mutants of PCSK9 
with LDLR protein were conducted using the HawkDock 
server. Ten models were generated for the wildtype and 
mutant PCSK9 protein complexes with LDLR, which 
were then re-ranked using MM-GBSA based on binding 
free energies. The best-scoring model was analysed to 
gain insight into the contributing energies and key resi-
dues. Additionally, per-residue free energy contributions 
were studied.

Comparative analysis of the MM-GBSA contributing 
energies revealed that van der Waals energy was the most 
significant, followed by electrostatic and solvation energy. 
Overall energy comparison indicated that the double mu-
tant (R104C-V114A) exhibited higher values in all energy 
terms compared to wildtype and mutant protein complex-
es. Two key residues, PHE210 and GLN250, were found 
to be crucial in all mutant complexes. Some key residues 
identified in the mutants were shared between one of the 
other mutant protein complexes (Tables 5 & 6).

Variant Substitutions SIFT SNAP2 Align-GVGD
rs11591147 R46L Tolerated Effect Class C65
rs151193009 R93C Tolerated Effect Class C65
rs369067856 R104C Not Tolerated Neutral Class C65

G106R Not Tolerated Neutral Class C65
rs775988212 V114A Tolerated Effect Class C55
rs143117125 N157K Tolerated Neutral Class C65
rs778617372 Q219E Tolerated Effect Class C25

A239D* Tolerated Neutral Class C65
rs149489325 G236S Tolerated Effect Class C55
rs146471967 H391N Not Tolerated Effect Class C65
 rs28362263 A443T Tolerated Effect Class C55
rs746115963 S462P Not Tolerated Neutral Class C25

Q554E* Not Tolerated Neutral Class C25
rs755750316 P616L Not Tolerated Neutral Class C65
rs762298323 S668R Not Tolerated Neutral Class C65
rs145886902 E57K Tolerated Neutral Class C55
rs757143429 R434W Not Tolerated Effect Class C65
rs533273863 P174S Tolerated Neutral Class C65
rs747072726 R105Q Not Tolerated Neutral Class C35
rs72646508 L253F Tolerated Effect Class C15
rs766999045 R96L Tolerated Effect Class C65
rs148195424 R237W Not Tolerated Effect Class C65
rs1553137543 N354I Not Tolerated Effect Class C65
rs777300852 A522T Not Tolerated Effect Class C55

Table 2. Thermal stability analysis of the variants.

*Not reported in dbSNP; High impact variants are highlighted based on the tool results. 
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Upon analysing the protein-protein complexes (Fig. 
2), it was observed that the number of hydrogen bond-
ing interactions decreased in the mutants compared to 
the wildtype. However, an increase in non-bonding in-
teractions was observed in all mutants. Salt bridges were 
only present in the mutant structures. Examination of 
the conservation of interacting residues revealed that the 
single mutants shared the same non-bonding interacting 
residues. Hydrogen bonding analysis showed that SER165 
of PCSK9 wildtype formed a hydrogen bond with ASN9 
of LDLR, whereas SER165 of PCSK9 single mutants 
formed a hydrogen bond with ARG38 of LDLR. Similar-
ly, ASP368 of PCSK9 wildtype was involved in hydrogen 
bonding interactions with ASN9 and ASN10 of LDLR, 
while ASP368 of PCSK9 single mutants participated in 
hydrogen bonding with ARG38 of LDLR. SER312 and 
SER313 of wildtype PCSK9 formed non-bonded interac-
tions with ASN9 of LDLR, while SER312 and SER313 of 
all mutants were engaged in non-bonded interactions with 
ARG38 of LDLR. Although the double mutant preferred 
the same binding cavity, it did not exhibit conservation 
in the interacting residues involved in hydrogen bonding. 
Both single mutants formed salt bridges between ASP368 
of PCSK9 and ARG38 of LDLR, while the double mutant 
formed a salt bridge with ASP367 of PCSK9 and ARG39 
of LDLR (S. Tables 2-5).

3.5. Molecular dynamics and simulation analysis
Molecular dynamics simulations are considered a re-

liable method for probing the conformational stability of 
wildtype and mutant complexes. In this regard, an appro-
priate complex with the lowest binding energy of wild type 
and mutant was chosen as the input files for MD computa-
tion to analyse the conformational stability and compre-
hend the structural aspects of the complex. MDS involves 

Fig. 1. Cartoon representation of PCSK9 protein. The single mutants 
N354I, H391N and double mutant R104C-V114A are shown in ball 
and stick. 

Fig. 2. Protein-protein docked complex of PCSK9 and LDLR protein. 
(a) wild type (b) N354I (c) H391N and (d) double mutant (R104C 
- V114A). The protein-protein docked complex is represented in sur-
face representation. The PCSK9 protein is coloured in wheat, brick 
red, green and dark blue for the wildtype, N354I, H391N and double 
mutant, respectively. The light blue surface represents LDLR protein. 

Variant Score VDW* ELE** GB& SA&&
Binding Energy

(kcal/mol)
Wildtype -43.68  -82.23  -23.23  94.24  -10.59  -21.81
N354I -42.05  -76.22  -72.50  136.13  -10.40  -22.98
H391N -48.39  -76.37  -74.41  142.59  -10.56  -18.74
R104C - V114A -26.88  -97.96  -232.35  307.43  -12.23  -35.12

*van der Waals interaction energy, **Electrostatic energy, &Polar solvation energy, &&Solvation energy. 

Table 5. MM-GBSA energy contribution.

Rank
Wildtype N354I H391N R104C - V114A

Chain A* Chain B+ Chain A* Chain B+ Chain A* Chain B+ Chain A* Chain B+

1 GLN-322 ARG-38 ARG-235 PHE-32 PHE-4 THR-3 PHE-162 PRO-29
2 VAL-320 GLY-12 LEU-288 PRO-29 HIE-166 PRO-29 LEU-294 VAL-16

3 SER-165 ASN-9 PHE-156 SER-14 PHE-156 LEU-7 GLN-328 LEU-7

4 ASP-314 ARG-39 GLN-196 ASN-9 TYR-233 PHE-32 SER-329 ASN-9

5 PHE-156 SER-14 TYR-233 ASN-10 SER-165 LEU-20 ARG-12 SER-14

6 SER-321 THR-3 ARG-297 VAL-16 LEU-264 GLY-2 VAL-326 ASN-10

7 SER-323 TYR-24 TRP-12 GLN-33 AL8 ASN-4 GLY-295 ARG-39

8 ILE-309 AL36 LEU-264 LEU-7 HIE-5 ILE-22 SER-327 PHE-32

9 HIE-166 GLN-37 HIE-5 ARG-39 GLN-196 VAL-16 HIE-11 ASN-18
10 GLN-196 CYS-13 MET-410 HIE-15 PHE-90 GLN-37 ILE-315 LEU-20

Table 6. Key residues identified by MM-GBSA method.

*PCSK9, +LDLR
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performing intense force field calculations for each atom 
in a molecular system, followed by incorporation phases 
that advance the atoms' locations and nature. Several cal-
culations were used to examine wildtype and mutant struc-
tural alterations through RMSD, RMSF, Rg, SASA, PCA 
and FEL computations. The xmgrace module was used to 
generate graphs from the trajectories of all the systems. 

3.6. Root Mean Square Deviation
The deviations in a molecule's backbone, from its initial 

structural conformation to its final position, are estimated 
during simulation with the GROMACS command-line in-
terface gmx_rms. The deviations of the interactions were 
evaluated using 100 ns simulated trajectories. The diver-
gence observed during simulation measures the structural 
stability of the wild type (WT) and mutants (protein-pro-
tein complexes). A plot displaying RMSD (nm) vs. time 
(ns) for the WT and mutant protein-protein complexes is 
shown in Fig. 3a. Here, the average RMSD of WT, single 
mutants N354I and H391N and double mutants are 0.33 
nm (WT), 0.56 nm, 0.53 nm and 0.52 nm, respectively. 
The RMSD plot showed that the deviations in the wildtype 
protein complex were lower compared to the mutant com-
plexes. The N354I mutation exhibited the highest de-
viation, followed by the H391N mutation and the double 
mutant. Substitution of amino acid residues in the mutant 
systems can induce perturbations and conformational re-
arrangements, leading to elevated RMSD values in the 
mutant complexes. Since the average RMSD value of WT 
is less than 2Å, it can be deemed to be stable, validating 
the structure's equilibration protocol. To further character-
ize and validate the structure, in-depth investigations were 
carried out as detailed in the subsequent section. 

3.7. Root Mean Square Fluctuation 
To gain more insight into the stability and dynamics 

of residues in the wildtype and mutant complexes, resi-
due-based root mean square fluctuation (RMSF) was as-
sessed. The RMSF function was used to evaluate the con-
formational changes of the structural residues. Analysis 
of RMSF plots revealed flexible regions of the residues 
involved in the WT and mutants over the time scale of MD 
trajectories. Generally, a more considerable RMSF value 
indicated loosely organized loops (higher fluctuations) or 
terminal ends, while a lower value suggested well-struc-
tured areas. Fig. 3b. displays the RMSF plot of wild type 
and mutants. The RMSF plot revealed higher fluctuations 
in the mutant protein complexes compared to the wildtype. 
Specifically, N354I exhibited higher residual fluctuations 
than the wildtype (Table 7). On closer observation, the 
higher residual fluctuations were exhibited by the residues 
located in the loop regions. 

3.8. Radius of Gyration 
The Rg is a criterion used to quantify the structural ri-

gidity of complex biological systems concerning their ge-
ometry and topology. To conclude whether the wild type 
and mutants were steadily folded or unfolded during MD 
simulation and to arrange structural convergence, the ra-
dius of gyration was computed against time. Fig. 4a shows 
the Rg curves as a function of time in WT and mutant 
complexes. The Rg plot showed stable values for the WT 
until 90 ns, after which a decrease was observed. In the 
case of N354I mutation, the Rg plot showed an increased 
value after 72ns, reaching approximately 2.81nm by the 
end of the simulation. The Rg value of H391N and double 
mutant fluctuated primarily and increased after 36ns. Fi-
nally, a minimal Rg value of wildtype shows that the com-
plex remained compact throughout the simulation time. 
The increased Rg value observed in the mutant complexes 
suggests that the substitutions of residues have reduced the 
compactness of the PCSK9 protein, likely due to altera-
tions in the protein's structure and folding.

3.9. Solvent Accessible Surface Area 
Solvent Accessible Surface Area (SASA) analysis was 

utilized to measure the exposure of amino acid residues 
to the surrounding environment. An elevated SASA value 
indicates a more dispersed protein structure, while a de-
creased SASA value suggests a more compact structure. 
The SASA values of the WT and mutant protein com-
plexes were examined to anticipate the influence of amino 
acid substitutions on protein structure. A plot showing the 
SASA value is shown in Fig. 4b. The increased SASA 
values in the N354I and double mutant complexes sug-
gest a greater solvent-accessible area, indicating a larger 
exposed surface. Conversely, the lower SASA value for 
H391N implies reduced accessibility to the solvent during 
the 100 ns simulation. However, towards the end of the 

Sl. No. Average Value Wild Type N354I H391N R104C - V114A
1 RMSD* 0.33 0.56 0.53 0.52
2 RMSF* 0.17 0.24 0.20 0.21
3 Rg* 2.07 2.81 2.81 2.8
4 SASA** 295.73 304.44 292.39 304.21

Units *nm, +nm**

Table 7.  Average values were computed for Rg, RMSF, and RMSD of wildtype and mutants. 

Fig. 3. Plots illustrating (a) the RMSD (b) RMSF of PCSK9-LDLR 
docked wild type and mutant complex. Black – Wild type, Red – 
N354I, green – H391N and blue double mutant (R104C - V114A).

Fig. 4. Plots illustrating (a) the Rg (b) SASA of PCSK9-LDLR docked 
wild type and mutant complex. Black – Wild type, Red – N354I, green 
– H391N and blue double mutant (R104C - V114A).
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simulation period, the WT and H391N mutant complex 
exhibited comparable behaviour. 

3.10. Principal Component Analysis 
Although the degree of freedom of the receptor is con-

siderable, most of its motion is concentrated on a mini-
mal number of degrees of freedom, in which the motion is 
closely related to the protein's function. Principal compo-
nent analysis (PCA) can separate the subspace of receptor, 
making it possible to understand the functional movement 
patterns of proteins more clearly. Based on the MD trajec-
tories of all the complexes, the covariance matrix is con-
structed for Cα atom, and the covariance matrix is then di-
agonalized into eigenvalues and corresponding eigenvec-
tors. The simulated trajectory is projected onto the basis 
vectors, and the two projection coordinates with the most 
significant deviation are stacked to visually see the am-
plitude of functional motion. The comparison of the first 
two principal components of the WT with the mutant pro-
tein complexes indicated that conformational states of the 
mutant protein complexes were significantly changed. As 
shown in Fig. 5, the PC2 versus PC1 plots for all protein 
complex systems clearly indicate that the mutant protein 
complex conformers visit a large conformational space 
when compared to WT. This indicates that mutations in 
these proteins have caused conformational changes. How-
ever, the presence of overlap in the conformational space 
indicates that the protein does revisit the same state during 
the simulation, even though it undergoes conformational 
changes.  

The mutations lead to a general enhancement of collec-
tive motions in specific proteins, effectively amplifying the 
Cα movements within the protein structure. Consequently, 
these mutations augment the overall flexibility of the pro-
teins. This implies that the mutations induce alterations in 
the dynamics of the mutated proteins, potentially contrib-
uting to their proper functionality. Moreover, the fluctua-
tions observed in each protein can be considered essential 
for maintaining stability throughout molecular dynamics 
simulations over time. The Principal Component Analysis 
(PCA) results align with findings from RMSD, RMSF, Rg, 
and SASA analyses.

3.11. Dynamical cross‑correlated map (DCCM) analy-
sis

To further explore the impact of mutations on confor-
mational dynamics, Differential Cross-Correlation Map-
ping (DCCM) analysis was employed to assess Cα atom 
fluctuations during the 100-ns simulation. This analysis 
allowed for the examination of correlated motions among 
different regions of each protein complex. The cross-cor-
relation values were normalized and ranged from -1.0 to 
+1.0 (from dark blue to green to red) as depicted in Fig. 6. 
Positive correlations (red regions) indicated residues mov-
ing in the same direction, while negative correlations (blue 
regions) signified residues moving in opposite directions. 
The intensity of the colour reflected the strength of the cor-
relation, with deeper shades indicating stronger positive or 
negative correlation. Regions in green, ranging from -0.25 
to 0.25, were considered to have low correlation. Diago-
nal points represented Cα atoms of the same residue along 
both axes, with diagonal elements indicating maximum 
correlation.

The cross-correlation matrix of  Cα displacement re-
vealed intricate patterns of correlated and anti-correlated 
motions in both the wild-type and all mutant protein com-
plexes. Notably, in all mutant protein complexes, there 
was an increase in correlated motions and a decrease in 
anti-correlated motions compared to the WT. The mutated 
proteins exhibited deeper shades of red, indicating regions 
with higher correlation, suggesting predominantly global 
motions in these protein complexes. In most mutant pro-
tein complexes, nearly all residues demonstrated concert-
ed motions, moving in a correlated fashion. The principal 
components and dynamic cross-correlation maps further 
highlighted that the mutations alter the major motions of 
the proteins, potentially enhancing their dynamic behav-
iour. These findings underscore the substantial impact of 
the mutations on the conformational flexibility of proteins.

3.12. Free-energy calculations
Conformational transitions and structural changes in 

protein-protein complexes were investigated through Free 

Fig. 5. Principal component analysis of the wild type and mutant 
protein complexes. The plots show the projection of PC2 vs PC1 of 
(a) wild type (b) N354I (c) H391N and (d) double mutant (R104C - 
V114A), respectively.

Fig. 6. Comparison of cross-correlation matrices of wild type and 
mutant protein complexes. Cross correlation matrix of Cα atoms dur-
ing 100 ns simulation for (a) wild type (b) N354I (c) H391N and (d) 
double mutant (R104C - V114A), respectively. The range of motion 
is denoted by different colours in the panel. Red colour indicates posi-
tive correlation and blue colour indicates anti-correlation motions.



135

PCSK9 mutations: structure to heart risk.       Cell. Mol. Biol. 2025, 71(12): 126-138

Energy Landscape (FEL) analysis using a comprehensive 
conformational sampling procedure. The top two principal 
components, PC1 and PC2, were identified as significant 
contributors and were utilized to construct FEL contour 
plots, enabling the monitoring and comprehension of the 
native and metastable states within each system.

In general, Gibbs free energy-based contour plots with 
single and multiple conformation clusters indicate smaller 
and larger conformational changes, respectively. Fig. 7 
presents the FEL values for the WT and mutant protein 
complexes, respectively, with deeper colours indicating 
lower energy levels. For both the WT and double mutant 
protein complexes, only two main free energy wells/basins 
were observed in the global free energy minimum region. 
Conversely, single mutants N354I and H391N protein 
complexes exhibited three and one main free energy wells 
in the global free energy minimum region, respectively.

A comprehensive comparison of the FEL values be-
tween WT and mutant protein complexes revealed that 
mutant systems spanned larger ranges of PC1 and PC2, 
displaying a more rugged free energy surface than the WT 
protein complex. Notably, the FEL plots of N354I and 
double mutants showcased a greater number of local free-
energy minima, while H391N exhibited a decrease in local 
free-energy minima, indicating conformational rearrange-
ments induced by the mutations.

In this study, we identified 89 loss-of-function (LoF) 
variants in the PCSK9 gene that are associated with re-
duced serum LDL cholesterol (LDL-C) levels, providing 
significant insights into their protective role against coro-
nary heart disease (CHD). Our findings align with existing 
literature that supports the hypothesis that such variants in 
lipid-metabolism genes confer cardiovascular protection. 
For instance, prior studies have documented similar LoF 
mutations in PCSK9 and their correlation with decreased 
LDL-C levels and reduced risk of CHD, reinforcing the 
clinical relevance of our work.

Our comprehensive analysis of variant classes and their 
locations within critical protein domains, particularly the 
Peptidase S8/S53 domain, offers a more nuanced under-
standing of how these mutations disrupt PCSK9's func-
tion. Experimental data, such as structural studies and bio-
chemical assays, have previously highlighted the impor-
tance of these domains in mediating interactions with LDL 
receptors. By situating our findings within this context, we 
enhance the current knowledge base and provide a foun-

dation for future research aimed at elucidating the precise 
mechanisms by which these variants influence lipid me-
tabolism. Moreover, our functional analyses, employing 
tools like SIFT and DDGun, identified specific missense 
variants that significantly impact thermal stability and 
solvent accessibility. These computational predictions are 
supported by experimental observations in other studies, 
suggesting that alterations in thermal stability can lead 
to functional consequences for protein interactions. Our 
molecular dynamics simulations further demonstrate that 
these variants increase the flexibility of the PCSK9 pro-
tein, corroborating findings from similar studies that have 
linked enhanced protein dynamics to altered functional 
outcomes. Overall, our work not only confirms previous 
associations between LoF variants in PCSK9 and cardio-
vascular health but also provides novel insights into the 
structural and dynamic consequences of these mutations. 
This integrated approach, combining computational analy-
ses with established experimental data, informs ongoing 
discussions about the genetic factors influencing lipid me-
tabolism and their implications for therapeutic interven-
tions. Future research, particularly functional validation of 
these variants, will be crucial in translating these findings 
into clinical applications and understanding the broader 
implications for genetic counselling and patient manage-
ment.

This study successfully addresses the objective of in-
vestigating how loss-of-function (LOF) variants in PCSK9 
contribute to the reduction of LDL cholesterol (LDL-C) 
levels and their potential relationship with cardiovascular 
disease (CVD). By identifying 89 LOF variants and con-
ducting extensive functional analyses, we established that 
these variants are predominantly located in critical protein 
domains, including the Peptidase S8/S53 domain, which is 
essential for PCSK9's interaction with LDL receptors. Our 
findings indicate that many of these LOF variants signifi-
cantly alter thermal stability, solvent accessibility, and pro-
tein-protein interactions, which collectively enhance the 
likelihood of lower LDL-C levels in carriers. Furthermore, 
molecular dynamics simulations revealed that these vari-
ants lead to increased flexibility and alterations in struc-
tural dynamics, providing a mechanistic understanding of 
how they might confer protection against CVD. Overall, 
the results highlight the pivotal role of these genetic vari-
ants in modulating cholesterol metabolism, thereby link-
ing them to reduced LDL-C levels and a potentially lower 
risk of coronary heart disease.

The possible future research avenues that may stem 
from our study on genetic variants in PCSK9 and their re-
lationship with LDL-C levels and coronary heart disease. 
Here are the key proposed directions: (i) Functional Vali-
dation of Variants, (ii) Exploration of Additional Genetic 
Variants, (iii) Functional Impact on Protein-Protein Inter-
actions, (iv) Pathway Analysis and Network Biology, (v) 
Therapeutic Implications, and (vi) Clinical Implications 
and Genetic Counselling, etc. We believe that these out-
lined directions will provide significant insights and prac-
tical applications stemming from our findings. 

In light of the limitations we encountered regarding 
ACMG-based analyses, it is essential to highlight the ra-
tionale behind our current approach to assessing the clini-
cal effects of loss-of-function (LOF) variants. While we 
acknowledge that comprehensive ACMG evaluations 
would provide a deeper understanding of the clinical impli-

Fig. 7. 3D and 2D Free energy contour map constructed based on PC1 
and PC2 for (a) wild type (b) N354I (c) H391N and (d) double mutant 
(R104C - V114A), respectively. Deeper colour area in the maps indi-
cates lower energy. The colour bar represents the relative free-energy 
value in kcal mol-1.



136

PCSK9 mutations: structure to heart risk.       Cell. Mol. Biol. 2025, 71(12): 126-138

cations, our focus has instead been on leveraging available 
computational analyses and correlating these findings with 
clinically reported phenotypes. This strategy allows us to 
draw preliminary connections between the identified vari-
ants and their potential impact on patient health, even in 
the absence of extensive clinical data. By discussing these 
computational results and their relevance to existing litera-
ture on phenotypic outcomes, we aim to provide a mean-
ingful context for our findings and lay the groundwork for 
future investigations that may include more detailed clini-
cal assessments. This approach not only addresses the cur-
rent feasibility constraints but also underscores the impor-
tance of integrating computational insights with clinical 
observations in the ongoing exploration of genetic variant 
effects.

4.	 Discussion
Our computational analysis provides a mechanistic 

framework for understanding how loss-of-function (LOF) 
variants in PCSK9 can translate into cardiovascular ben-
efits. The hepatic secretory protein PCSK9 binds to the 
low-density lipoprotein receptor (LDLR) and escorts it 
to lysosomal degradation. By lowering LDLR abundance 
on hepatocytes, PCSK9 reduces LDL clearance and raises 
circulating LDL-cholesterol (LDL-C). The genetic discov-
ery that PCSK9 mutations cause autosomal-dominant hy-
percholesterolemia established the centrality of the path-
way to lipoprotein metabolism. Subsequent biochemical 
studies and reviews have consolidated PCSK9’s role as a 
gatekeeper of LDLR turnover [30, 31]. Our docking and 
molecular dynamics (MD) results support this. We ob-
served reduced binding energies, altered contact residues, 
preservation of the cavity but remodeling of interactions, 
and increased flexibility/solvent exposure. These findings 
are consistent with known features of the PCSK9–LDLR 
interface. PCSK9 interacts with the EGF-A module within 
the LDLR EGF homology domain. Crystal and biochemi-
cal data show that specific polar and hydrophobic contacts 
at this surface form a productive complex. In this structural 
context, LOF substitutions that destabilize local packing, 
disrupt hydrogen-bond networks, or increase loop mobil-
ity are expected to weaken affinity. This can occur without 
relocating the binding site precisely, as observed in our 
in-silico work [32-34].

Functionally, reduced affinity of LOF variants provides 
a plausible molecular explanation for the human pheno-
type of lower LDL‑C and reduced coronary events. Large 
population studies have shown that naturally occurring 
PCSK9 LOF variants are associated with substantially 
lower lifelong LDL‑C and marked reductions in coronary 
heart disease risk. This highlights a dose–response rela-
tionship between diminished PCSK9 activity, enhanced 
LDLR recycling, and atheroprotection. Our stability and 
flexibility shifts offer a structural basis for those epidemio-
logic observations [32,35,36]. These insights dovetail with 
therapeutic experience. Monoclonal antibodies that block 
circulating PCSK9 phenocopy LOF genotypes and drive 
large LDL‑C reductions. In the FOURIER outcomes trial, 
evolocumab reduced cardiovascular events when added 
to statins. Likewise, siRNA-mediated hepatic PCSK9 si-
lencing with inclisiran achieves sustained LDL-C lower-
ing in Phase 3 clinical trials. This supports the principle 
that attenuating PCSK9-LDLR engagement is clinically 
meaningful. Our findings reinforce that weakening the in-

teraction, whether through genetics, antibodies, or gene si-
lencing, converges on the same biology: increased LDLR 
at the cell surface and enhanced LDL clearance [37,38].

The work also suggests testable hypotheses. First, vari-
ants that increase solvent exposure and backbone mobil-
ity at the PCSK9-EGF-A interface should display faster 
dissociation (higher koff) and/or slower association (lower 
kon) under physiologic and endosomal pH. Surface plas-
mon resonance or biolayer interferometry, spanning a pH 
range of 7.4 to 5.5, could validate this [39,40]. Second, 
the LDLR pathway is sensitive to the endosomal milieu. 
Experiments in intact hepatocyte systems quantifying 
LDLR levels, LDL uptake, and receptor degradation kinet-
ics would reveal whether the modeled energetic penalties 
lead to cellular rescue of LDLR. Third, structural descrip-
tion (e.g., cryo-EM or co-crystallography with EGF-A 
peptides) of select LOF variants could explain whether 
altered side-chain rotamers versus larger domain motions 
drive the affinity loss. Finally, integrating clinical variant 
data, such as allele frequency and lipid phenotypes, with 
our per-variant ΔΔG and flexibility metrics could help 
prioritize variants of uncertain significance [30,32,41]. 
Limitations warrant consideration. Docking scores and 
classical MD provide relative, not absolute, affinities and 
can underrepresent contributions from long-range electro-
statics, glycosylation, and conformational selection. Our 
simulations did not include the full LDLR ectodomain 
in a membrane/endo‑lysosomal context. We also did not 
explicitly model pH‑dependent protonation states known 
to modulate PCSK9-LDLR binding. Even so, the conver-
gence of independent signals lowers computed binding 
energies, redistributes contact maps, and increases protein 
flexibility/solvent exposure. This supports the robustness 
of the central conclusion: PCSK9 LOF variants induce 
structural perturbations that weaken LDLR engagement 
[39,40,42,43].

In summary, the computational picture aligns strongly 
with human genetics and clinical trials. PCSK9 LOF vari-
ants disrupt the fine-tuned interaction with LDLR through 
effects on stability and dynamics. This leads to decreased 
affinity, preserved binding topology, and functional protec-
tion by enhancing LDLR recycling and LDL‑C clearance. 
These results underscore why PCSK9 remains a validated 
and tractable target for reducing CVD risk, and provide 
structural hypotheses to guide the interpretation of vari-
ants and the design of next-generation inhibitors.

5.	 Conclusion
PCSK9 plays a vital role in regulating cholesterol lev-

els in the bloodstream by facilitating the degradation of 
LDL receptors (LDLR) in the liver. However, the presence 
of Loss-Of-Function (LOF) variants in the PCSK9 gene 
results in reduced PCSK9 activity. Individuals carrying 
PCSK9 LOF variants typically have lower LDL choles-
terol levels, reducing their risk of cardiovascular diseases. 
The analysis of PCSK9 LOF variants using various in-
silico tools has provided valuable insights into cholesterol 
metabolism. The study revealed that LOF variants tend to 
alter their characteristics, solvent accessibility, flexibility, 
and free energy, which are crucial for binding with LDLR. 
Additionally, protein-protein docking and simulation anal-
ysis indicated that the mutants became less compact and 
more exposed to solvent interactions. In comparison to 
the wildtype PCSK9, only a few key residues contributing 
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to binding and interaction with LDLR were conserved in 
the mutants. This study highlights the notable alterations 
in LDLR degradation caused by LOF variants of PCSK9. 
These changes suggest that LOF variants could lead to a 
more stable interaction between LDLR and other regula-
tory pathways. Consequently, understanding these dynam-
ics may provide new avenues for therapeutic interventions 
aimed at managing cholesterol levels. Overall, the findings 
underscore the importance of genetic factors in cardiovas-
cular health and their potential implications for personal-
ized medicine.

Abbreviation
CVD: Cardiovascular disease; LDLR: Low-density lipo-
protein receptor; LOF: Loss-of-function; GOF: Gain of 
function; SIFT: Sorting Intolerant from Tolerant; SVM: 
Support vector machine; MDS: Molecular dynamics and 
simulation; WT: Modelled wildtype; PPI: Protein-protein 
interactions; PME: Particle-Mesh Ewald; CHD: Coro-
nary heart disease; SASA: Solvent Accessible Surface 
Area; PCA: Principal component analysis; DCCM: Dif-
ferential Cross-Correlation Mapping; FEL: Free Energy 
Landscape.
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