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Abstract

Background Cystinosis is a rare autosomal recessive lysosomal storage disorder caused by mutations in the CTNS
gene, which encodes cystinosin, a lysosomal cystine transporter. These mutations disrupt cystine efflux, leading to its
accumulation in lysosomes and subsequent cellular damage. While more than 140 mutations have been identified,
the functional and structural impacts of many nonsynonymous single nucleotide polymorphisms (nsSNPs) remain
poorly understood. Nonsynonymous SNPs are of particular interest because they can directly alter protein structure
and function, potentially leading to disease. Clinically, cystinosis most often presents with renal Fanconi syndrome,
photophobia and vision loss due to corneal cystine crystals, and progressive neuromuscular complications such as
distal myopathy and swallowing difficulties This study aimed to identify deleterious nsSNPs in the CTNS gene and
evaluate their effects on cystinosin stability, structure, and function via computational tools and molecular dynamics
simulations.

Results From a dataset of 12,028 SNPs, 327 nsSNPs were identified, among which 19 were consistently classified as
deleterious across multiple predictive tools, including SIFT, PolyPhen, and molecular dynamics simulations. Stability
predictions revealed that most of these mutations destabilize cystinosin, with G308R and G308V located in the

sixth transmembrane domain essential for transporter function having the most severe effects. Molecular dynamics
simulations revealed that these mutations significantly increase local flexibility, alter hydrogen bonding patterns,

and enhance solvent accessibility, resulting in structural perturbations. Notably, D305G and F142S disrupted the
transmembrane domains essential for the function of cystinosin, whereas compared with the wild-type protein,
G309V resulted in increased stability. Conservation analysis revealed that 16 of the 19 mutations affected highly
conserved residues, indicating their crucial roles in the function of cystinosin. Additionally, protein interaction analyses
suggested that mutations could impact associations with lysosomal and membrane transport proteins.

Conclusions This study identified 19 deleterious nsSNPs in the CTNS gene that impair cystinosin stability and
function. These findings highlight the structural and functional importance of key residues, such as G308, D305, and
F142, which play critical roles in maintaining the active conformation and transport capacity of cystinosin. These
insights provide a foundation for future experimental validation and the development of targeted therapeutic
strategies to mitigate the effects of pathogenic mutations in cystinosis.
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Background

Cystinosis is a rare genetic disorder classified as a lyso-
somal storage disease [1]. It is caused by mutations in
the CTNS gene, which codes for the cystinosin protein
responsible for transporting cystine out of lysosomes
[2]. These mutations lead to the abnormal accumulation
of cystine within lysosomes [3]. Cystine, the oxidized
dimeric form of cysteine, accumulates as crystals within
cells, gradually causing damage to various organs, partic-
ularly the kidneys, eyes, and liver [4, 5]. Cystinosis is an
autosomal recessive disorder affecting approximately 1-2
individuals per 100,000 worldwide [4, 6]. It often presents
early in childhood as its most severe form, nephropathic
cystinosis, leading to renal Fanconi syndrome character-
ized by substantial loss of minerals and nutrients in the
urine, which impairs growth and bone development [5,
7]. Cystinosin, a proton-coupled lysosomal cystine trans-
porter [8], is composed of 367 amino acids [9]. It plays
a crucial role in transporting cystine from the lysosome
to the cytosol. Its activity relies on the proton electro-
chemical gradient generated by the V-ATPase, enabling
cystine efflux [10]. Cystinosin belongs to the PQ-loop
protein family and is characterized by conserved pro-
line-glutamine motifs involved in various transport and
nutrient signaling functions [11]. In addition to provid-
ing cysteine for the synthesis of glutathione, an essential
antioxidant, cystinosin, regulates cellular responses to
nutrient restriction by modulating TORC1 activity [12].
Loss of cystinosin function resulting from CTNS muta-
tions disrupts cystine efflux, leading to metabolic imbal-
ances, increased oxidative stress, and cellular damage
[13]. More than 140 mutations in the CTNS gene have
been identified to date, including nonsense mutations
and deletions, which directly impact the stability and
function of cystinosin [14]. Nonsense mutations, in par-
ticular, prematurely truncate protein synthesis, whereas
other point mutations disrupt the conformation and
functionality of cystinosin, thereby impairing cystine
transport and exacerbating cystinosis pathology [15, 16].
In silico studies have revolutionized our understanding of
genetic diseases such as cystinosis by enabling the analy-
sis and prediction of mutation effects without requiring
extensive and costly laboratory experiments [17]. These
approaches allow researchers to identify and characterize
single nucleotide polymorphisms (SNPs) with pathogenic
potential and assess their impact on protein structure and
stability [18, 19]. Predictive tools, such as POLYPHEN-2,
SIFT, and I-Mutant, are commonly used to filter deleteri-
ous mutations [20, 21], whereas advanced methods, such
as molecular dynamics simulations, help in the study

of precise mutation-induced effects on the stability and
interactions of cystinosin under simulated biological con-
ditions. These methods provide a detailed view of the
structural and functional alterations caused by mutations.
This study relied on in silico analyses to identify genetic
mutations with significant functional impact, particularly
nonsynonymous SNPs (nsSNPs) likely to be deleterious.
Unlike previous studies that focused solely on identifying
deleterious SNPs, our approach integrates conservation
analysis, stability predictions, and molecular dynamics
simulations to provide a comprehensive understanding
of mutation-induced dysfunctions in cystinosin. In the
present study, we aimed to identify the most deleterious
missense variants in the human CTNS gene by apply-
ing bioinformatics approaches and molecular dynamics
simulations to elucidate how these mutations influence
the structure, stability, and function of cystinosin, which
contributes to the pathogenesis of cystinosis. This study
provides valuable insights into the effects of amino acid
variations on the structure, function, and ease of associa-
tion of the cystinosin protein.

Materials and methods

Retrieval of the CTNS NsSNP dataset

All the variants of the CTNS gene were collected from
the Ensembl variant ID ENSG00000040531. The sys-
tinosin primary sequence (UniProt accession number:
060931) was retrieved from the UniProt database [22].
The 3D structure of cystinosin used in this study was
retrieved from the AlphaFold protein structure database
(AF-O60931-F1-v4) [23]. The AlphaFold model showed
high per-residue confidence (pLDDT >90) in the trans-
membrane core of the protein, while lower confidence
scores were observed at the N- and C-terminal extremi-
ties. Mutant structures corresponding to the selected del-
eterious nsSNPs were generated using UCSF ChimeraX
by substituting the corresponding residues in the Alpha-
Fold model.

Prediction of deleterious NsSNPs

Prediction of the functional consequences of NsSNPs

The functional effects of the identified nsSNPs were
evaluated via several tools, some of which were preinte-
grated into the Ensembl database. These tools include the
following:

«+ SIFT (sorting intolerance from tolerance) [24]: SIFT
predicts the impact of amino acid substitutions on
the basis of sequence homology and physicochemical
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properties. Variants with a score less than 0.05 are
considered deleterious [25].

+ PolyPhen (Polymorphism Phenotyping) [26]
PolyPhen-2 assesses the impact of amino acid
substitutions on protein structure and function.
Scores between 0.96 and 1.0 indicate “probably
damaging,” whereas scores between 0.71 and 0.95
suggest “possibly damaging” [27].

+ CADD (Combined Annotation Dependent
Depletion) [28]: CADD integrates multiple
annotations to assess variant deleteriousness. Higher
CADD scores indicate greater potential for harmful
effects [29].

+ MetalR (Meta Logistic Regression) [30]: MetaLR
uses logistic regression to categorize nsSNPs as
damaging (score 0.5-0.9) or tolerated (score 0—0.4).
Only variants with scores > 0.5 were selected for
further analysis [31].

« Mutation Assessor [32]: This tool evaluates the
functional impact of mutations on the basis of their
frequency and position within the protein. Higher
scores indicate more deleterious mutations [33].

Additionally, we used the following tools for independent
analyses:

+ PROVEAN [34]: PROVEAN predicts the functional
impact of variants, with scores < - 2.5 considered
deleterious [35].

+ SNPs&GO [36]: This tool predicts disease-related
mutations from protein sequences, with scores >0.5
indicating a disease-related effect [37].

« PhD-SNP () [38]: A support vector machine (SVM)-
based classifier that predicts disease-associated
nsSNPs with 78% accuracy [39].

« PANTHER [40]: PANTHER predicts pathogenic
substitutions, with sub PSEC scores below — 3
indicating deleterious variants at highly conserved
sites [41].

This combination of tools allowed for a comprehensive
evaluation of the potential effects of nsSNPs on protein
function.

Structural impact prediction
The potential impact of nsSNPs on protein stability was
predicted via the following tools:

« I-Mutant 2 [42]: I-Mutant 2.0 predicts changes in
protein stability (AAG) upon mutation. Negative
AAG values indicate decreased stability, whereas
positive values suggest increased stability [43].
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« MUPro [44]: MUPro provides confidence scores
for stability predictions, with scores closer to 0
indicating decreased stability [45].

+ DynaMut2 [46]: DynaMut2 predicts the effect of
nsSNPs on protein stability via molecular dynamics
simulations, providing stability scores and vibrational
entropy changes [47].

+ DUET [48]: DUET combines mCSM and SDM to
predict the impact of nsSNPs on protein stability,
classifying mutations as stabilizing or destabilizing on
the basis of changes in folding free energy (AAG) [49].

These tools provided detailed insights into the structural
and functional consequences of the identified nsSNPs.

Protein-protein interactions

To understand how nsSNPs may impact protein inter-
actions, we used GeneMania and string: GeneMANIA
identifies potential gene—gene and protein—protein inter-
action networks by integrating multiple data sources,
including physical interactions, co-expression, co-local-
ization, and shared protein domains [50]. The tool has
been extensively benchmarked and is widely used for
functional gene prioritization, with demonstrated reli-
ability in studies involving various biological processes,
including those related to lysosomal function [51].
STRING (Search Tool for the Retrieval of Interacting
Genes/Proteins) [52] is a database and web tool designed
to predict and visualize protein-protein interactions.
It integrates information from various sources, includ-
ing experimental data, curated databases, and computa-
tional predictions, to provide a comprehensive view of
functional associations between proteins. For this study,
a high-confidence threshold of 0.700 was applied. The
interaction types are represented by color-coded lines:
green for activation, red for inhibition, blue for binding,
pink for posttranslational modifications, and yellow for
expression [53].

Prediction of evolutionary conservation

ConSurf [54]: ConSurf calculates the evolutionary con-
servation of each residue by analyzing homologous
sequences. Residues with high conservation scores (close
to 9) are typically functionally or structurally important,
whereas variable positions (score close to 1) are less likely
to be critical for function [55].

Molecular dynamics simulation analysis

Molecular dynamics (MD) simulations offer a powerful
tool for exploring the evolution of molecular systems and
predicting their properties on the basis of atomic interac-
tions. Simulations of the predicted structures were con-
ducted via the WebGro server to evaluate their stability
and flexibility [56]. The AMBER99SB-ILDN force field,
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combined with the TIP4P water model, was applied in
a triclinic periodic box with NaCl at a concentration of
0.15 M to simulate a biologically relevant environment.
The system was equilibrated at 300 K and a pressure of
1.0 bar. The simulation was run for 50 ns, generating
5000 frames per simulation. The Leap frog integrator was
used within the NVT and NPT ensembles to control the
temperature and pressure. To analyze the results, we cal-
culated the RMSD (root mean square deviation), which
measures structural stability. RMSF (root mean square
fluctuation): Assesses the flexibility of individual resi-
dues. Hydrogen bonds (H-bonds) analysis: Indicates the
stability of protein interactions. Radius of gyration (Rg)
and solvent accessible surface area (SASA): These find-
ings provide insights into protein compactness and the
effects of mutations on protein surface properties [57].

Results data

Following the analysis of the SNP dataset, a total of
12,028 SNPs were identified. The analysis revealed the
following distributions: 327 missense variants (2.72%),
163 synonymous variants (1.36%), and 9,383 intron
variants (78.01%). Additionally, 265 SNPs were located
in the 5 UTR (2.20%), and 1,326 were located in the 3’
UTR (11.02%). These findings provide a comprehensive
overview of the SNP distribution within the dataset,
emphasizing regions that may hold potential functional
significance for further investigation.

Prediction of deleterious NsSNPs
Prediction of the functional consequences of NsSNPs
The impact of 327 nsSNPs on the structure and function
of cystinosin was investigated using five widely adopted in
silico prediction algorithms: SIFT, PolyPhen-2, CADD, Met-
aLR, and Mutation Assessor. These tools were selected for
their methodological complementarity and proven effective-
ness in assessing missense variant pathogenicity. SIFT and
Mutation Assessor rely on evolutionary conservation, Poly-
Phen-2 integrates both sequence and structural features,
CADD employs a machine-learning model aggregating
diverse annotations, and MetaLR combines multiple scores
through logistic regression. This diverse strategy improves
the reliability of consensus predictions. Among the analyzed
variants, 19 were consistently identified as deleterious by all
five tools, suggesting a high probability of functional disrup-
tion. These nsSNPs were classified as “deleterious” by SIFT
(scores <0.05), “probably damaging” or “possibly damaging”
by PolyPhen-2 (scores near 1), had CADD scores exceed-
ing 30, were considered “likely deleterious” by MetaLR, and
“damaging” by Mutation Assessor (functional impact scores
>0.97) (Table 1).

The clinical significance of these mutations, as obtained
from the Ensembl database, revealed a range of clas-
sifications from ‘uncertain significance’ to ‘pathogenic’
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Notably, G308R and G308 V are classified as pathogenic,
which is consistent with their severe destabilizing effects
on cystinosin. Similarly, S141 F and S270 F were both
classified as likely pathogenic. S141 F is located in the
third transmembrane domain (TM3; residues 126—150),
and S270 F is in the PQ-loop 2 domain (residues 263—
328). On the other hand, variants such as A137D, D161H,
G296S and D305G were classified as having uncertain
significance, highlighting the need for further functional
studies to clarify their role in the disease.

The 19 nsSNPs identified as potentially deleterious
were further evaluated via SNPs&GO, PhD-SNP, PAN-
THER, and PROVEAN (Table 2). These tools consistently
classify most variants as “Disease” or “probably dam-
aging, with PROVEAN scores indicating a significant
potential for functional impact. This consistent predic-
tion across multiple platforms underscores the likelihood
that these variants could disrupt protein function, mak-
ing them strong candidates for further investigation.

Prediction of stability for deleterious NsSNPs

The stability of the 19 deleterious nsSNPs in the cystinosin
protein was analyzed via tools such as I-Mutant 2.0, MUPro,
mCSM, SDM, DUET, and DynaMut2 (Table 3). The pre-
dictions from these tools generally indicate a tendency for
structural destabilization induced by these mutations.

+ I-Mutant 2.0 predicted destabilizing effects for
16 out of the 19 mutations, with F142S exhibiting
the most negative AAG value (-2.50 kcal/mol),
indicating a significant loss of stability. In contrast,
three mutations (A137D, S141 F, and H353D) had
stabilizing effects.

+  MUPro revealed that 18 mutations had destabilizing
effects, with R151G having the most marked impact
(AAG = -2.00 kcal/mol). G308 V was the only
mutation showing marginal stabilization (AAG =+
0.01 kcal/mol).

+ DynaMut2 predicted destabilizing effects for all the
mutants, with stability changes (AAG) ranging from
—0.05 kcal/mol to -2.62 kcal/mol.

+ mCSM predictions indicated destabilizing effects for
all the mutations, with F142S (AAG = -2.813 kcal/
mol) and G308R (AAG = -1.13 kcal/mol) standing
out as the most critical mutations.

+ SDM analysis identified 11 destabilizing mutations,
with G296S showing the most severe effect (AAG =
-4.15 kcal/mol).

+ DUET confirmed these findings, identifying 18
destabilizing mutations, with the most negative
values for F142S (AAG = -2.897 kcal/mol) and
D305G (AAG = -1.415 kcal/mol). Only the P283L
mutation had a stabilizing effect, with a AAG of
+0.172 kcal/mol.
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Table 2 Missense variants predicted as deleterious by SNPs&GO, PhD-SNP, PANTHER, and PROVEAN
SUB PhD-SNP SNPs&GO PROVEAN PANTHER

Score RI Pred Score RI Pred Score Pred Score Pred
A137D 0.922 8 Dis 0.879 8 Dis —5.533 Del 0.85 ProbDam
S141F 0.963 9 Dis 0.933 9 Dis =5.771 Del 0.89 ProbDam
F142S 0.935 9 Dis 0.855 7 Dis —7.784 Del 0.89 ProbDam
R151G 0.816 6 Dis 0.704 4 Dis -5.376 Del 0.5 ProbDam
D161H 0.895 8 Dis 0.790 6 Dis —6.701 Del 0.89 ProbDam
S270F 0.883 8 Dis 0436 1 Neut —6.000 Del 0.85 ProbDam
K280T 0.886 8 Dis 0.798 6 Dis —-6.000 Del 0.89 ProbDam
K280R 0.864 7 Dis 0714 4 Dis —-3.000 Del 0.89 ProbDam
P283L 0.934 9 Dis 0.823 6 Dis -9.767 Del 0.89 ProbDam
Q284H 0.839 7 Dis 0.722 4 Dis -5.000 Del 0.89 ProbDam
S293G 0.705 4 Dis 0.621 2 Dis —4.000 Del 0.89 ProbDam
G2965 0.883 8 Dis 0.811 6 Dis —-6.000 Del 0.89 ProbDam
$298G 0.768 5 Dis 0.591 2 Dis -4.000 Del 0.85 ProbDam
D305G 0.866 7 Dis 0.801 6 Dis —7.000 Del 0.89 ProbDam
G308R 0.900 8 Dis 0.829 7 Dis -8.000 Del 0.89 ProbDam
G308V 0.869 7 Dis 0814 6 Dis —9.000 Del 0.89 ProbDam
G309V 0.811 6 Dis 0.762 5 Dis -9.000 Del 0.89 ProbDam
H353D 0.931 9 Dis 0.691 4 Dis -9.000 Del 0.89 ProbDam
Y357H 0916 8 Dis 0.757 5 Dis —4.967 Del 0.89 ProbDam
Del Deleterious, Dis Disease, Neut Neutral, Pred Prediction, ProbDam Probably Damaging, R/ Reliability Index, SUB Amino acid substitution
Table 3 Stability predictions for deleterious NsSNPs via I-Mutant 2.0, MUPro, DynaMut2, mCSM, SDM, and DUET
ID of SNPs SUB |I-Mutant2.0 DDG (Pred) Mupro DynaMut2 mCSM Score(Pred) SDM Score(Pred) DUET Score (Pred)

DDG (Pred) DDG (Pred)

rs1413852868 A137D  0.29(1S) —-0.72 (DS) —1.47 (DS) —1.94 (DS) —2.53 (DS) -2.18 (DS)
rs1436441738  S141F  0.57 (IS) —045 (DS) —0.66 (DS) —0.79 (DS) 240 (9) —0.01 (DS)
rs764288123 F142S  —=2.50 (DS) —-1.73 (DS) —-2.62 (DS) —-2.81 (DS) —2.23(D9) —2.89 (DS)
rs1555563010 R151G  —2.23 (DS) —2.00 (DS) —0.78 (DS) -0.61 (DS) —0.85 (DS) —-0.74 (DS)
rs371533565  D161H  —1.74 (DS) —-1.89 (DS) —-1.07 (DS) —0.89 (DS) 048 (15) —0.62 (DS)
rs2150925336  S270F  —-0.32 (DS) —-0.21 (DS) —-0.91 (DS) -1.15 (DS) 0.84 (IS) —-0.78 (DS)
rs2150925451  K280T  —1.37(DS) —-0.51 (DS) —0.94 (DS) —1.34 (DS) —-1.12 (DS) —1.40 (DS)
rs2150925451  K280R  —0.50 (DS) —-0.14 (DS) —0.29 (DS) —0.71 (DS) 0.39(15) —0.38 (DS)
15746469285 P283L 147 (DS) —-0.21 (DS) —-0.54 (DS) —-047 (DS) 1.57 (IS) 0.17.(1S)
rs1238793405 Q284H —1.57 (DS) —0.37 (DS) —0.72 (DS) —0.78 (DS) 0.61(15) —1.08 (DS)
5759363199  S293G —1.49(DS) —0.96 (DS) —0.50 (DS) —-1.10(DS) 0.72(15) —0.72 (DS)
15755702977 G296S  —1.57 (DS) —-1.02 (DS) —0.05 (DS) —0.64 (DS) —4.15 (DS) —-1.06 (DS)
rs1332086669 S298G  —1.92 (DS) -1.17 (DS) —0.22 (DS) —-0.58 (DS) 0.72(15) —-0.18 (DS)
1263951539  D305G  —1.76 (DS) —-1.87 (DS) —-0.75 (DS) —1.42 (DS) —0.46 (DS) —1.41 (DS)
1s746307931 G308R  —1.50 (DS) —-0.27 (DS) —-0.70 (DS) -1.13(DS) —-1.89 (DS) -1.11.(DS)
rs908965524 G308V —1.05 (DS) 0.01(9) —0.91 (DS) —040 (DS) —-0.14 (DS) —0.11 (DS)
rs373903147 G309V -043 (DS) —042 (DS) —0.96 (DS) —-0.32 (DS) —0.14 (DS) —-0.03 (DS)
rs769659540  H353D  0.37(IS) —0.36 (DS) —0.59 (DS) —0.83 (DS) —0.81 (DS) —0.77 (DS)
rs1177103234  Y357H  —2.05 (DS) —-1.25 (DS) -1.19 (DS) —-1.26 (DS) —0.45 (DS) —-1.08 (DS)

SUB Amino acid substitution, Pred Prediction, DS Decrease stability, IS Increase Stability

Functional analysis via MutPred2 provided detailed
insights into the structural and functional alterations
caused by the deleterious nsSNPs in cystinosin (Table
4). The amino acid change D305G emerged as one of the
most critical variants, with the highest MutPred2 score
(0.945), and was associated with the loss of a helix (p=
0.01). alteration of transmembrane protein properties

(p= 1.0e-03), and modification of metal binding (p=
0.01). These changes suggest that D305G could severely
disrupt both the structure and function of cystinosin.
Similarly, F142S significantly altered transmembrane
function (p = 4.4e-05), indicating that it could impair the
protein’s ability to function properly within the mem-
brane. In addition, P283L was linked to a gain of a helix
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Table 4 Predicted effects of genetic variants via MutPred?2
ID of SNPs SuB Score Effects Probability Pvalue
rs1413852868 A137D 0.575 Altered Transmembrane protein 0.31 1.2e-04
rs1436441738 S141F 0.852 Altered Transmembrane protein 0.31 1.1e-04
15764288123 F142S 0811 Altered Transmembrane protein 0.34 4.4e-05
rs1555563010 R151G 0.589 Gain of Strand 0.28 0.01
R151G 0.589 Altered Transmembrane protein 0.27 6.3e-04
R151G 0.589 Altered Stability 0.1 0.04
rs371533565 D161H 0.872 Altered Transmembrane protein 0.30 1.5e-04
D161H 0.872 Loss of N-linked glycosylation at N166 0.07 0.02
rs2150925336 S270 F 0917 Altered Transmembrane protein 027 6.5e-04
rs2150925451 K280 T 0.790 Altered Ordered interface 0.24 0.03
K280 T 0.790 Altered Transmembrane protein 0.1 0.03
rs2150925451 K280R 0.594 Altered Transmembrane protein 0.1 0.04
rs746469285 pP283L 0.819 Gain of Helix 0.33 1.7e-03
p283L 0.819 Loss of Strand 0.29 3.6e-03
P283L 0.819 Altered Transmembrane protein 0.14 0.02
rs1238793405 Q284H 0.700 Altered Transmembrane protein 0.13 0.02
rs759363199 S293G 0.830 Gain of Strand 0.27 0.02
S293G 0.830 Altered Ordered interface 0.25 0.02
S293G 0.830 Altered Transmembrane protein 0.22 2.8e-03
15755702977 G296S 0927 Altered Ordered interface 0.30 0.02
G2965S 0927 Altered Transmembrane protein 0.25 1.5e-03
rs1332086669 $298G 0.895 Altered Transmembrane protein 0.24 1.9e-03
rs1263951539 D305G 0.945 Loss of Helix 0.29 0.01
D305G 0.945 Altered Transmembrane protein 0.26 1.0e-03
D305G 0.945 Altered Metal binding 0.23 0.01
rs746307931 G308R 0.932 Altered Metal binding 0.20 0.02
G308R 0.932 Altered Transmembrane protein 0.13 0.02
1908965524 G308V 0.939 Altered Metal binding 0.20 0.02
G308V 0.939 Altered Transmembrane protein 0.13 0.02
rs373903147 G309V 0.892 Altered Metal binding 0.20 0.02
G309V 0.892 Altered Transmembrane protein 0.13 0.02
rs769659540 H353D 0.823 Altered Metal binding 036 8.3e-03
H353D 0.823 Altered Ordered interface 0.28 0.03
H353D 0.823 Loss of Strand 0.28 0.01
H353D 0.823 Gain of Allosteric site at Y357 0.20 0.04
rs1177103234 Y357H 0.864 Altered Ordered interface 0.35 54e-03
Y357H 0.864 Gain of Intrinsic disorder 0.35 0.02
Y357H 0.864 Altered Metal binding 033 0.01
Y357H 0.864 Altered Transmembrane protein 0.10 0.04

SUB Amino acid substitution, P value <0.05 (significant)

(p= 1.7e-03) and a loss of a B-strand (p= 3.6e-03), sug-
gesting substantial structural rearrangements while also
altering transmembrane protein properties (p= 0.02).
R151G was predicted to cause a gain of strand (p= 0.01)
and alter transmembrane protein properties (p= 6.3e-
04), in addition to reducing stability (p= 0.04), which
could destabilize the protein and modify its functional
properties. Furthermore, G308R and G308 V were both
associated with altered metal binding (p= 0.02) and
transmembrane protein properties (p= 0.02), poten-
tially disrupting critical interactions within the pro-
tein. Another notable variant, H353D, showed multiple

effects, including altered metal binding (p= 8.3e-03),
loss of a strand (p= 0.01), and gain of an allosteric site
at Y357 (p= 0.04), suggesting significant structural and
functional alterations. Finally, Y357H was predicted to
alter ordered interfaces (p= 5.4e-03), increase intrinsic
disorder (p= 0.02), and modify metal binding (p= 0.01),
indicating potential disruptions to the protein’s structural
integrity and functional interactions. Overall, these find-
ings demonstrate the diverse and significant effects of
these variants on the structural and functional properties
of cystinosin.
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Gene and protein interaction networks involving CTNS

Gene-gene interaction network analysis revealed a func-
tional correlation between the CTNS gene and other
genes. Using GeneMANIA, a composite gene-gene
functional interaction network was constructed, high-
lighting associations between CTNS and 20 other genes,
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particularly SLC66 A1l (solute carrier family 66 member
1), MPDU1 (mannose-P-dolichol utilization defect 1),
and SLC66 A2 (solute carrier family 66 member 2). The
interaction of CTNS with all possible genes is shown in
Fig. 1.

&

Networks
DDX43
Physical Interactions

Co-expression
Predicted
Co-localization
Genetic Interactions
Pathway

Shared protein domains

Fig. 1 Gene interaction network of CTNS predicted by GeneMANIA. The network was generated via GeneMANIA [35] and illustrates functional associa-
tions between CTNS and 20 other genes, including SLC66 A1, MPDUT1, and SLC66 A2. Key interactions are highlighted, emphasizing their roles in lyso-

somal function and cellular metabolism
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The analysis of protein interactions via the STRING
platform revealed a functional network involving cysti-
nosin and several biologically relevant partners, such as
SLC66 A1, SHPK, and TRPV1. These interactions suggest
an expanded role of CTNS in cellular processes related to
membrane transport, metabolism, and lysosomal dynam-
ics. The illustrated network (Fig. 2.) highlights connec-
tions on the basis of experimental data, coexpression
data, and bioinformatics predictions.

Prediction of evolutionary conservation
The positions of the mutations were examined for evolu-
tionary conservation via ConSurf (Fig. 3). Sixteen of the

19 mutations are located at highly conserved positions
(score 9), highlighting that their structural and functional

FGGY

SLC17A5

IDUA
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importance mutations, G308R, G308 V, G296S, and K280
T, affect exposed residues. In contrast, mutations D305G,
G309 V, and F142S impact buried residues.

Evolutionary conservation and classification of residues
as buried (b), exposed (e), functional (f), and structural

(s).

Global stability (RMSD)

The global stability of cystinosin was assessed via the
root mean square deviation (RMSD) (Fig. 4). The wild-
type (WT) cystinosin presented an average RMSD of
0.664 +0.189 nm, demonstrating a stable conformation
throughout the simulation. Among the mutants, G308
V exhibited the highest RMSD (0.991 +0.197 nm), high-
lighting significant deviation from the initial structure

SLC66A1

HS1BP3

Fig. 2 Protein interaction network of CTNS analyzed via STRING. The network highlights functional associations between CTNS and key partners, includ-
ing SLC66 A1, SHPK, and TRPV1, involved in membrane transport, metabolism, and lysosomal dynamics
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and marked destabilization. In contrast, G309 V dis-
played the lowest RMSD (0.565 +0.105 nm), reflecting
increased stability. Other mutants, such as G296S (0.647
+0.133 nm) and F142S (0.687 +0.147 nm), maintained
an RMSD close to that of the WT, suggesting preserved
global stability.

Local flexibility (RMSF)

Local flexibility was assessed via the root mean square
fluctuation. The WT had an average RMSF of 0.275
+0.256 nm, reflecting balanced residue flexibility. Among
the mutants, D305G (0.310 +0.332 nm) and G308R
(0.314 +0.295 nm) presented the greatest fluctuations,
indicating increased local instability. In contrast, G309 V
(0.217 £0.194 nm) and G296S (0.241 +0.247 nm) exhib-
ited lower fluctuations, highlighting increased rigidity in
certain regions of the protein (Fig. 5).

Compactness (radius of gyration, Rg)

The compactness of cystinosin was evaluated via the
radius of gyration. The WT had an average Rg of 2.793
+0.043 nm, corresponding to a compact and stable struc-
ture. The mutants G308 V (2.967 +0.060 nm) and G308R
(2.911 +0.078 nm) presented significantly greater Rg
values, indicating a loss of compactness and structural
destabilization. Conversely, G296S (2.659 +0.063 nm)
and G309 V (2.685 +0.047 nm) displayed a lower Rg,
implying structural rigidity that could affect the flexibility
required for cystine transport (Fig. 6).

Solvent accessible surface area (SASA)

The solvent-accessible surface area was analyzed to
evaluate the exposure of hydrophobic and hydrophilic
residues. The WT had an average SASA of 208.032
+4.725 nm®. The mutants G308R (214.130 +5.101 nm?)
and F142S (211.930 +4.502 nm®) presented increased
SASA, suggesting increased residue exposure to the sol-
vent, which could disrupt hydrophobic interactions.
Conversely, G296S (201.788 +6.940 nm®) and G309 V
(204.475 +4.382 nm?) displayed a lower SASA, reflecting
reorganization of the accessible surface (Fig. 7).

Hydrogen bonds (H-bonds)

The number of hydrogen bonds was measured to assess
the stability of protein interactions. The WT maintained
an average of 265.766 + 9.986 hydrogen bonds, reflecting
a well-stabilized structure. The mutants G308R (258.615
+8.373) and G308 V (259.370 +9.569) presented a slight
decrease in the number of H-bonds, which could con-
tribute to their destabilization. In contrast, the number
of H-bonds in G309 V (268.274 +7.633) was slightly
greater than that in WT, indicating increased stabiliza-
tion (Fig. 8).
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Discussion

The study of genetic mutations in single-gene disor-
ders, such as cystinosis, has greatly advanced owing to
the use of bioinformatics tools [58]. Cystinosis is caused
by mutations in the CTNS gene, making it essential to
evaluate the functional impact of these mutations to
understand their pathogenicity and potential therapeu-
tic implications. With this in mind, our study relied on
in silico analyses to identify genetic mutations with a
significant functional impact, particularly nsSNPs likely
to be deleterious [59, 60]. The importance of these anal-
yses lies in their ability to predict the pathogenicity of
variants and assess their impact on protein stability and
function, which is essential for a better understanding
of the underlying mechanisms of monogenic diseases
such as cystinosis. In this study, we performed in silico
structural and functional analyses to identify potentially
deleterious nsSNPs. From the dataset of 12,028 SNPs,
327 (2.72%) were identified as missense variants. These
mutations are particularly significant, as they can alter
protein structure, stability, and function, including cys-
tinosin-mediated cystine transport. Identifying these
missense variants is a key step, as it enables us to tar-
get the mutations most likely to cause functional abnor-
malities, which are responsible for the pathogenicity
observed in cystinosis. Among the 327 nsSNPs, 19 were
predicted to be deleterious via eight predictive tools,
including SIFT, PolyPhen, and the mutation assessor.
These tools were selected for their proven accuracy in
identifying disease-associated mutations. First, nsSNPs
associated with the target gene were analyzed, iden-
tifying 19 candidate mutations for further evaluation:
A137D, S141 F, F142S, R151G, D161H, S270 E, K280 T,
K280R, P283L, Q284H, S293G, G296S, S298G, D305G,
G308R, G308 V, G309 V, H353D and Y357H.

Stability analysis revealed crucial structural impacts
of the mutations. Predictive tools such as I-Mutant 2.0
and DynaMut2 consistently showed that most muta-
tions destabilize cystinosin. Notably, F142S and D305G
had the greatest destabilizing effects, with significant
AAG values, indicating their strong potential to impair
protein structural integrity and function. Studies have
shown that there is a strong correlation between patho-
genic mutations and their impact on stability (AAG) or
binding energy (AAG binding), with a correlation coef-
ficient of up to 0.7 [39]. Most pathogenic mutations are
destabilizing, although some stabilizing mutations can
also cause disease by disrupting dynamic or allosteric
mechanisms [61]. ConSurf analysis assigned a high con-
servation score (9) to all the involved residues, high-
lighting their evolutionary importance. These scores
suggest that these residues have essential structural or
functional roles and that mutations affecting them are
more likely to be pathogenic. Studies have confirmed
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Fig. 6 The radius of gyration of the CTNS protein. The ordinate is Rg (nm), and the abscissa is time (ns). A Black and light blue lines show WT and G296S
structures, respectively. B Black and pastel blue lines represent the WT and G308R structures, respectively. C Black and soft orange lines show WT and
G308 V structures, respectively. D Black and pale green lines show the WT and D305G structures, respectively. E Black and soft pink lines show WT and
K280 T structures, respectively (F): black and pastel violet lines show WT and G309 V structures, respectively. G Black and coral red lines show the WT and

F142S structures, respectively

that mutations affecting conserved residues, whether
exposed or buried, have greater pathogenic potential
than those targeting less conserved positions [62].
Mutations such as G308R, G308 V, G296S and K280 T
affect exposed residues, potentially interfering with bio-
logical interactions or catalytic sites, whereas mutations
D305G, G309 V and F142S affect buried residues, which
are essential for maintaining structural stability. Previ-
ous studies have shown that the majority of disease-
causing mutations occur primarily in buried positions
(67%) [63]. Molecular dynamics (MD) simulations were
conducted to evaluate the impact of nsSNPs on protein
stability, flexibility, and compactness. Over a 50 ns tra-
jectory, significant variations in RMSD, RMSF, Rg, and
SASA were observed between the wild-type and mutant
cystinosin. These changes illustrate structural perturba-
tions induced by specific mutations, particularly D305G
and F142S. The results provide valuable information on
structural changes under physiological conditions. The
D305G mutation significantly affects cystinosin stability
and functionality, as shown by our molecular dynamics
analyses and MutPred predictions. Our simulations
revealed that this mutation increases local flexibility
and modifies the SASA, resulting in a loss of structural
rigidity. These perturbations particularly affect the heli-
cal transmembrane region (residues 299-308), which is
an integral part of the PQ-loop 2 domain (residues 263—
328), a key domain for protein stabilization and func-
tion. Residue D305 stabilizes the cystine-binding cavity
through critical hydrogen bonding with W138, a key
interaction for maintaining the transporter’s active con-
formation. The MutPred results reinforce this analysis
by assigning D305G a high pathogenic score (0.945),
indicating major functional alterations. Among these
predictions, MutPred suggests a loss of the transmem-
brane helical structure, as well as changes in the func-
tional properties associated with D305. This residue is
known for its role in cystine (L-cystine) and proton
(H+) binding, as reported in previous studies. Together,
these alterations severely disrupt the structural and
functional interactions of cystinosin. In line with the lit-
erature, mutations such as D305G lead to a complete
loss of cystine transport, highlighting the fundamental
role of D305 in cystinosin function and confirming its
highly pathogenic nature. Residue F142, located in the
transmembrane region (residues 126—150) within PQ-
loop 1 (residues 123-189), is crucial for the stability of
cystinosin. Our simulations revealed that the F142S

mutation destabilizes the protein by replacing the
hydrophobic phenylalanine with a hydrophilic serine,
increasing the SASA and exposing hydrophobic regions
to the solvent. These disturbances compromise the sta-
bility of the binding cavity and could alter its affinity for
cystine [64]. MutPred predictions support these obser-
vations by assigning the F142S mutation a pathogenic
score of 0.811, suggesting significant functional altera-
tions, including disruption of the protein’s transmem-
brane structure. These results are consistent with the
work of Bulut et al. [65] and Lu et al. [66], who also
showed that F142 mutations affect transporter stability.
The G296S mutation, located in the cytoplasmic region
(residues 290-298) [67], replaces the flexible, nonpolar
amino acid glycine (G) with the polar residue serine (S).
Because of its flexibility, glycine plays a key role in local
protein dynamics, whereas serine, with its hydrogen-
bonding potential and larger volume, can induce rigidi-
fication of the affected region. This disrupts local
interactions and reduces structural adaptability, which
may alter the function of cystinosin. Similar effects have
been observed in collagen mutations, where substitu-
tions of glycine with larger residues, such as serine, dis-
rupt stability and flexibility, contributing to diseases
such as osteogenesis imperfecta. These observations
highlight that the G296S mutation in cystinosin could
affect cytoplasmic dynamics and compromise cystine
transport by altering the interactions necessary for its
active proton-coupled transport. Furthermore, muta-
tions involving residues such as glycine (G) are often
associated with significant functional alterations.
Indeed, research into monogenic disorders shows that
mutations that replace glycine with another amino acid
are more likely to be pathogenic. Glycine plays a key
role in flexible structural regions, and its substitution
can disrupt protein dynamics and stability. Because of
its flexibility, glycine enables the protein structure to
adapt to local constraints, and its mutation could alter
this adaptive capacity, affecting the function of the pro-
tein. G308 mutations (G308R and G308 V) further high-
light the role of glycine residues in structural stability.
G308 is located in the sixth transmembrane domain
(TM6; residues 299-308), which is essential for trans-
porter function. The substitution of glycine with argi-
nine (G308R) or valine (G308 V) introduces steric and
electrostatic changes, disrupting stability. G308R
resulted in minor increases in the RMSD but significant
increases in the Rg and SASA, indicating destabilization
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Fig. 7 The solvent-accessible surface area of the CTNS protein ordinate is the area (hnm2), and the abscissa is time (ns). A Black and light blue lines show
WT and G296S structures, respectively. B Black and pastel blue lines represent the WT and G308R structures, respectively. C Black and soft orange lines
show WT and G308 V structures, respectively. D Black and pale green lines show the WT and D305G structures, respectively. E Black and soft pink lines
show WT and K280 T structures, respectively (F): black and pastel violet lines show WT and G309 V structures, respectively. G Black and coral red lines

show the WT and F142S structures, respectively

and greater exposure to solvents. The positive charge of
arginine probably introduces electrostatic repulsion,
weakening structural cohesion. Conversely, G308 V
resulted in greater changes in the RMSD and Rg, with
moderate increases in the SASA. Valine loading can
stiffen the helix, limiting the conformational flexibility
required for transport. Previous studies have demon-
strated that G308R abolishes cystine transport while
maintaining lysosomal localization [8]. These results
highlight the role of glycine in transmembrane helices,
highlighting its importance in maintaining transport
function. To further understand the broader biological
context of cystinosin, we explored protein—protein and
gene—gene interactions. Using GeneMANIA, we con-
structed a composite gene—gene functional interaction
network, revealing associations between CTNS and 20
other genes, including SLC66 Al (solute carrier family
66 member 1), MPDU1 (mannose-P-dolichol utilization
defect 1), and SLC66 A2 (solute carrier family 66 mem-
ber 2) (Fig. 1). These interactions suggest that CTNS is
part of a broader network involved in lysosomal func-
tion and cellular metabolism. Furthermore, protein
interaction analysis via the The STRING platform high-
lighted a functional network involving cystinosin and
several biologically relevant partners, such as SLC66
A1, SHPK, and TRPV1 (Fig. 2). These predicted interac-
tions suggest that CTNS may participate in broader cel-
lular processes related to membrane transport,
metabolism, and lysosomal dynamics. However, a
review of the literature indicates that, to date, there is
no direct experimental evidence for physical interac-
tions between cystinosin and these proteins.

For example, both cystinosin (CTNS) and SLC66
A1l (also known as LAAT1) are members of the SLC66
family of lysosomal amino acid transporters and are
co-localized in the lysosomal membrane [68]. While
their functions in lysosomal amino acid export and
mTORCI1 signaling are well established, a direct inter-
action between CTNS and SLC66 Al has not been
demonstrated experimentally. Similarly, although
SHPK is often co-deleted with CTNS in patients with
the common 57-kb deletion, recent studies show that
SHPK deficiency does not impact cystinosin func-
tion or the efficacy of hematopoietic stem cell therapy
in cystinosis, and no functional interaction has been
reported [69]. As for TRPV1, its dysfunction in cysti-
nosis patients is linked to the large genomic deletion

encompassing the TRPV1 gene itself, rather than to a
direct interaction with cystinosin [68].

Notably, the most substantiated experimental inter-
actions for cystinosin involve components of the
lysosomal mTORC1 signaling pathway, such as the
Ragulator-Rag GTPase complex and the V-ATPase,
which are essential for nutrient sensing and autophagy
regulation [68]. These findings underscore the impor-
tance of further experimental studies to validate the
predicted protein—protein interactions involving cysti-
nosin and to clarify their potential implications in cys-
tinosis pathology.

Conclusion

This study provides insights into the potential patho-
genic impact of missense mutations in the CTNS gene,
particularly in the context of cystinosis. Using a com-
bination of predictive bioinformatics tools and molec-
ular dynamics (MD) simulations, we identified 19
nsSNPs that may have significant effects on the struc-
ture and function of cystinosin. Mutations such as
D305G and F142S appear to destabilize key structural
regions, potentially disrupting the protein’s ability to
maintain its active conformation and compromising
cystine transport. Residues such as G296 and G308,
which play critical roles in stabilizing the transmem-
brane domains of cystinosin, may also contribute to
protein dysfunction when disrupted.

The 50 ns MD simulations provided valuable insights
into the structural and dynamic changes associated with
the identified nsSNPs. However, extending the simula-
tion time could help capture more subtle conformational
changes and further elucidate protein dynamics under
pathological conditions.

This study highlights the utility of in silico tools
for predicting potentially deleterious mutations and
prioritizing them for experimental validation. While
computational predictions are a valuable first step, it
is essential to emphasize that these results must be
corroborated by experimental studies, such as site-
directed mutagenesis, protein expression, and func-
tional assays, to confirm their biological relevance.
Further experimental investigations will be crucial for
validating the pathogenicity of these nsSNPs and their
roles in cystinosis.
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