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Abstract

Myeloid cell leukemia (MCL-1) enhances the viability of tumor cells by sequestering the pro-apoptotic
effector BAK within its BH3-binding groove. The structural and functional implications of somatic
missense mutations at this contact are inadequately defined. We comprehensively investigated 146
somatic MCL-1 missense variations from the COSMIC database employing an array of In-silico tools.
Utilizing SIFT, PolyPhen-2, PROVEAN, SNPs&GO, PANTHER, and MetaRNN, we discovered seven high-
confidence detrimental variants: R215G, V216G, L235Q, R263S, G271D, W305G, and G311D. All seven
mutations uniformly destabilized the MCL-1 monomer across six thermodynamic frameworks of which
five variations are located at highly conserved locations. Protein—protein docking on five platforms
indicated that five variations (R215G, V216G, L235Q, R263S, and G271D) establish MCL-1-BAK
complexes with binding energetics superior to the wild type (PRODIGY AG = -12.8 kcal/mol). Molecular
dynamics simulations (100 ns) demonstrated that V216G, L235Q, R263S, and G271D exhibited more
compact hydrogen-bond-rich interfaces than the wild-type. R263S compensates for the absence of the
Arg263 salt bridge by forming a stronger hydrogen-bond network. These results show that gain-of-
interface contact is a computationally recognized mechanism by which cells can resist apoptosis.
R263S and G271D are the best candidates for experimental confirmation and the creation of mutation-
specific inhibitors.

1.0 Introduction

Apoptosis is a programmed cell death mechanism essential for maintaining cellular and immunological
homeostasis by eliminating damaged or developmentally unnecessary cells. The intrinsic, or
mitochondrial, apoptotic pathway serves as the principal regulatory mechanism, governed by
interactions among members of the B-cell ymphoma 2 (BCL-2) protein family'. These tri-partite family
of proteins: anti-apoptotic guardians BCL-2, BCL-XL, MCL-1, BCL-W, and A1/BFL-1, preserve
mitochondrial integrity; pro-apoptotic effectors BAX and BAK, which promote membrane
permeabilization; and BH3-only sensitizer, including BIM, PUMA, BAD, NOXA, and BMF, which relay
upstream cellular stress signals to the effectors?. The balance among these groups at the mitochondrial
outer membrane determines cell fate. Under homeostatic conditions, anti-apoptotic proteins sequester
BAK and BAX within their canonical BH3-binding grooves, thereby inhibiting BAK/BAX homo-
oligomerization and preventing mitochondrial outer membrane permeabilization (MOMP)3. When
apoptotic signals overcome this inhibition, MOMP occurs, releasing cytochrome c into the cytosol, which
triggers apoptosome formation and activates the caspase cascade, culminating in cell death®.

Within the anti-apoptotic BCL-2 family, myeloid cell leukemia-1 (MCL-1) plays a pivotal role in promoting

cancer cell survival®™’. MCL-1 is characterized by an extended, intrinsically disordered N-terminal
domain containing PEST sequences that regulate its degradation, and a compact core forming a BH3-
binding groove with four hydrophobic pockets (P1-P4) that accommodate BH3 helices from pro-

apoptotic partners®. MCL-1 demonstrates high affinity for BAK, BIM, and NOXA proteins®. Elevated MCL-
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1 expression is frequently observed in multiple myeloma, acute myeloid leukemia, and non-small cell
lung cancer, often due to genetic alterations at locus 1g21'°. Binding specificity studies show that BIM
interacts with all anti-apoptotic proteins'!, NOXA selectively binds MCL-1"2, and BAD does not interact

with MCL-1"3. These binding patterns suggest that changes in MCL-1 activity can influence cell death
sensitivity in various cell types.

MCL-1 gene amplification and transcriptional upregulation are established mechanisms of resistance'%;
however, somatic missense mutations represent a distinct and increasingly recognized form of
oncogenic dysregulation'®. These point mutations can alter the amino acid sequence of MCL-1 at
structurally or functionally critical sites, potentially impacting protein folding, thermodynamic stability,
and, most notably, the architecture of the BH3-binding groove that mediates BAK and BAX sequestration.
Recent mutational analyses have identified pathogenic variants in the N-terminal PEST region (e.g., G32R
and P142S) and in the BH domains (e.g., N223S, R214Q, V249L, and L267V)'®. The BH1-domain variant
L267V is particularly significant, as it confers resistance to potent clinical-stage MCL-1 inhibitors S63845
and AZD5991 by impeding their ability to disrupt the MCL-1-BAK interaction'®. These findings indicate
that specific amino acid changes within the groove can simultaneously reduce therapeutic binding while
maintaining, or even enhancing, sequestration of pro-apoptotic proteins.

Previous structural and computational studies have begun to clarify the molecular consequences of
MCL-1 mutations on interactions within the BCL-2 family®. Recently reported that the V220F substitution
near the P3 groove induces a loop-to-helix conformational change in MCL-1, which enhances its
interaction with BAX but destabilizes the MCL-1 monomer, establishing a model for gain-of-interface
function resulting from thermodynamically disruptive mutations'’. More recently, the molecular
determinants of MCL-1/BAK interaction specificity at atomic resolution are defined, demonstrating that
extensive hydrophobic and electrostatic interactions within the P1-P4 groove are key to high-affinity
BAK sequestration and explaining how groove-targeted inhibitors compete with BAK BH3 for these
binding sites’®.

Despite these advances, a comprehensive computational analysis of the full spectrum of somatic MCL-1
missense mutations—addressing their pathogenic potential, thermodynamic effects, evolutionary
conservation, structural consequences, and quantitative impact on BAK binding affinity—remains
lacking. This gap is clinically significant because mutations that strengthen the MCL-1-BAK interface
represent a resistance mechanism undetectable by protein expression or gene amplification assays,
thus requiring specialized structural computational approaches for identification. The present study
applies an integrative in silico framework to systematically evaluate somatic MCL-1 missense variants
catalogued in COSMIC'?, with the objectives of determining their pathogenicity and quantifying their
influence on MCL-1-BAK binding affinity. The study aims to identify variants that modify the BH3-binding
groove to enhance BAK sequestration, to elucidate the structural mechanisms underlying this gain-of-
interface phenomenon, and to provide a structural rationale for precision oncology strategies targeting
MCL-1-dependent malignancies.
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2.0 Results

2.1 Acquisition of Protein Sequence and Missense Variant Data

After sequence acquisition, seven of 146 identified variants were chosen as most deleterious based on
computational predictions and filtering (Supplementary file 1). These seven underwent detailed
structural and functional analysis, described below.

2.2 Predicting the Functional Implications of Missense Variants

All 146 missense variants were assessed by three computational tools: SIFT, PolyPhen-2, and PROVEAN.
SIFT found 84 harmful and 62 benign variants. PolyPhen-2 identified 17 likely harmful variants (score
>0.98), 43 benign, and 23 potentially detrimental variants. One incorrect variant was excluded. PROVEAN
then tested the 17, finding 7 to be detrimental (score < -4.5). The selected variants—R215G, V216G,
L235Q, R263S, G271D, W305G, and G311D—were consistently marked as deleterious by all three tools
and were moved forward for further study (Table 1). Predictions from two additional tools, SNPs&GO and
PANTHER, also indicated that these polymorphisms are harmful (Table 1). PolyPhen-2 values ranged
from 0.989 (R215G) to 1.000 (R263S, W305G). SIFT scores were from 0.000 to 0.013, where lower values
indicate a higher probability of harm. PROVEAN delta scores ranged from -4.53 (G271D) to -12.08
(W305G), all meeting the -4.5 cutoff for detrimental impact. SNPs&GO marked six of seven as disease-
associated (score >0.5), with R263S at 0.821; V216G was neutral (score = 0.468). PANTHER results were
similar, with W305G highest (0.832) and G311D neutral (0.470). The convergence among these methods
supports the choice of these seven variants.

2.3 Analysis of Protein Thermodynamic Stability

The thermodynamic effects of the seven variants on MCL-1 stability were assessed using four
sequence-based computational tools: I-Mutant2.0, MUpro, SAAFEC, and iStable (Table 2). These tools
predict changes in protein stability upon mutation by estimating AAG (change in Gibbs free energy)
values in kilocalories per mole (kcal/mol); negative AAG values indicate destabilization, while positive
values indicate increased stability. -Mutant2.0 projected destabilizing AAG values (<0 kcal/mol) for all
mutations, from -1.60 kcal/mol (R215G, G271D) to -3.54 kcal/mol (V216G). MUpro found
destabilization for six variants, except G271D, which had a positive score (+0.636). SAAFEC and iStable
also showed destabilizing AAG values for all, ranging from -1.17 kcal/mol (G271D) to -2.50 kcal/mol
(W305G) and from 0.664 (W305G) to 0.756 (V216G), respectively. All results support that these seven
mutations destabilize MCL-1.

2.4 Analysis of Evolutionary Conservation

The evolutionary conservation of wild-type MCL-1 protein residues was evaluated using ConSurf, which
rates conservation from 1 (variable) to 9 (highly conserved) within protein families (Figure 2). Among the
seven harmful variants, R215G and R263S were at highly conserved, exposed sites (scoring 9). V216G,
G271D, and W305G were also highly conserved but buried inside the protein. L235Q and G311D had
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fewer conserved sites. The fact that five variants are at the most conserved positions suggests they are
essential, and mutations at these sites are likely to impair protein structure and function.

2.5 Comparative Structural Analysis of Wild-Type and Mutant Proteins

Structure-based predictions from mCSM and DynaMut2 (Table 3) agreed with those from sequence-
based tools (Table 1). mCSM found all seven variants destabilizing; V216G (AAG = -2.35 kcal/mol) and
W305G (AAG = -2.818 kcal/mol) were most affected. The remaining variants had destabilizing values
from -0.763 (R215G) to -1.832 (R263S). DynaMut2 also indicated destabilization for all; W305G had the
largest free-energy drop (AAG = -2.90), with V216G next (AAG = -2.28). Both methods flagged V216G
and W305G as the most disruptive variants for protein stability.

2.6 Assessment of Structural Consequences of Point Mutations

Project HOPE found clear physical and chemical differences between wild-type and mutant side chains
at all seven positions (Table 4). Four variants (R215G, V216G, R263S, and W305G) had shorter side
chains than in the wild-type protein. L235Q, G271D, and G311D had larger side chains. Smaller side
chains may disrupt bonding or protein packing, while larger side chains can cause steric clashes.
MetaRNN pathogenicity scores ranged from 0.862 (V216G) to 0.982 (G311D), with all variants marked
pathogenic. The combined changes in side-chain size and high MetaRNN scores identify these as likely
harmful.

2.7 Analysis of Interaction Networks and Pathway Enrichment

GeneMANIA identified 20 human genes associated with MCL-1. Edges in the network map represent co-
expression, physical interactions, shared pathways, co-localization, genetic interactions, and domain
similarity (Figure 3A; Supplementary file 2). Main interactors included BAK1 (0.0054), BCL2L11 (0.0043),
PMAIP1 (0.0022), BAX (0.0013), HUWE1 (0.00113), BCL2L1 (0.00076), and BCL2 (0.00062)
(Supplementary file 2). STRING analysis yielded a confidence score of 0.999, identifying 10 MCL-1
interaction partners including BAK1, BAX, BCL2, and BCL2L1 (Figure 3B). Pathway enrichment analysis
via WebGestalt identified seven main pathways among MCL1-related genes (Supplementary file 3). The
top pathway was apoptosis (hsa04215; enrichment ratio = 106.82, p = 1.48 x 10-"%, FDR = 5.19 x 10-"3).
Other pathways included apoptosis (hsa04210), platinum drug resistance, p53 signaling, cancer
pathways, colorectal cancer, and measles.

2.8 Structural Modeling and Validation of Mutant Proteins Using the Ramachandran Plot

Wild-type MCL-1 (PDB ID: 60QB, 1.60 A, X-ray crystallography; Figure 4A) and BAK (PDB ID: 7M5B, 1.85 A,
X-ray; Figure 4A) structures were retrieved from the Protein Data Bank. Seven MCL-1 missense variants
were modeled in 3D using SWISS-MODEL. Templates were chosen based on GMQE and sequence
coverage. PyMOL was used to visualize the mutant models (Figure 4B). Ramachandran plot validation
using PROCHECK showed each model had 95.6% of residues in most favored regions (Figure 4C),
meeting accepted modeling standards. All structures were validated before docking experiments.
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2.9 Molecular Docking of Proteins

Molecular docking was performed for the seven MCL-1 variants with wild-type BAK using five platforms,
with the wild-type MCL-1-BAK complex serving as baseline (Table 5). The wild-type complex had a
binding free energy of AG = -16.17 kcal/mol and a dissociation constant of Kd = 1.38 x 10-"2 M. All
mutants showed slightly more negative AG values (-16.18 to -16.35 kcal/mol) and similar or lower Kd
values, suggesting comparable or increased BAK binding affinity. HDOCK assigned the wild-type
complex a docking score of -251.41 and ligand RMSD of 48.03 A; all seven mutant complexes had lower
scores (-260.82 to -268.85) and lower RMSD values (34.82-34.97 A), indicating more energetically
favorable binding conformations. ClusPro gave a center-weighted score of -672.2 to the wild-type;
R215G (-769.2), L235Q (-748.9), G271D (-706.2), W305G (-725.6), and G311D (-769.2) had more
negative scores, while V216G (-669.4) and R263S (-641.1) had somewhat fewer negative values.
HADDOCK calculated a score of 233.5 + 34.5 for the wild-type; five mutants—R215G (288.1 + 14.0),
L235Q (284.8 £ 9.0), R263S (278.0 £ 9.6), G271D (248.1 + 39.1), and V216G (236.4 *+ 26.1)—surpassed
this value, while W305G (210.5+ 11.9) and G311D (211.4 + 7.1) did not. PRODIGY estimated AG = -12.8
kcal/mol for the wild-type; five mutants—R215G (-13.6), V216G (-15.6), L235Q (-13.8), R263S (-14.9),
and G271D (-14.2)—showed more favorable values, while W305G (-11.4) and G311D (-11.5) had
slightly less negative values. R215G, V216G, L235Q, R263S, and G271D were selected for molecular
dynamics simulation based on their consistently superior docking profiles across all five platforms.

2.10 Analysis of Molecular Dynamics Simulations

To evaluate structural stability and dynamic characteristics of the five highest-ranked docked complexes
relative to the wild-type MCL-1-BAK complex, 100 ns molecular dynamics simulations were performed.
RMSD, RMSF, radius of gyration (Rg), and hydrogen bond count were evaluated as measures of structural
integrity, residue-specific flexibility, and interfacial compactness (Supplementary file 4). All six
complexes achieved trajectory convergence throughout the 100 ns simulation (Figure 5A). The wild-type
complex demonstrated RMSD values of 5.0 x 10-7 to 0.602 nm (mean 0.481 nm). R215G exhibited the
largest RMSD range (5.0 x 10-7 to 0.621 nm; mean 0.504 nm), indicating marginally reduced stability. The
four remaining mutants displayed more constrained profiles: V216G (mean 0.420 nm), L235Q (mean
0.475 nm), R263S (mean 0.440 nm), and G271D (mean 0.461 nm).

RMSF analysis revealed that R215G had the highest average RMSF (0.567 nm; range: 0.235-1.466 nm),
while V216G had the lowest (0.281 nm; range: 0.118-0.680 nm), indicating the greatest structural rigidity
(Figure 5B). L235Q (mean 0.373 nm), R263S (mean 0.344 nm), and G271D (mean 0.350 nm)
demonstrated flexibilities comparable to the wild-type (mean 0.387 nm). Rg analysis showed that all five
mutant complexes exhibited marginally reduced mean Rg values relative to the wild-type (2.143 nm):
R215G (2.128 nm), V216G (2.063 nm), L235Q (2.094 nm), R263S (2.077 nm), and G271D (2.108 nm),
suggesting enhanced interfacial compaction consistent with heightened binding affinities (Figure 5C).
Hydrogen bond analysis revealed that the wild-type complex had a mean of 156.4 bonds per frame
(range: 131-237). R215G exhibited the lowest average (145.4; range: 120—209) and highest variability. In
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contrast, V216G (158.9), L235Q (161.6), R263S (166.1), and G271D (158.1) demonstrated enhanced
average hydrogen bond counts relative to both the wild-type and R215G, with reduced inter-frame
variation, indicating improved interfacial specificity and structural integrity (Figure 5D).

3.0 Discussion

This study employed a comprehensive computational framework to examine the structural and
functional consequences of somatic missense variants in MCL-1 and their effects on the MCL-1-BAK
inhibitory complex. Among 146 missense variants, seven high-confidence deleterious mutations (R215G,
V216G, L235Q, R263S, G271D, W305G, and G311D) were identified. Five variants (R215G, V216G, L235Q,
R263S, and G271D) were selected for molecular dynamics (MD) simulation based on their superior and
consistent docking profiles. All five variants destabilized the MCL-1 monomer but maintained or
enhanced BAK binding affinity and complex stability, consistent with prior computational analyses of
gain-of-function mutations in the BCL-2 family'”'8.

The identification of seven deleterious variants was assessed using SIFT, PolyPhen-2, PROVEAN,
SNPs&GO, and PANTHER prioritizing pathogenic variants. PolyPhen-2 values exceeding 0.98 and
PROVEAN scores below - 4.5 indicate substantial deleterious potential, while MetaRNN pathogenicity
ratings (0.862-0.982) provide additional machine-learning validation. Employing five complementary
classifiers significantly reduces false positives, as demonstrated in BCL-2 family mutation screening
where multi-tool consensus reliably predicts functional disruption. R263S received the highest
pathogenicity scores (PolyPhen-2 = 1.000; PROVEAN = - 5.94; SNPs&GO = 0.821), consistent with its
location at the canonical Arg263 ionic anchor of the BH3-binding groove targeted by clinical-stage MCL-

1 inhibitors like AZD5991 and S6384514:°

All seven variants exhibited negative AAG values across six thermodynamic prediction platforms,
consistently indicating MCL-1 monomer instability. V216G produced the greatest destabilization (I-
Mutant2.0 AAG = - 3.54 kcal/mol; mCSM = - 2.35 kcal/mol; DynaMut2 = - 2.28 kcal/mol) by removing
the valine isopropyl side chain from pocket P3, creating a hydrophobic void that compromises the
compact BH-domain scaffold. A similar reported mechanism, whereby a hydrophobic substitution at a
P3-adjacent MCL-1 site (V220F) induced a loop-to-helix transition, destabilizing the monomer while
altering BAX interactions'”. W305G also resulted in significant destabilization (DynaMut2 AAG = - 2.90
kcal/mol), attributable to loss of the tryptophan indole side chain critical for hydrophobic core packing.
Project HOPE analysis corroborated these observations: R215G, V216G, and R263S introduced smaller
side chains causing internal voids and disrupted interface contacts, while L235Q and G271D introduced
larger, polarity-inconsistent residues causing steric and electrostatic disturbances within the BH3-helical
core. Elevated ConSurf conservation scores (8-9) at five of seven positions indicate strong purifying
selection, suggesting mutations at these sites likely disrupt the specialized scaffold required for
BAK/BAX sequestration.
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GeneMANIA and STRING (confidence score 0.999) confirmed the central role of MCL-1 in mitochondrial
apoptosis, identifying direct interactors including BAK1, BAX, BIM, NOXA, BCL-XL, BCL-2, and HUWET1.
KEGG pathway enrichment analysis via WebGestalt identified apoptosis (hsa04215; enrichment ratio
106.82; FDR = 5.19 x 10-'3) as the primary pathway, with platinum drug resistance (hsa01524) and p53

signaling (hsa04115) also significantly enriched. The association between platinum resistance®’ and

elevated MCL-1 expression® is well-established as a mechanism of cisplatin resistance in various

tumors, where MCL-1-mediated BAK sequestration restricts mitochondrial apoptosis in response to
chemotherapeutic agents. Somatic mutations that enhance the MCL-1-BAK interaction, as observed in
all five selected variants, may further contribute to resistance beyond gene amplification. MCL-1
amplification at the 121 locus occurs in nearly 40% of multiple myeloma cases'?, whereas gain-of-
function mutations represent a distinct resistance mechanism undetectable by standard protein
quantification.

Despite MCL-1 destabilization by all variants, molecular docking consistently demonstrated improved or
comparable BAK binding affinities relative to the wild-type (PRODIGY AG = - 12.8 kcal/mol). The
mechanistic basis lies in the distinction between global fold stability and binding-interface stability:
mutations that create voids in the hydrophobic core can simultaneously reduce steric hindrance at the
binding groove, enabling tighter inter-chain packing®®°°. V216G exhibited the highest binding energy
(PRODIGY AG = - 15.6 kcal/mol; Kd = 1.01 x 102 M) due to an optimized P3 cavity accommodating the
BAK BH3 helix. R263S (PRODIGY - 14.9 kcal/mol) compensates for salt-bridge loss by forming new
hydrogen bonds via serine at position 263, preserving BAK contact geometry—an adaptive mechanism
consistent with recent findings®'8, who demonstrated that distributed contacts across the P1-P4
groove maintain high-affinity BAK sequestration. G271D (PRODIGY - 14.2 kcal/mol) alters P2 pocket
engagement from hydrophobic to partially electrostatic through novel aspartate—BAK contacts. L235Q
(- 13.8 kcal/mol) may establish new hydrogen bonds at the groove floor. R215G (- 13.6 kcal/mol)
enhances docking pose accuracy (RMSD 34.82 A versus 48.03 A wild-type) by reducing steric clashes at
the groove entrance and improving BAK BH3 orientation.

The 100 ns MD simulations corroborated the docking results. Four variants—V216G, L235Q, R263S, and
G271D—displayed reduced mean RMSD values (0.420, 0.475, 0.440, and 0.461 nm) compared to the
wild-type (0.481 nm), and reduced radius of gyration (2.063-2.108 nm versus 2.143 nm), indicating
enhanced interfacial compaction consistent with heightened binding affinities. V216G exhibited the
lowest RMSF (0.281 nm), suggesting that the P3 cavity restricts inter-chain mobility and promotes a
rigid, compact interface. These results are consistent with prior MD studies of MCL-1 with BH3-domain
peptides, where reduced interface RMSF correlated with prolonged complex half-life and increased
resistance to BH3-mimetic displacement®°.

Hydrogen bond analysis revealed that R263S formed the highest average number of intermolecular
hydrogen bonds (166.1 + 9.57 per frame) compared to the wild-type (156.4 + 9.23), demonstrating that
the serine substitution establishes a denser hydrogen-bond network involving the serine hydroxyl,
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backbone carbonyl, and backbone amine, compensating for the loss of the ionic anchor. Enhanced

stability of MCL-1-partner complexes blunt stress-induced apoptosis in hematopoietic cells®’; the
R263S findings suggest groove-remodeling mutations can achieve analogous complex stabilization
without MCL-1 overexpression. R215G was the sole exception, exhibiting increased RMSD (0.504 nm)
and RMSF (0.567 nm) and a reduced average hydrogen bond count (145.4 + 9.44), consistent with
conformational disorder at the groove entrance following loss of the Arg215 surface anchor. Despite its
improved docking geometry, R215G likely results in more transient BAK contacts, mechanistically
distinguishing it from the other four variants.

4.0 Methodology

The comprehensive analysis of MCL-1 missense mutations, including identification and characterization,
is shown in Fig. 1.

4.1 Acquisition of Protein Sequence and Missense Variant
Information

The human MCL-1 protein sequence (UniProt Q07820) was obtained from UniProt?°
(https://www.uniprot.org/) database. Somatic missense mutations of MCL1 were collected from
COSMIC™ (https://cancer.sanger.ac.uk/cosmic; accessed 10 August 2025) and were not listed in
Clinvar?" (https://www.ncbi.nim.nih.gov/clinvar/; accessed 10 August 2025). All variants were analyzed
in silico considering that missense substitutions may alter protein folding, stability, interactions, and

function.

4.2 Prediction of Functional Impact of Missense Variants

The functional effects of each amino acid change were assessed using four sequence-based tools.
SIFT?? (https://sift.bii.a-star.edu.sg/) evaluates evolutionary conservation and labels mutations as
deleterious (= 0.05) or tolerated (> 0.05). PolyPhen-223 (http://genetics.bwh.harvard.edu/pph2/) uses
conservation, structure, and function data to classify variants as benign (0.00-0.45), possibly damaging
(0.45-0.98), or probably damaging (0.98-1.00). PROVEAN?* (http://provean.jcvi.org) compares wild-type
and mutant protein sequences, scoring < - 4.5 as deleterious and higher scores as neutral. SNPs&G0?°
(http://snps.biofold.org/snps-and-go/) uses sequence, conservation, and Gene Ontology data to predict

whether variants are disease-associated (= 0.5) or neutral (< 0.5). Findings from PANTHER?® were also
referenced.

4.3 Analysis of Protein Thermodynamic Stability

Four tools assessed the thermodynamic impact of each substitution on MCL-1 stability. I-Mutant 2.0%”
(http://folding.biofold.org/i-mutant/i-mutant2.0.html) predicts changes in folding free energy (AAG), with

AAG =0 kcal/mol indicating greater stability and AAG < 0 kcal/mol indicating destabilization. MUpro?®
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(http://mupro.proteomics.ics.uci.edu/) uses neural network and support vector machine algorithms to
classify substitutions as stabilizing (score = 0) or destabilizing (score < 0). SAAFEC?°
(http://compbio.clemson.edu/SAAFEC/) estimates AAG for single-point mutations to assess changes in
stability. iStable39 (http://predictor.nchu.edu.tw/iStable/indexSeq.php) combines multiple methods to
provide consensus AAG predictions. All tools used the protein FASTA sequence, mutation site, and
substituted residue as inputs.

4.4 Evolutionary Conservation Analysis

Evolutionary conservation of wild-type MCL-1 residues was evaluated using the ConSurf server®’

(http://consurf.tau.ac.il/). This tool estimates evolutionary rates from a multiple sequence alignment and
a phylogenetic tree of homologous proteins. Residues are graded 1 (very variable) to 9 (highly
conserved). Previously identified variants were mapped onto the MCL-1 conservation profile by aligning
sequence positions, prioritizing substitutions at constrained sites likely to be functionally or structurally
important.

4.5 Evaluation of Structural Consequences of Point
Mutations

Project HOPE3? (http://www.cmbi.ru.nl/hope/) was employed to examine the physicochemical and
structural effects of each MCL-1 missense mutation. The server amalgamates three-dimensional protein
structural coordinates from the PDB with functional annotations from UniProt and DAS-based
predictions, generating comparative reports that elucidate variations in size, charge, hydrophobicity, and
secondary-structure propensity between wild-type and mutant residues. Pathogenicity scores from
MetaRNN23, ranging from 0 to 1, were obtained for each mutation, with higher values indicating a greater
likelihood of pathogenicity.

4.6 Comparative Structural Modeling of Wild-Type and
Mutant Proteins

Mutations affecting the structural stability of MCL-1 were simulated using mCSM3*
(http://structure.bioc.cam.ac.uk/mcsm). This machine learning framework utilizes graph-based atomic
distance signatures to predict alterations in Gibbs free energy (AAG values). Mutations were classified
as stabilizing or destabilizing based on the sign and magnitude of the predicted AAG. DynaMut23°
(https://biosig.lab.uqg.edu.au/dynamut2/) was employed to assess alterations in conformational
flexibility and thermodynamic stability through normal mode analysis (NMA). Predicted free energy
changes (AG values) below zero were classified as destabilizing, whilst those above zero were regarded
as stabilizing. Both tools required the wild-type protein structure in PDB format as input.

4.7 Interaction Network and Pathway Enrichment Analysis

The functional interaction network of MCL1 was investigated using GeneMANIA3®
(http://www.genemania.org), which analyzes genomic and proteomic datasets to identify functionally
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associated genes via co-expression profiles, shared pathway involvement, co-localization, protein
domain similarity, and established physical interactions. Functional activity acquired these interacted
genes from GeneCards®’ (www.genecards.org). Physical protein—protein interaction networks were
subsequently established using STRING? (https://string-db.org/), with a minimum interaction
confidence of 0.999 enforced to retain only robustly supported partnerships. Biological pathway

enrichment analysis was conducted using WebGestalt3® (http://www.webgestalt.org/) to identify

significantly over-represented molecular pathways among MCL1-associated genes.

4.8 Homology Modeling of Mutant MCL-1 and Its Structure
Validation Using Ramachandran Plot

Experimentally resolved structures of wild-type MCL-1 (PDB: 60QB) and human BAK (PDB: 7M5B) were
retrieved from the RCSB Protein Data Bank*? (https://www.rcsb.org). Comparative homology modeling in
SWISS-MODEL*! (https://swissmodel.expasy.org/) using templates with the best global model quality
estimate yielded mutant conformations of MCL-1. UniProt (ID: Q16611) provided the BAK protein
sequence. Each homology model's stereochemical quality was assessed using Ramachandran plot

analysis*?, which examines the distribution of backbone dihedral angles across all residues. The

PROCHECK?*3 validation server (https://www.ebi.ac.uk/thornton-srv/software/PROCHECK/) generated
Ramachandran plots for each mutant MCL-1 model. Stereochemically acceptable models had more than

90% of residues in the most favored regions. PyMOL** molecular visualization software was used to
visualize the mutant models (Fig. 4B). All structures were validated before docking experiments.

4.9 Protein-Protein Molecular Docking

Protein-protein docking of each MCL-1 mutant with wild-type BAK was conducted using five

complementary platforms. PPA-Pred2® (https://www.iitm.ac.in/bioinfo/PPA_Pred/) and PRODIGY*®
(http://milou.science.uu.nl/services/PRODIGY) both calculated binding free energy (AG) and
dissociation constant (Kd), where more negative AG and lower Kd values indicate stronger binding
affinity. HDOCK*’ (https://hdock.phys.hust.edu.cn/) produced docking scores and ligand RMSD values,
with lower RMSD values indicating greater pose accuracy. ClusPro*® (https://cluspro.org/) determined
stable binding geometries using cluster-based energy scoring with minimal center-weighted energies.

HADDOCK 2.4%° (https://wenmr.science.uu.nl/haddock?2.4/) executed data-driven docking using
bioinformatics-derived constraints, where lower scores indicate stronger, more stable complexes.

4.10 Molecular Dynamics Simulation

To track atomic-level movements over time, 100-nanosecond molecular dynamics simulations®® were

performed on the five leading docked complexes to assess flexibility and stability. All simulations used
the GROMACS®' program through the WebGRO®? platform (https://simlab.uams.edu/), with the
CHARMM27° force field modeling atomic interactions. Systems were charge-neutralized with 0.15 M
NaCl and solvated with a TIP4P>* water box. Energy minimization was performed over 5,000 steps,
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followed by NVT and NPT equilibration at 298 K and 1 bar. During each 100 ns simulation, 1,000
snapshots were saved and subsequently analyzed for RMSD, RMSF, hydrogen bond count, and radius of

gyration®®.

5.0 Conclusion

This study investigated whether somatic missense variants in MCL-1 alter its capacity to sequester the
pro-apoptotic protein BAK and evaluated the implications for apoptotic resistance. Using a systematic,
multi-tier computational pipeline, five variants (R215G, V216G, L235Q, R263S, and G271D) were identified
that maintain or enhance BAK sequestration. Of these, R263S is the most clinically significant, as it
abolishes the primary pharmacophoric anchor while paradoxically increasing BAK retention. The G271D
variant remodels the P2 pocket, shifting it from a hydrophobic to a partially electrostatic environment
and thereby compromising existing P2-targeting inhibitor scaffolds. In contrast, the enhanced groove
geometries produced by V216G and L235Q present opportunities for the rational design of mutation-
specific MCL-1 inhibitors. As the findings are based solely on computational analyses, experimental
validation is necessary. Recommended follow-up studies include site-directed mutagenesis, isothermal
titration calorimetry, BAK displacement assays, and cellular apoptosis assays in MCL-1-dependent
cancer cell lines. Overall, these results advance the mechanistic understanding of MCL-1-mediated
apoptotic resistance and provide a structural basis for precision oncology strategies targeting mutation-
specific groove conformations in MCL-1-dependent malignancies.
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Figure 1

Schematic workflow for the characterization of MCL-1 missense mutations and interaction analysis
with BAK. The flowchart outlines the sequential steps used to characterization of missense mutations in
the MCL-1. Subsequently, molecular docking and simulations were performed between MCL-1 and BAK
to assess mutations that alter BAK sequestration, a key interaction regulating mitochondrial outer
membrane permeabilization in apoptosis.
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Figure 2

Prediction of evolutionary conserved amino acid residues by ConSurf server. Conservation score is
represented as the color-coding bars. Residues are categorized as exposed (e), buried (b), functional (f;
conserved and exposed), or structural (s; conserved and buried).
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Figure 3

Gene-gene of MCL1 and protein-protein of MCL-1 interactions analysis by GeneMania and STRING. (A)
GeneMANIA gene-gene interaction for MCL1 Gene with 20 genes. Different colors of the network edge
indicate physical interactions (77.64%), co-expression (8.01%), predicted (5.37%), co-localization (3.63%),
genetic interaction (2.87%), pathway (1.88%), and shared protein domain (0.60%). (B) MCL-1 protein
interacts with a total of 10 different proteins. Colored nodes: query proteins and first shell of interactors.
Empty nodes: proteins of unknown 3D structure (BBC3). Filled nodes: 3D structure is known/predicted.
Edges represent protein-protein associations.
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Figure 4

Homology modeling by Swiss-Model, visualization with PyMOL, and protein validation by
Ramachandran plot. (A) Three-dimensional structure of wild-type MCL-1 and BAK, visualized using
PyMOL. (B) Homology models of selected MCL-1 mutated variants were generated using the Swiss-
Model server and SNPs are highlighted in red on the superimposed structures. (C) Ramachandran plot
validation of mutant MCL-1 models showing the distribution of phi (¢) and psi (y) torsion angles for all
residues. Residues in most favored regions are shown in red, while those in additionally allowed regions
are shown in yellow.
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Figure 5

Analysis of RMSD, RMSF, Rg, and H-bonds of native and five mutants of MCL17 over a 100-ns
simulation. (A) Root Mean Square Deviation (RMSD) fluctuations of of Ca atoms of native and mutant
structures. (B) RMSF analysis showing variation of Ca atoms of native and mutant structures. (C) Radius
of gyration (Rg) analysis represented as a time-dependent change during the simulation. (D) Calculation
of H-bonds analysis is represented as a time-dependent process between wild type and mutant proteins
for 100ns/100000ps simulation. The color code is as follows: MCL native (blue), R215G mutant (orange),
V216G mutant (green), L235Q mutant (light blue), R263S mutant (purple), and G271D mutant (light
green).
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