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A B S T R A C T

Bruton tyrosine kinase (BTK) is a non-receptor tyrosine kinase crucial for relaying signals from the B cell antigen 
receptor (BCR) in cancerous B lymphocytes. It has been reported that mutations in this protein cause resistance to 
various covalent and non-covalent drugs. Therefore, we employed a computational genomic mutation screening 
strategy, combined with molecular simulation, to assess the impact of clinical substitutions on the structure and 
binding of ARQ 531(Nemtabrutinib), the most potent BTK inhibitor. Using various machine learning algorithms, 
62 clinical mutations were identified as deleterious among the 82, while 11 were classified as highly destabi
lizing using graph signature-based methods. We selected the top mutations that are deleterious and highly 
destabilizing, which include L408P, Y476D, M477R, C481R, C481Y, and L542P. Molecular docking analysis 
revealed no significant variations in the bonding network, while molecular simulation results revealed local 
changes only in the dynamic behavior. The resemblance to the wild type and mutants in certain PCs (principal 
components) implies that specific structural aspects or dynamics remain preserved despite the mutation, and the 
single energetic minimum indicates a robust and dominant structural state, reinforcing that these mutations 
affect the protein locally but not globally. Finally, the total binding free energy (TBE) calculations revealed that 
ARQ531 exhibits broadly conserved binding energetics across clinically observed BTK mutants, with select 
variants (notably C481 substitutions) showing moderately enhanced stabilization relative to the wild type. These 
findings confirm that ARQ 531 remains a significant investigational therapy specifically for overcoming drug 
resistance in multiple leukemias and B-cell malignancies and can serve as a starting point for designing more 
robust and effective BTK inhibitors.

1. Introduction

Bruton tyrosine kinase (BTK) is a non-receptor tyrosine kinase 
crucial for relaying signals from the B cell antigen receptor (BCR) and 
various other cell surface receptors in both healthy and cancerous B 
lymphocytes. BCR signaling activation, occurring primarily in second
ary lymphoid organs, fuels the uncontrolled growth of malignant B cells, 

such as those found in chronic lymphocytic leukemia (CLL). In the last 
decade, BTK inhibitors (BTKi) have gained much popularity and have 
gradually replaced chemotherapy-based treatment for many individuals 
with CLL and mantle cell lymphoma (MCL) (Burger, 2019; Mohamed 
et al., 2009; Quartier et al., 1999). The process of BTK activation begins 
with a BCR-antigen binding, followed by an activation cascade with 
downstream signalling events, and thus contributes to B cell survival, 
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proliferation, and maturation (Smith et al., 2001; Takata and Kurosaki, 
1996). After the BCR is engaged and activated, the immune-receptor 
tyrosine-based activation motifs (ITAMs) located on the cytoplasmic 
tails of the Igα and Igβ (CD79a/CD79b) proteins cluster into one unit and 
are phosphorylated (de Gorter et al., 2007). Phosphorylated ITAMs re
cruit spleen tyrosine kinase (SYK), allowing SYK to form a complex with 
a B cell linker (BLNK, also known as SLP65 or BASH). After BTK is 
activated, then CD19, PI3-K is activated, followed by the elevation of 
cytoplasmic PIP3 levels, which signals further downstream events, 
activating phospholipase Cγ2 (PLCγ2), which is responsible for calcium 
and PKC activation. The activation of NF-κB and ERK regulates further 
transcriptional activation. Without BTK, BCR signalling cannot effec
tively induce mature peripheral B cell differentiation. This results in an 
altered development of B cells and impaired functional responses, 
including impaired cellular proliferation, lower-level expression of 
activation markers, decreased production of cytokines and antibodies, 
and impaired responses to infections. Remarkably, the overexpression of 
BTK in B cells induces spontaneous germinal center formation, antinu
clear autoantibody production (Quartier et al., 1999; Smith et al., 2001), 
and initiates a systemic lupus erythematosus (SLE)-like autoimmune 
condition. This outcome stems from heightened BCR signaling and 
increased NF-κB activation. Interestingly, the use of the BTK inhibitor 
ibrutinib has been shown to have the potential to reverse these effects 
(Bond and Woyach, 2019).

Variations in the binding of BTKi to BTK may manifest in distinct 
patterns of BTK mutations, particularly in the context of prolonged 
treatment required for CLL. Recently published studies in (Blombery 
et al., 2022; Naeem et al., 2023; Wang et al., 2022) have elucidated the 
specific mutation patterns associated with the covalent BTK inhibitor 
zanubrutinib and the noncovalent BTK inhibitor pirtobrutinib in CLL 
patients. Patients undergoing treatment with the pioneering BTK in
hibitor, ibrutinib (Kadri et al., 2017; Gángó et al., 2020; Ahn et al., 
2017), or the second-generation BTK inhibitor acalabrutinib (Woyach 
et al., 2019), tend to experience relapse predominantly characterized by 
BTK C481S mutations. These mutations lead to decreased binding af
finity of the covalent BTK inhibitor to BTK, contributing to therapeutic 
challenges. The BTK mutational patterns observed in zanubrutinib 
(Handunnetti et al., 2019) and pirtobrutinib differed significantly. For 
patients receiving zanubrutinib who were experiencing disease pro
gression, there was a notable increase in BTK L528W mutations. Unlike 
the C481S mutation, which allows the kinase to retain its activity, the 
L528W mutation hinders both the binding of covalent inhibitors and 
adenosine triphosphate, resulting in the generation of a "kinase-dead" 
protein. Progressions associated with pirtobrutinib have also revealed 
non-C481 mutations within the kinase domain, including V416L, 
A428D, M437R, T474I, alongside L528W. Furthermore, in cases 
involving inactivating C481 mutations (C481F and C481Y), signaling to 
PLCG2 may persist through a kinase-independent activation of he
matopoietic cell kinase (Dhami et al., 2022).

ARQ 531 is a reversible BTK inhibitor that retains activity in 
ibrutinib-resistant CLL, including models harboring the recurrent C481S 
BTK mutation and activating PLCγ2 mutations. By inhibiting BTK 
independently of C481 covalent binding and suppressing downstream 
BCR signaling through additional kinases such as SYK and LYN, ARQ 
531 represents a promising clinical candidate for overcoming resistance 
mechanisms that limit current BTK-targeted therapies (Liu et al., 2015; 
Jones et al., 2017). New findings show that using ARQ 531 decreases the 
ability of BTK to perform its many functions in CLL cells, including its 
ability to regulate the BCR signaling pathway, support the viability of 
these cells, enable migration of CLL cells in and out of the bone marrow, 
and regulate the expression of several necessary genes in CLL cells. 
When tested in animal models of CLL and Richter's transformation, pa
tients treated with ARQ 531 had better survival than patients treated 
with ibrutinib. Additionally, ARQ 531 was shown to inhibit the muta
tions that develop in BTK due to treatment resistance, providing a po
tential therapeutic option for CLL patients with specific genetic 

mutations associated with treatment resistance. (Reiff et al., 2018a). 
ARQ 531 was also shown to inhibit the viability of CLL cells, to inhibit 
the migration of CLL cells, and to inhibit the expression of genes needed 
for CLL, including mutations acquired during therapy with ibrutinib or 
in Richter's transformation; and, in addition, it was shown to be effective 
against both naive and resistant CLL. Studies using a mouse model 
demonstrated that mice treated with ARQ 531 survived longer than 
those treated with ibrutinib. Thus, these results indicate that treatment 
with ARQ 531 may be able to overcome the mechanisms of resistance 
seen with selected BTK inhibitors, indicating that further preclinical and 
early clinical study of ARQ 531 is needed, along with careful monitoring 
of safety and effectiveness, with the possible use as a broader-spectrum 
kinase inhibitor (Reiff et al., 2018b). Indirect inhibition of Syk could 
lead to the investigation of ARQ 531 against acute myeloid leukemia, 
where Syk plays a key role in leukemia progression. The rationale for 
further evaluation of the effect of ARQ 531 on other types of cancer 
exists. ARQ, ARQ 531, or MK-1026 remains a very important investi
gational clinical candidate for overcoming drug-resistant CLL and B-cell 
malignancies (Boros et al., 2015; Carnevale et al., 2013). Its primary 
clinical value lies in its unique mechanism as a reversible, non-covalent 
BTK inhibitor, which allows it to remain effective even after patients 
develop resistance to standard covalent inhibitors like ibrutinib (De 
Nigris et al., 2024; Woyach et al., 2022). Therefore, the current inves
tigation employs an integrated approach combining genomic clinical 
mutation screening with molecular dynamics simulations to evaluate 
the impact of selected clinically lethal mutations on the binding of ARQ 
531 through binding free energy calculations and essential dynamics 
analyses. This study aims to elucidate the binding mechanism and to 
examine whether the selected mutations may underlie potential resis
tance to ARQ 531, thereby providing insights that could support the 
development of improved BTK inhibitors and contribute to enhanced 
clinical outcomes.

2. Materials and methods

2.1. BTK sequence and 3D structure data collection

We performed systematic analyses of the retrieved mutations from 
the gnomAD database (an online repository of genetic variation infor
mation), and detailed information about each SNP reported in the BTK 
gene in humans (Karczewski et al., 2020). Additionally, the confirmed 
crystal structure of the BTK protein (PDB ID: 6E4F) was accessed and 
obtained from the Protein Data Bank (http://www.rcsb.org/), a re
pository for biomolecular structural data (Bender et al., 2017).

2.2. Prediction of deleterious non-synonymous single nucleotide 
polymorphisms (SNPs) in BTK

Several online servers, including PANTHER (Protein ANalysis 
THrough Evolutionary Relationships), PredictSNP, SNAP (screening for 
non-acceptable polymorphisms), SIFT (Sorting Intolerant from 
Tolerant), PhD-SNP (Predictor of human Deleterious Single Nucleotide 
Polymorphisms), MAPP (Multivariate Analysis of Protein Poly
morphism), and PolyPhen-2 (Polymorphism Phenotyping version 2), 
were utilized for the prediction of the functional impact of non- 
synonymous single nucleotide polymorphisms (nsSNPs). PredictSNP, 
available at https://loschmidt.chemi.muni.cz/predictsnp1/, amalgam
ates various prediction tools to offer more reliable and accurate forecasts 
compared to individual tools. It leverages experimental annotations to 
enhance the predictions made by these integrated tools (Bendl et al., 
2014). MAPP (http://mendel.stanford.edu/SidowLab/download 
s/MAPP/) assesses the impact of all potential SNPs on protein func
tion by examining the physicochemical variations within aligned pro
tein sequences (Stone and Sidow, 2005). PhD-SNP (http://snps.biofold. 
org/phd-snp/phd-snp.html) categorizes non-synonymous SNPs 
(nsSNPs) as either disease-associated or neutral polymorphisms through 
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their scoring system (ranging from 0 to 1) (Capriotti et al., 2006). 
PolyPhen-2 (http://www.genetics.bwh.harvard.edu/pp2) determines 
whether a substitution of one amino acid for another in the protein will 
affect the protein's structure or functionalities, and score amendments 
with values of 0 to 1, the non-synonymous SNPs identified in this pro
gram represent potentially deleterious mutations, which are character
ized by their higher scores through mutations compared to the score of 
0 (indicating No loss of function effect from the substituted amino acid) 
(Adzhubei et al., 2010).

SIFT (http://sift.bii.a-star.edu.sg) is a tool that predicts the impact of 
a single amino acid substitution on protein functions from the physi
ochemical properties of the amino acids and the degree of similarity 
between the sequences containing each pair of amino acids of the two 
protein sequences receiving scores of 0 to 1 (0-0.05 = deleterious mu
tations, and 0.05-1 = non-deleterious mutations) (Sim et al., 2012). The 
SNAP prediction server (https://rostlab.org/services/snap) uses a neu
ral network to provide predictions of the effect of amino acid sequence 
variants on protein function. With a prediction score range of − 100 to 
100, where − 100 indicates the most likely neutral effect and 100 in
dicates a very high likelihood that a given single amino acid change will 
alter the function of the resulting native protein (Hecht et al., 2015). The 
PANTHER-PSEP tool, available at http://www.pantherdb.org/tool 
s/csnpScoreForm.jsp, also utilizes a unique predictive method based 
on evolutionary conservation to predict the pathogenicity of 
non-synonymous mutations associated with human diseases It relies on 
a unique metric linked to evolutionary conservation. By utilizing related 
proteins, it reconstructs probable sequences of ancestral proteins at 
various points in a phylogenetic tree. This enables tracing the historical 
path of each amino acid, estimating the duration it has remained pre
served across ancestral states, and revealing its importance in disease 
prediction.

2.3. Effect of mutation on structure stability

Protein stability is critical to many biological functions, as proteins 
make up the majority of cells and organisms and their three-dimensional 
structures directly impact their ability to function. To assess how the 
identified mutations affect the stability of BTK 1, we utilized the I- 
Mutant 2.0 server (https://folding.biofold.org/i-mutant/i-mutant2.0. 
html), which requires the wild-type and mutant residue positions to 
determine the effect the substitutions have on the protein's stability. A 
ΔΔG score that is positive indicates an increase in stability, while a 
negative ΔΔG score indicates a decrease in stability (Calabrese et al., 
2009). DynaMut2 (http://biosig.unimelb.edu.au/dynamut2), was used 
to assess protein stability based on structural and dynamic changes 
through the use of Normal Mode Analysis (NMA) (Rodrigues et al., 
2021). A negative ΔΔG score indicates destabilization, while a positive 
ΔΔG score indicates stabilization. Finally, mutations identified as 
destabilizing by the previous two servers were further analyzed using 
the mCSM server. This additional analysis, employing a graph-based 
signature approach (http://biosig.unimelb.edu.au/mcsm/stability), 
evaluated the impact of mutants on protein stability by scrutinizing 
Relative Solvent Accessibility (RSA) and ΔΔG (difference in free energy) 
values for each mutation (Pires et al., 2014). The mCSM server provided 
valuable insights into how these mutations influenced the stability of the 
proteins under examination. Additionally, PremPLI has been employed 
in addition to the evaluation of how missense variants affect the ability 
of ARQ531 to bind BTK (https://lilab.jysw.suda.edu.cn/research 
/PremPLI/). A more stringent than usual cutoff (>0.9) as per predic
tion scores has been applied, by default, to shortlist those mutations that 
cause more structural and energetic perturbation, for subsequent mul
tiple molecular simulations, instead of their potential clinical frequency 
or severity. The PredictSNP consensus scores ranging from − 1 to +1 
were used to determine the order in which the mutations were deemed 
functionally damaging, with the higher the positive score, the greater 
the confidence that functional damage will be produced (Sun et al., 

2021). Structural stability was evaluated using mCSM, where increas
ingly negative ΔΔG values correspond to stronger destabilizing effects. 
Binding relevance was assessed using PremPLI, with higher scores 
indicating a greater likelihood of protein–ligand interaction disruption. 
Thresholds were selected to identify mutations ranking highest across 
these complementary metrics, rather than as absolute biological cutoffs.

2.4. Modeling of wild type and variants of BTK

The structure of the BTK1 protein was obtained from the PDB (ID: 
5P9J) and then refined using Chimera software (Webb and Sali, 2016). 
Following this, mutations were introduced into the wild-type (WT) 
structure based on the most detrimental mutants identified in earlier 
analyses. These mutant protein structures were generated by imple
menting specific point mutations within the initial wild-type (WT) 
protein structure using Chimera software. Protonation states of titrat
able residues were assigned at physiological pH using an automated 
pKa/protonation workflow using PROPKA, followed by visual inspec
tion of residues in the binding site. Catalytic or functional residues were 
kept in their dominant states under near-neutral conditions: Lys430 was 
modeled protonated (Lys+), and Asp539 was modeled deprotonated 
(Asp− ) throughout all systems. Histidines were assigned as HIE 
depending on their local hydrogen-bonding environment. Any missing 
side chains were rebuilt during protein preparation. No long unresolved 
loops near the binding site were present, and energy minimization 
before solvation was carried out. Crystallographic waters were treated 
consistently across systems: waters directly mediating ligand–protein 
interactions in the binding pocket were retained, while non-conserved 
bulk waters were removed before solvation. The interactions were 
visualized using PyMOL and Discovery Studio Visualizer (for visualiza
tion purposes only).

2.5. Molecular dynamics simulation

We utilized the AMBER20 package along with the FF19SB force field 
(Salomon-Ferrer et al., 2013; Case et al., 2005) to conduct molecular 
dynamics simulations, examining the structural confirmations of 
generated complexes within a dynamic setting. Both the wild-type and 
mutant complexes underwent solvation within a TIP3P water box (10 Å) 
and were neutralized through the addition of Na+ and Cl-ions. ARQ 531 
was parameterized using a General AMBER Force Field small-molecule 
model (GAFF/GAFF2). Atomic partial charges were derived by a quan
tum-mechanics–based procedure: the ligand geometry was optimized, 
and electrostatic potential (ESP) charges were generated and fit using 
RESP (alternatively, AM1-BCC if used; state one and keep consistent 
across all mutants). The ligand topology and parameters were generated 
using standard AMBER tools (Antechamber/Parmchk) and combined 
with the protein parameters. Additionally, a two-step gentle minimiza
tion process was employed to eliminate any unfavorable clashes present 
within the system. In the initial phase, we used the steepest descent and 
conjugate gradient minimization techniques in two different steps, 
performing 12,000 and 6000 minimization cycles, respectively 
(Watowich et al., 1988; Meza, 2010). Following the minimization, an 
equilibration of each system after heating from 1 atm to 300K was 
achieved. Finally, a 300 ns long molecular dynamics simulation (MDS), 
production phase, was completed, using the particle-mesh Ewald algo
rithm for treatment of long-range interactions and the SHAKE algorithm 
for covalent bond treatment (Babar et al., 2022; Salomon-Ferrer et al., 
2013).

2.6. Post-simulation analysis

We utilized the CPPTRAJ and PTRAJ tools to assess how the BTK1 
mutants impacted the dynamic stability, flexibility, compactness, and 
hydrogen bonding network within both the wild-type and mutant 
complexes (Roe and Cheatham, 2013). To gauge structural compactness 
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over the simulation period, we computed the radius of gyration (Rg). 
Additionally, we examined structural dynamic stability by determining 
the Root Mean Square Deviation (RMSD).

The RMSD was calculated by using the following equation: 

RMSD=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=0
[
mi*

(
Xi − Yj

)2]

M

√

(i) 

Where N is the number of atoms, mi is the mass of atom i, Xi is the co
ordinate vector for target atom i, Yi is the coordinate vector for reference 
atom i, and M is the total mass. However, for assessing structural flexi
bility at the residue level, we computed the Root Mean Square Fluctu
ation (RMSF). This measurement quantifies the fluctuation of residues 
over the simulation period rather than focusing on positional variances 
across the entire complex.

2.7. Binding free energy calculation

The Binding Free Energy (BFE) of the wild type (WT) and mutant 
complexes was calculated via MM/GBSA in a time-dependent pattern. 
The MMGBSA.py script utilized here is widely regarded as one of the 
most effective methods for calculating binding free energies associated 
with a wide variety of biological interactions, including protein-protein, 
protein-nucleic acid, and protein-ligand (Hou et al., 2011; Shahraki 
et al., 2024; Taghizadeh et al., 2024, 2025; Hoseini et al., 2025). The 
MMGBSA.py script facilitated the binding free energy calculations for 
the WT and mutant complexes, and provided the components of binding 
free energy, including electrostatic, van der Waals (vdW), surface area, 
and Generalized Born solvation energy. The binding free energy was 
calculated by using the following equation: 

“ΔG(bind) ΔG complex − ΔG receptor + ΔG ligand ” 

While each component of the total energy was calculated by using 
the following equation: 

ʹ́G Gbond+Gele + GvdW + Gpol + Gnpoĺʹ 

Gbond, Gele, and GvdW denote the interactions involving bonding, 
electrostatic forces, and van der Waals forces, respectively. In contrast, 
Gpol and Gnpol signify the free energies associated with polar and non- 
polar components.

2.8. Dimensionality reduction through principal component analysis 
(PCA)

PCA is a method commonly used to analyze datasets generated by 
molecular dynamics simulations of biological macromolecules, which 
reduces the dimensionality of configurational space, both qualitatively 
and quantitatively, and consequently facilitates the interpretation of 
large and complex datasets. It is a widely used approach due to its simple 
use and comparatively low computational cost. PCA analysis is typically 
performed after removing global translational and rotational motions 
through structural alignment of the trajectories. The PCA method con
sists of a series of steps. The first step is to construct and align the co
ordinates, followed by the calculation of the covariance matrix 
describing atomic positional fluctuations. The eigenvectors and eigen
values of the covariance matrix are then determined, and the eigen
vectors associated with the highest eigenvalues are regarded as the 
principal components. These principal components represent the 
dominant collective motions and major conformational fluctuations of 
the system and are subsequently used for trajectory analysis and visu
alization (Kurita, 2019). The following mathematical representation can 
be used to calculate the covariance matrix (C) from a set of n-dimen
sional vectors (xi): 

C=
1
N

x
∑

(i=1 to N)
[
(xi − μ) x (xi − μ)T] (x) 

Where:
N = number of vectors, μ = mean vector, while T designates the 

transpose operation.
The following equation can be used to obtain the eigenvectors (V) 

and eigenvalues (λ) of the covariance matrix C. 

C x V = λ x V (xi) 

Where V represents the eigenvector matrix, while the diagonal matrix of 
eigenvalues is represented by λ, the eigenvectors with the highest cor
responding eigenvalues represent the principal components of the sys
tem. To determine the primary motions in our systems, we calculated 
two principal components, PC1 and PC2, using the unsupervised PCA 
technique. To do this, we used the CPPTRAJ module of the AMBER21 
software package and considered the entire simulation trajectory, which 
consisted of 10,000 frames for each system. The spatial covariance 
matrix was computed using the eigenvectors of the eigenvalue matrix 
and the atomic coordinates of the atoms that made up the molecular 
dynamics (MD) simulations. An orthogonal coordinate transformation 
was performed to generate a diagonal eigenvalue matrix from the spatial 
covariance matrix. The principal components of the systems were 
determined using the eigenvectors and eigenvalues and were used to 
represent and illustrate the significant movements that occurred during 
the simulations and to identify possible conformational transitions.

2.9. Free Energy Landscape (FEL) of the molecular simulation trajectories

The FEL provides important information about the thermodynamics 
and kinetics of molecular events occurring in solution, and is a useful 
method for assessing and analyzing biomolecular events, including the 
folding, aggregation, and binding of molecules (Maisuradze et al., 
2010). The FEL is a combination of the free energy (f) of a molecule and 
the configuration space of that molecule, using collective coordinates (r) 
to describe the configuration space of the entire molecule being studied. 
In this study, we used the two principal components identified from PCA 
to describe and identify the conformational transitions that occurred for 
each of the systems studied and to provide a characterization of these 
transitions. The lowest energy minima were identified and represented 
in the FEL as valleys, while any meta-states that were separated by an 
energy barrier were shown as peaks.

3. Results and discussion

3.1. Analysis of the genomic mutations in the kinase domain of BTK

We retrieved a total of 74 non-synonymous deleterious substitutions 
in the kinase domain of BTK using PredictSNP, which combines multiple 
servers to determine the outcome of each substitution. To evaluate the 
structural impacts, the mutations were submitted, which reported that 
among the total 74 mutations, 62 are deleterious, while 12 were clas
sified as non-deleterious (Table 1). PredictSNP, a consensus-based 
classifier, was used to assess the functional impact of nsSNPs. Pre
dictSNP integrates multiple established prediction tools and applies a 
normalized consensus scoring scheme to reduce individual method bias. 
Mutations with PredictSNP scores ranging from 0 to +1 were classified 
as deleterious, indicating a high likelihood of functional or structural 
disruption, whereas mutations with scores between − 1 and 0 were 
classified as neutral. This consensus-based classification provides a 
robust preliminary screening framework, allowing prioritization of 
high-risk variants for downstream structural and molecular dynamics 
analyses. Using a standard criterion, the 12 non-deleterious sub
stitutions were discarded, while the remaining 62 were further evalu
ated for the stability assessment using the mCSM server.

The mCSM server predicted 11 substitutions, including L528W, 
L512Q, F644S, W581R, A523E, E589G, W563L, P619S, R641H, P619T, 
and A508D as highly destabilizing. Only two substitutions, i.e., G462V 
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and S592P, were classified as stabilizing, while the rest were reported to 
be destabilizing. Usually, the destabilizing mutations cause variations in 
ligand binding and, therefore, were further considered for subsequent 
analysis. Using the PremPLI server, these substitutions were analyzed to 
determine whether they affect ligand binding. Using the co-crystallized 
complex of BTK with ARQ 531 (ARQ 531), the impact of these sub
stitutions was analyzed. All the substitutions were reported to affect the 
binding; however, we selected only those whose predicted affinity 
change was reported to be higher than 0.90. This criterion reported only 

six substitutions, i.e., C481R with the predicted score of 1.28, Y476D 
with the predicted score of 1.25, L408P with the predicted score of 1.16, 
C481Y with the predicted score of 1.06, L542P with the predicted score 
of 1.01, and M477R with the predicted score of 0.97, which were 
selected for the functional analysis. The mCSM and PremPLI results for 
the selected substitutions are shown in Table 2.

Table 1 
Sequence-based functional analysis of the retrieved non-synonymous substitutions using various machine learning based algorithms. The outcomes, whether dele
terious or non-deleterious, were assigned based on the PredictSNP score.

S. No Variant PredictSNP MAPP PhD-SNP PolyPhen-1 PolyPhen-2 SIFT SNAP Outcomes

1 L408P 0.869 0.858 0.885 0.745 0.811 0.793 0.622 DELETERIOUS
2 G414R 0.869 0.877 0.885 0.745 0.811 0.793 0.848 DELETERIOUS
3 K430E 0.869 0.819 0.817 0.745 0.811 0.793 0.805 DELETERIOUS
4 E445D 0.869 0.657 0.858 0.745 0.647 0.793 0.805 DELETERIOUS
5 G462V 0.869 0.857 0.817 0.745 0.811 0.793 0.805 DELETERIOUS
6 G462D 0.869 0.877 0.817 0.745 0.811 0.793 0.885 DELETERIOUS
7 Y476D 0.869 0.843 0.817 0.745 0.601 0.793 0.805 DELETERIOUS
8 M477R 0.869 0.857 0.858 0.745 0.811 0.793 0.848 DELETERIOUS
9 C481R 0.869 0.589 0.773 0.745 0.650 0.793 0.805 DELETERIOUS
10 C481F 0.869 0.588 0.676 0.745 0.811 0.793 0.720 DELETERIOUS
11 C481Y 0.869 0.571 0.817 0.745 0.811 0.793 0.720 DELETERIOUS
12 C502W 0.869 0.588 0.817 0.745 0.811 0.793 0.720 DELETERIOUS
13 C502F 0.869 0.509 0.875 0.745 0.811 0.793 0.622 DELETERIOUS
14 C506R 0.869 0.877 0.858 0.745 0.675 0.793 0.805 DELETERIOUS
15 C506Y 0.869 0.761 0.875 0.745 0.811 0.793 0.720 DELETERIOUS
16 A508D 0.869 0.877 0.858 0.745 0.650 0.793 0.720 DELETERIOUS
17 M509V 0.869 0.807 0.817 0.745 0.811 0.793 0.720 DELETERIOUS
18 M509I 0.869 0.766 0.875 0.745 0.811 0.793 0.805 DELETERIOUS
19 L512Q 0.869 0.807 0.875 0.745 0.811 0.793 0.622 DELETERIOUS
20 L512P 0.869 0.819 0.817 0.745 0.811 0.793 0.805 DELETERIOUS
21 L518R 0.869 0.920 0.858 0.745 0.675 0.793 0.622 DELETERIOUS
22 R520Q 0.869 0.589 0.858 0.745 0.811 0.793 0.848 DELETERIOUS
23 D521H 0.869 0.783 0.817 0.745 0.811 0.793 0.885 DELETERIOUS
24 D521G 0.869 0.858 0.817 0.745 0.811 0.793 0.848 DELETERIOUS
25 D521N 0.869 0.657 0.817 0.745 0.601 0.528 0.805 DELETERIOUS
26 A523E 0.869 0.621 0.875 0.745 0.542 0.793 0.805 DELETERIOUS
27 R525G 0.869 0.807 0.885 0.745 0.675 0.793 0.720 DELETERIOUS
28 R525Q 0.869 0.409 0.885 0.745 0.811 0.793 0.720 DELETERIOUS
29 R525P 0.869 0.877 0.885 0.745 0.811 0.793 0.805 DELETERIOUS
30 N526K 0.869 0.843 0.875 0.745 0.811 0.793 0.848 DELETERIOUS
31 L528W 0.869 0.775 0.875 0.745 0.811 0.793 0.805 DELETERIOUS
32 V535F 0.869 0.484 0.875 0.745 0.601 0.793 0.556 DELETERIOUS
33 L542P 0.869 0.842 0.858 0.745 0.542 0.793 0.622 DELETERIOUS
34 R544G 0.869 0.633 0.817 0.745 0.562 0.793 0.805 DELETERIOUS
35 R562W 0.869 0.751 0.858 0.745 0.811 0.793 0.720 DELETERIOUS
36 R562P 0.869 0.843 0.817 0.745 0.811 0.793 0.556 DELETERIOUS
37 W563L 0.869 0.877 0.817 0.745 0.811 0.793 0.805 DELETERIOUS
38 E567K 0.869 0.775 0.817 0.745 0.811 0.793 0.848 DELETERIOUS
39 S578Y 0.869 0.657 0.858 0.745 0.811 0.793 0.720 DELETERIOUS
40 W581R 0.869 0.877 0.817 0.745 0.811 0.793 0.848 DELETERIOUS
41 A582V 0.869 0.633 0.773 0.745 0.647 0.793 0.720 DELETERIOUS
42 F583S 0.869 0.807 0.875 0.745 0.811 0.793 0.805 DELETERIOUS
43 E589G 0.869 0.857 0.875 0.745 0.811 0.793 0.805 DELETERIOUS
44 E589K 0.869 0.775 0.817 0.745 0.811 0.528 0.848 DELETERIOUS
45 E589D 0.869 0.751 0.858 0.745 0.675 0.793 0.805 DELETERIOUS
46 S592P 0.869 0.807 0.858 0.745 0.562 0.793 0.848 DELETERIOUS
47 G594E 0.869 0.877 0.858 0.745 0.811 0.793 0.848 DELETERIOUS
48 G594R 0.869 0.877 0.817 0.745 0.811 0.793 0.848 DELETERIOUS
49 Y598C 0.869 0.573 0.858 0.745 0.811 0.793 0.848 DELETERIOUS
50 G613D 0.869 0.766 0.817 0.745 0.647 0.793 0.805 DELETERIOUS
51 P619S 0.869 0.571 0.773 0.745 0.811 0.793 0.622 DELETERIOUS
52 P619A 0.869 0.657 0.858 0.594 0.675 0.793 0.622 DELETERIOUS
53 P619T 0.869 0.560 0.817 0.594 0.675 0.793 0.622 DELETERIOUS
54 A622P 0.869 0.842 0.885 0.745 0.811 0.793 0.556 DELETERIOUS
55 M630K 0.869 0.920 0.885 0.745 0.675 0.793 0.805 DELETERIOUS
56 M630T 0.869 0.807 0.885 0.594 0.675 0.793 0.720 DELETERIOUS
57 C633Y 0.869 0.783 0.817 0.745 0.811 0.793 0.848 DELETERIOUS
58 R641H 0.869 0.718 0.817 0.745 0.811 0.793 0.848 DELETERIOUS
59 R641C 0.869 0.857 0.875 0.745 0.811 0.793 0.848 DELETERIOUS
60 F644S 0.869 0.766 0.817 0.745 0.811 0.528 0.805 DELETERIOUS
61 F644L 0.869 0.633 0.885 0.594 0.601 0.528 0.805 DELETERIOUS
62 L647P 0.869 0.807 0.885 0.745 0.811 0.793 0.805 DELETERIOUS
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3.2. Structure retrieval and binding analysis of BTK-ARQ 531 complex

The co-crystallized complex of BTK with ARQ 531 was retrieved 
from the Protein Data Bank and analyzed for its interactions. The 
structure of the BTK-ARQ 531 reported several hydrogen bonding, π-π, 
π-alkyl, and hydrophobic interactions. As shown, Val458, Glu475, 
Met477, Cys481, and Asn484 are involved in hydrogen bonding. Among 
these, Leu408, Val416, Ala428, Leu460, Phe540, and Leu542 are 
involved in hydrophobic, π-π, π-alkyl, and π-cation interactions. The 3D 

structure of BTK-ARQ 531 complex, the 2D structure of ARQ 531, and 
the binding mode of ARQ 531 with BTK are shown in Fig. 1a-c. We 
identified the top mutants that affect the binding of ARQ 531 using the 
PremPLI server, which reported six mutations as key substitutions that 
may impact the binding of ARQ 531. To analyze the impact of the 
selected substitutions, we generated these mutants using the Chimera 
rotamers module and minimized them using the conjugate gradient and 
steepest descent algorithms. The L408P mutation was ranked as the top 
one affecting the binding of ARQ 531, which reported only two 
hydrogen bonds, involving Thr410 and Met477. Surprisingly, the other 
substitutions were observed to have diminished. The interaction pattern 
of the L408P mutant BTK and ARQ 531 is shown in Fig. 2a.

On the other hand, the interaction pattern for Y476D has been 
changed, but various contacts were observed, including the hydrogen 
bonds established by Thr474 and Met477. In the pi-pi and hydrophobic 
contacts, Val416, Ile429, Lys430, Cys481, Ile472, Leu460, and Phe540 
are involved in the interaction with ARQ 531. The interaction pattern of 
the Y476D mutant BTK and ARQ 531 is depicted in Fig. 2b. The binding 
mode of C481R was reported to form only a single hydrogen bond with 
Thr410, along with several hydrophobic and other contacts. The 
hydrogen bond with Met477 was observed to have diminished. Among 
the others, Val416, Ala428, Lys430, Leu460, Arg481, Leu528, and 
Phe540 residues are involved in π-π, π-cation, and π-alkyl interactions. 
The interaction pattern of the C481R mutant BTK and ARQ 531 is shown 
in Fig. 2c. In the case of C481Y, Thr474 and Met477 were involved in 
hydrogen bonding, while Lys430, Met449, Ile472, Phe540, and Leu542 
are involved in other interactions. The interaction pattern of the C481Y 
mutant BTK and ARQ 531 is shown in Fig. 2d. The M477R mutant en
hances binding through four hydrogen bonds involving Gly409, Thr474, 
Arg477, and Asp539. Among the non-hydrogen bonding contacts 
Leu408, Val416, Lys430, Leu460, Ile472 and Phe540 are involved. The 
interaction pattern of the M477R mutant BTK and ARQ 531 is shown in 
Fig. 2e. Interestingly, the L542P variant was found to form only a single 
hydrogen bond with Gly480, as well as several π-π, π-cation, and hy
drophobic interactions. The interaction pattern of the L542P mutant 
BTK and ARQ 531 is shown in Fig. 2f. This suggests that these mutations 
alter the binding of ARQ 531 and may not necessarily confer resistance; 
however, long-term molecular simulation-based results may determine 
the fate of this drug in the presence of these mutations. Therefore, to 
gain atomic-level insights, subsequent simulation analysis was per
formed to understand the impact of these substitutions on the binding of 
ARQ 531.

3.3. Structural stability assessment through RMSD

Investigation of the dynamic stability using the simulation trajec
tories reports essential knowledge regarding the functionality of a 
particular receptor. It has been the most widely used metric for deter
mining the role of a specific mutation in the functional variation and 
structural stability paradigm. Considering the essential role of RMSD in 
deciphering critical knowledge regarding the protein structure, we also 
calculated this parameter as a function of time using the simulation 
trajectories. As shown in Fig. 3a, the dynamic stability of the wild type 
revealed a different pattern than that of the mutant. The complex started 
to increase the RMSD gradually and reached the equilibrium at 1.5 Å. 
The RMSD stabilized and maintained this level, indicating no significant 
perturbation during the simulation. An average RMSD of 1.5 Å was re
ported for the wild type. On the other hand, the RMSD pattern for the 
L408P reported different behavior than the wild type. The RMSD con
tinues to increase and reaches its maximum level at 100 ns. The complex 
initially converged with the wild type; however, it then further 
increased and maintained a similar level of RMSD of 3.0 Å after 125 ns. 
The higher RMSD level in the L480P is probably associated with the 
reduced ligand structural constraints that consequently produced a 
dynamically more flexible conformation due to the induced mutation. 
The RMSD graph for the L408P is shown in Fig. 3a. Moreover, the Y476D 

Table 2 
List of reported clinical mutations screened for structure-based stability analysis 
and binding variations caused by these substitutions.

S. No Mutations PremPLI Interface mCSM Outcome

1 C481R 1.28 Yes − 0.613 Destabilizing
2 Y476D 1.25 Yes − 1.368 Destabilizing
3 L408P 1.16 Yes − 0.731 Destabilizing
4 C481Y 1.06 Yes − 0.93 Destabilizing
5 L542P 1.01 Yes − 1.319 Destabilizing
6 M477R 0.97 Yes − 0.983 Destabilizing
7 L528W 0.90 Yes − 1.798 Destabilizing
8 C481F 0.72 No − 3.438 Highly Destabilizing
9 F583S 0.71 Yes − 1.001 Destabilizing
10 G462V 0.70 No 0.165 Stabilizing
11 F644S 0.67 No − 3.033 Highly Destabilizing
12 K430E 0.67 Yes − 0.645 Destabilizing
13 E589K 0.66 No − 1.702 Destabilizing
14 G594E 0.64 No − 1.493 Destabilizing
15 L512P 0.64 No − 1.178 Destabilizing
16 C506R 0.63 No − 1.23 Destabilizing
17 G594R 0.63 No − 1.046 Destabilizing
18 G414R 0.62 No − 0.851 Destabilizing
19 C502W 0.61 No − 1.523 Destabilizing
20 C506Y 0.61 No − 0.858 Destabilizing
21 W581R 0.59 No − 2.176 Highly Destabilizing
22 A523E 0.58 No − 2.644 Highly Destabilizing
23 G462D 0.57 No − 1.731 Destabilizing
24 C502F 0.54 No − 1.055 Destabilizing
25 G613D 0.54 No − 1.356 Destabilizing
26 Y598C 0.54 No − 1.347 Destabilizing
27 L647P 0.53 No − 1.07 Destabilizing
28 R544G 0.53 No − 1.096 Destabilizing
29 E589G 0.52 No − 2.728 Highly Destabilizing
30 R525G 0.52 No − 1.034 Destabilizing
31 E589D 0.50 No − 1.988 Destabilizing
32 L512Q 0.50 No − 2.166 Highly Destabilizing
33 P619A 0.50 No − 1.992 Destabilizing
34 V535F 0.50 No − 1.356 Destabilizing
35 C633Y 0.49 No − 1.195 Destabilizing
36 R525P 0.49 No − 0.065 Destabilizing
37 S578Y 0.48 No − 1.063 Destabilizing
38 E567K 0.46 No − 1.243 Destabilizing
39 R525Q 0.46 No − 0.226 Destabilizing
40 D521N 0.42 No − 1.578 Destabilizing
41 D521G 0.40 No − 0.918 Destabilizing
42 M630K 0.40 No − 1.259 Destabilizing
43 R641C 0.40 No − 1.737 Destabilizing
44 W563L 0.40 No − 2.82 Highly Destabilizing
45 L518R 0.36 No − 0.784 Destabilizing
46 N526K 0.36 No − 0.117 Destabilizing
47 M630T 0.35 No − 1.808 Destabilizing
48 E445D 0.34 No − 1.195 Destabilizing
49 P619S 0.33 No − 2.53 Highly Destabilizing
50 R641H 0.33 No − 2.172 Highly Destabilizing
51 P619T 0.31 No − 2.128 Highly Destabilizing
52 M509V 0.30 No − 0.999 Destabilizing
53 D521H 0.29 No − 0.717 Destabilizing
54 R562P 0.21 No − 1.169 Destabilizing
55 S592P 0.21 No 0.21 Stabilizing
56 A582V 0.20 No − 0.514 Destabilizing
57 A622P 0.20 No − 0.113 Destabilizing
58 F644L 0.20 No − 1.52 Destabilizing
59 R520Q 0.20 No − 0.674 Destabilizing
60 R562W 0.20 No − 0.488 Destabilizing
61 M509I 0.17 No − 0.518 Destabilizing
62 A508D 0.12 No − 2.454 Highly Destabilizing
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variant exhibited a similar RMSD pattern to the wild type, with no significant perturbation, and achieved stability at the same points. The 

Fig. 1. Structure of BTK and binding analysis. (a) shows the 3D structure of BTK in complex with ARQ 531, (b) shows the 2D structure of ARQ 531, while (c) 
shows the 2D interaction pattern of ARQ 531 with BTK. The cyan colour represents the helix distribution in the BTK kinase domain, orange represents loops, and 
beta-sheets are represented as magenta.

Fig. 2. Interaction analysis of the ARQ 531 with the mutant BTK. (a) shows the interaction of ARQ 531 with the L408P mutant of BTK, (b) interaction pattern of 
ARQ 531 with Y476D, (c) shows the interaction pattern of ARQ 531 with C481R, (d) shows the interaction pattern of ARQ 531 with C481Y, (e) shows the interaction 
pattern of ARQ 531 with M477R. In contrast, (f) shows the interaction pattern of ARQ 531 with the L542P mutant of BTK. Ligand–protein interactions are color- 
coded as follows: hydrogen bonding (green/light green), van der Waals (pale green), halogen bonds (cyan), π–cation (orange), π–π T-shaped (magenta), alkyl/ 
π–alkyl (pink/light purple), and unfavorable donor–donor contacts (red).
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system has already achieved stability, and thus, there is sufficient time 
for improved sampling. The RMSD results for the Y476D are shown in 
Fig. 3b. Furthermore, the C481R exhibited a wave-like behavior, char
acterized by an increase and a decrease in the RMSD pattern. The RMSD 
reported a similar level to the wild type. Still, an abrupt increment in the 
RMSD between 200 and 250ns shows that dynamic variation caused by 
the induced mutation in the structure may consequently cause func
tional variation. The RMSD results for the C481R are shown in Fig. 3c. 
Moreover, the C481Y, a gatekeeper residue involved in resistance to the 
covalent drug ibrutinib, exhibited a continuous increase and decrease in 
the RMSD during the simulation. Although maintaining a similar level to 
the wild type, this mutation induced conformational changes that force 
the complex to attain stability but fail to stabilize at a particular time 
point. The structure requires a longer simulation run to achieve optimal 
sampling and stability. The results are shown in Fig. 3d. In the case of 
M477R, although the complex exhibited dynamically different behavior, 
it converged with the wild type, showing no significant structural 
perturbation and therefore demonstrating minimal variations. The 
behavior of the M477R is more similar to that of the wild type. The 
RMSD results for the M477R are shown in Fig. 3e. On the other hand, 
L542P began to increase the RMSD gradually and reached its maximum 
level at 160 ns. The RMSD then decreased and subsequently attempted 
to stabilize, but minor deviations were still reported. The RMSD results 
for the L542P are shown in Fig. 3f. Except for L408P, most mutants 
exhibit RMSD profiles comparable to the WT, indicating preserved 
global structural stability, while mutation-specific effects are more 
evident in local flexibility and interaction analyses. This suggests that 
the overall structural stability is maintained across the variants. 
Although 300 ns may not capture rare long-timescale kinase transitions, 
including full activation-loop or DFG motif switching, the trajectories 
reached stable plateaus with converged local descriptors, supporting 
robust comparative analysis of mutation-induced binding-site dynamics 

within the inhibitor-bound state explored here. However, distinct dif
ferences in binding interactions indicate that mutations alter the local 
environment within the binding site, potentially influencing the binding 
modes of ARQ531.

3.4. Structural compactness analysis

Analysis of structural compactness is considered one of the primary 
parameters for showing the binding variations caused by induced mu
tations. It shows the binding and unbinding events that occurred during 
the simulation. As shown in Fig. 4a, the wild type reported a uniform 
pattern of the Rg with no significant increase or decrease in the protein 
size; however, the L408P determined a similar pattern as the RMSD 
results. The Rg continues to increase after 55ns and maintains a uniform 
level throughout the simulation. This indicates that the mutation causes 
variations in structural properties, which in turn result in functional 
variance. The Rg results for the L408P are shown in Fig. 4a.

The Rg results for the Y476D showed a gradual decrease in the Rg 
from a value of 18.80 Å, with the lowest point reached at 80 ns, and 
maintained minimal deviation values during the simulation (Fig. 4b). 
The Rg graph for Y476D displayed a more compact characteristic, in 
which the Rg increased between 95 and 100ns and then decreased back, 
maintaining the uniform trajectory until the end of the simulation. The 
highest value for C481R was achieved at 160 ns before the Rg decreased 
again (Fig. 4c). The difference between the C481R and the C481Y is that 
the C481Y showed a small increase and decrease in the Rg until the 100 
ns time point, where the C481Y began to show an increase in 
compactness that continued until 120ns and then converged with the 
wild type during the rest of the simulation and is shown in Fig. 4d.

The M477R appears to be similar to the RMSD results of the two 
previous mutants in that it was compact and stable in Rg, began at 18.80 
Å, and had its lowest value at 120 ns. The Rg for L542P was similar to 

Fig. 3. Dynamic stability assessment through Cα RMSD of the full protein to assess global conformational stability, as a function of time. (a) shows the 
RMSD results for the wild type and L408P, (b) shows the RMSD results for the wild type and Y476D, (c) shows the RMSD results for the wild type and C481R, (d) 
shows the RMSD results for the wild type and C481Y, (e) shows the RMSD results for the wild type and M477R, while (f) shows the RMSD results for the wild type 
and L542P.
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M477R and the wild-type complex, which reported a compact and stable 
trajectory. Fig. 4e and f demonstrate the Rg results for both M477R and 
L542P. Although there were small differences observed in Rg values as 
compared to wild-type complexes and mutant types during the simula
tion, the degree of compactness for the protein structure remained 
similar across all tested mutant types. The minor differences between 
the Rg values of wild-type complexes and the tested mutant complex 
may indicate additional subtle conformational changes within the 
binding site. The minor differences in Rg values may also indicate po
tential influences on the flexibility and access to the binding site for 
drugs, which impacts the interactions between drugs and the protein 
across both wild-type and mutant protein variants.

3.5. Residues flexibility analysis

The assessment of the flexibility of a residue is an important indicator 
of how this flexibility contributes to many different roles, such as drug 
binding, molecular recognition, cascade signaling, protein coupling, 
enzyme specificity, and design and substrate specificity. The application 
of the flexibility index can provide insights into key mechanisms, 
including opening and closing a loop or pushing a substrate, which is a 
function of the flexibility of the protein. Highly dynamically flexible 
regions have been examined, and the data indicate that, except for 
L408P, there is convergence of the flexibility index across all the com
plexes. Further evaluation of the root-mean-square fluctuations (RMSFs) 
suggests that the majority of the systems demonstrate similar amplitudes 
of fluctuation (1–3 Å), whereas the L408P mutant is noted to have an 
elevation in atomic movement, especially at residues 401–425 and 
541–560, consistent with localized destabilization of secondary struc
tural elements proximal to the active-site pocket. Notably, residues 
401–425 correspond to β-sheet and loop segments adjacent to the cat
alytic cleft and hinge region, while residues 541–560 map to the distal C- 
terminal loop region located near the regulatory lobe of the kinase 

domain. The enhanced flexibility identified in L408P is likely a result of 
the helix-breaking properties of proline disrupting the hydrogen 
bonding to the backbone and thereby inducing higher conformational 
entropy, which may in turn weaken the coordination of the substrate. 
The RMSF data are illustrated in Fig. 5a, which indicates which regions 
of dynamic flexibility exhibit the most fluctuation during the simula
tions. These flexible regions were projected on the three-dimensional 
(3D) structure of the BTK protein (Fig. 5b). The multi-representation 
of the residues, including residues 401–425, 466–471, 490–501, and 
541–560, contains the active site of the BTK receptor, and these regions 
have been characterized as exhibiting a greater degree of dynamic 
flexibility than the other regions, offering a greater opportunity for 
ligand recognition and functional diversity. Specifically, residues 
466–471 lie within a loop proximal to the ATP-binding pocket, while 
residues 490–501 encompass a segment of the activation-loop region 
that modulates access to the catalytic site. The wild-type BTK demon
strates tightly constrained dynamics in the catalytic regions, demon
strating a greater stability of substrate-binding conformations; 
therefore, numerous mutants demonstrate a unique pattern of fluctua
tion. Mutants C481R and C481Y, which are located adjacent to the ATP- 
binding pocket, demonstrate slight increases in RMSF that indicate 
greater fluctuation at residues 490–501, indicating the increasing 
complexity of activation-loop dynamics that may impact the binding of 
inhibitors. Y476D shows slight fluctuation around residues 466–471; the 
flexibility appears to be secondary to an electrostatic perturbation due to 
the substitution of aspartate. However, M477R remains relatively stable, 
exhibiting wild-type-like RMSF; therefore, it appears that M477R is 
minimally displaced compared to the original base protein topology, 
whereas L542P exhibits greater flexibility in the final loop (541–560) 
and demonstrates increased flexibility due to a decreased level of 
structural anchoring and increased amount of loop breathing. The in
formation presented illustrates various ways that specific substitutions 
of residues can affect the overall dynamics of the kinase region, 

Fig. 4. Structural compactness assessment through Rg calculation as a function of time. (a) shows the Rg results for the wild type and L408P, (b) shows the Rg 
results for the wild type and Y476D, (c) shows the Rg results for the wild type and C481R, (d) shows the Rg results for the wild type and C481Y, (e) shows the Rg 
results for the wild type and M477R, while (f) shows the Rg results for the wild type and L542P.
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contributing to the balance of rigidity that is necessary for successful 
catalytic activity with the requisite amount of flexibility for the proper 
accommodation of substrates within the active site. As evident from this 
study, the comprehensive mapping of flexible residues within the vi
cinity of the active site demonstrates their direct contribution to mo
lecular recognition and conformational transitions that are integral to 
BTK functionality. To improve structural context, key regions including 
the activation loop, hinge region, and ATP-binding pocket are explicitly 
labeled in Fig. 5b.

3.6. Hydrogen bonding analysis

Macromolecular complexes, primarily composed of biological mol
ecules, are influenced by numerous factors, among which hydrophobic 
contacts and hydrogen bonding are significant. The water molecules 
enriched environment of the protein interface facilitates the residues to 
form hydrogen bonds (Chen et al., 2016). The implications of hydrogen 
bonding and the mechanism of protein-ligand interactions remain un
clear (Chodera and Mobley, 2013). The mechanism by which hydrogen 
bonds govern molecular docking is fully understood (Taghizadeh et al., 
2024; Patil et al., 2010; Olsson et al., 2011). Therefore, understanding 
the hydrogen bonding landscape in protein–ligand association is crucial. 
Employing a similar approach, we calculated the total number of 
hydrogen bonds over the 300 ns simulation time. For the wild type the 
average number of hydrogen bonds were calculated to be 120, for the 
L408P the average number of hydrogen bonds were estimated to be 118, 
for the Y476D the average number of hydrogen bonds were 120, for the 
C481R the average number of hydrogen bonds were 123, in the C481Y 
the average number of hydrogen bonds were 120, in M477R the average 
number of hydrogen bonds were estimated to be 123. In contrast, for the 
L542P, the average number of hydrogen bonds was estimated to be 121. 
These results indicate that the global hydrogen-bonding capacity of the 
BTK–ARQ 531 complexes is largely preserved across the wild type and 
mutants, consistent with the overall resistance tolerance of ARQ 531. 
Although the absolute hydrogen bond counts are dominated by 
intra-protein interactions, this metric remains informative when used 
comparatively across identically prepared systems and simulation 

conditions. In a tightly folded kinase domain bound to a small-molecule 
inhibitor, even modest but consistent differences in total hydrogen bond 
counts can reflect mutation-induced redistribution of hydrogen-bonding 
networks that influence local packing, flexibility, and interaction 
cooperativity. Importantly, the observed preservation of total 
hydrogen-bond counts does not preclude localized rearrangements of 
hydrogen-bonding patterns at the binding site; rather, it suggests that 
mutations primarily induce subtle reorganization of interaction net
works rather than wholesale loss of hydrogen bonding. This strongly 
aligns with the experimental data, which shows that ARQ 531 over
comes the resistance caused by the gatekeeper residues C481S (Reiff 
et al., 2018b). Hence, this suggests that these mutations alter the 
hydrogen bond paradigm in these complexes, thereby causing variations 
in binding at the local interaction-network level, while maintaining 
overall hydrogen-bonding stability of the complex. The hydrogen 
bonding graphs for the wild type and mutant complexes are shown in 
Fig. 6a-d.

3.7. Principal component analysis (PCA)

To cluster the trajectories' motions during the simulation, we per
formed a PCA analysis. As shown in Fig. 7a–g, most of the complexes 
retained a constrained motion. Blue and light orange colors represent 
the two states, while the conformational transition state is represented 
by purple. These projections correspond to the first two principal com
ponents, which together capture the dominant collective motions of the 
systems and account for the majority of the variance observed during the 
simulations. The PCA profiles for all mutants are comparable to the wild 
type. However, compared to the wild type, the L408P mutant has a more 
non-compact characteristic, which suggests that the mutation affects the 
protein conformational dynamics in a much less uniform way. The 
similarity between certain PCs of both mutants and the wild type in
dicates that the general structure and dynamics have not been dramat
ically altered despite mutation. The overlap of dominant motion 
subspaces indicates that the mutations affect the amplitude and distri
bution of motions rather than introducing entirely new modes of motion 
in the protein. The wild type has two clearly separated conformational 

Fig. 5. Dynamic Flexibility analysis of the wild type and mutant complexes. (a) shows the RMSF graphs for the wild type and mutants, while (b) shows the 
regions that determined the higher flexibility during simulation.
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basins; therefore, the wild type maintains a balance between open and 
closed states. The eigenvector clusters for the L408P mutant appear 
much broader and distorted than the wild type due to the lack of coor
dinated motion and possible hinge-region destabilization. Therefore, 
this interpretation is based on a comparison of the relative compactness 
and dispersion of clusters in the PCA for the mutants, and the 

comparison should not be interpreted as implying a single or distinct 
transition. The Y476D and C481R mutants show slight overlap with the 
wild-type cluster, indicating that while the global fold is similar, the 
mechanism is altered because of the charge displacement at the active 
site loop. C481Y appears to follow a similar trajectory to the wild type in 
terms of cluster dispersion but has a slightly broader conformational 

Fig. 6. Hydrogen bonding analysis as a function of time. (a) shows the H-bonds results for the wild type and L408P, (b) shows the H-bonds results for the wild 
type and Y476D, (c) shows the H-bonds results for the wild type and C481R, (d) shows the H-bonds results for the wild type and C481Y, (e) shows the H-bonds results 
for the wild type and M477R, while (f) shows the H-bonds results for the wild type and L542P.

Fig. 7. PCA projections of BTK–ARQ531 complexes showing temporal evolution of conformational sampling from initial (blue) through intermediate 
transition states (brown) to final equilibrated states (orange) for the wild type and mutant systems. (a) shows the PCA graph for the wild type, (b) show the 
PCA graph for the L408P, (c) show the PCA graph for the Y476D, (d) show the PCA graph for the C481R, (e) show the PCA graph for the C481Y, (f) show the PCA 
graph for the M477R while (g) show the PCA graph for the L542P mutant system.
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ensemble than the wild type due to localized flexibility rather than 
global instability. The non-compactness of other PCs shows that local
ized changes and/or increased flexibility likely occurred in various parts 
of the mutant systems. These findings highlight relative changes in the 
density of conformational sampling rather than discrete clusters in PCA. 
This heterogeneity is an indicator of the disruption that these mutations 
created in the overall conformational landscape of the protein and il
lustrates the structural implications of these genetic variations. M477R 
appears to lie between the two previous categories, as it has a marginally 
larger conformational envelope, probably due to increased breathing 
motion of the secondary structural elements. The L542P substitution has 
caused some degree of unfolding of the peripheral helices, as demon
strated by the separation of clusters in the PCA plot. Together, these 
findings indicate that, although the overall topology of the mutants is 
comparable to that of the wild type, many localized deviations and 
increased fluctuations highlight the unique dynamic effects that each 
mutation has on the protein's plasticity.

3.8. Free Energy Landscape analysis (FEL)

The analysis of Free Energy Landscape (FEL) shows that both the 
wild-type and mutant proteins possess one lowest-energy structure. This 
indicates that the conformations of the proteins during the entire 
simulation were relatively stable and constrained, meaning that there 
were no major changes made to the overall structure of the proteins from 
their wild-type forms due to the genetic mutations made. All three 
versions of the proteins (the wild type as well as the mutants) appear to 
have similar energetically favorable structures. The FELs for the proteins 
were created by projecting all the trajectories (the path/progression of 
the structure during the simulation) onto the two principal components 
that made up the conformational densities and using the density esti
mates to create the relative populations of free energies. The fact that 
each of the FELs all contained one energetically lowest structural state 
shows that each protein (including the mutated versions) has a domi
nant structure that is stable and resulted from the mutations. An addi
tional analysis of the FEL data suggests some small differences in the 
energies of the different versions of the protein (the mutants) compared 
to the wild type, and the fact that although they all have the same overall 
minimum energy structure the wild type version has a narrower/larger 
energy "bowl" (the "free-energy basin"). This indicates that the wild type 
is much more stable than the L408P mutant, which has a broader "bowl" 
and much higher conformational entropy (i.e., less compact) as sug
gested by its PCA dispersion. It is important to note that the specific size 
of the free-energy basalt that contains the highest population of the wild- 
type version indicates that there is only one predominant thermody
namic state, while in the case of the L408P mutant, which has a broader 
and shallower basin, is more dispersed in the PCA (and therefore likely 
to have lower energetics density) than the wild type. In addition to the 
L408P mutant, the Y476D and C481R mutants have a similar profile to 
that of the wild-type version, both having two energetically comparable 
minima with uncoupling states that occur around the catalytic core of 
the protein. The C481Y mutant has maintained its dominant basin, but it 
has a slightly higher energy than the wild type, indicating that there is 
no total collapse of the structure, just the (very) slight destabilization; 
however, the M477R mutant has an energy landscape that is nearly 
identical to that of the wild-type version with a moderate amount of 
fluctuation on PC2. Finally, L542P has a considerably flatter energy 
profile than the wild-type version and indicates the possibility for the 
presence of many fewer structured intermediates, meaning that it has 
slightly less stability than the wild type. Overall, these data support the 
idea that while all three mutants share a predominant energetically 
stable state, the genetic mutations have introduced slight local energy 
variances that have changed the conformational preferences for each of 
the proteins. Importantly, it should be noted that these differences can 
be described as qualitative changes in complete or nearly complete en
ergy populations, rather than statistically significant energetic 

separations based on statistical models. The results suggest a structural 
relationship between the native and mutant versions of the protein 
because they exhibit similar energetics; however, as evidenced by the 
dynamic changes in the basin energy topographies, they may produce 
different effects on the stability of the protein in terms of ligand access 
and enzyme turnover. The FEL graphs for each of the wild-type and 
mutant systems are shown in Fig. 8a-g.

3.9. Binding free energy calculation

The validation of docking results can be accomplished through the 
application of the binding free energy calculation approach, known for 
its precision, speed, and computational efficiency. This method has been 
widely used in assessing the binding potential of diverse protein com
plexes associated with various diseases(Shahraki et al., 2024). Having 
shown the efficacy of this approach, we conducted binding free energy 
calculations using the MM/GBSA method. As shown in Table 3, the wild 
type reported a vdW of − 65.60±0.47 kcal/mol, L408P reported a vdW 
of − 66.77±0.35 kcal/mol, Y476D reported a vdW of − 66.75±0.34 
kcal/mol, M477R reported a vdW of − 65.77±0.45 kcal/mol, C481R 
reported a vdW of − 69.29±0.29 kcal/mol, C481Y reported a vdW of 
− 66.54±0.47 kcal/mol, while the L542P mutant reported a vdW of 
− 66.44±0.32 kcal/mol. Moreover, the electrostatic energy for each 
complex including the wild type reported an electrostatic energy of 
− 2.10±0.24 kcal/mol, L408P reported an electrostatic energy of − 1.09 
±0.21 kcal/mol, Y476D reported an electrostatic energy of 0.28±0.16 
kcal/mol, M477R reported an electrostatic energy of − 0.75±0.21 
kcal/mol, C481R reported an electrostatic energy of − 0.77±0.20 
kcal/mol, C481Y reported and electrostatic energy of − 3.89±0.33 
kcal/mol while the L542P mutant reported an electrostatic energy of 
0.14±0.18 kcal/mol respectively. Finally, the total binding free energy 
was reported to be − 56.87±0.43 kcal/mol for the wild type, − 57.42 
±0.34 kcal/mol for the L408P mutant, − 56.96±0.31 for the Y476D 
mutant, − 56.41±0.43 kcal/mol for the M477R mutant, − 59.45±0.29 
kcal/mol for the C481R mutant, − 58.26±0.38 kcal/mol for the C481Y 
mutant while for the L542P mutant the TBE was calculated to be − 56.69 
±0.33 kcal/mol. These findings demonstrate that these mutations do not 
affect the binding of ARQ 531, and they strongly corroborate experi
mental results indicating that ARQ 531 can overcome the drug resis
tance caused by these mutations in BTK (Reiff et al., 2018b; Skånland 
and Mato, 2021). Furthermore, from these data, it can be observed that 
each system gains free energy in the gas phase but not in the solvent. 
These findings suggest that the ARQ 531 binding is thermodynamically 
favored in terms of enthalpy, primarily owing to advantageous in
teractions in the gas phase. However, it is disfavored in terms of entropy 
due to the unfavorable effects of solvation. The binding free energy re
sults are shown in Table 3.

4. Conclusions

The current study employs a genomic mutation screening strategy, 
combined with molecular modeling approaches, to assess the impact of 
non-synonymous substitutions in BTK on the binding of ARQ 531. Our 
results revealed that among the 82 mutations, only 62 were classified as 
deleterious by various algorithms, while the graph-signature-based 
approach revealed only nine substitutions as highly deleterious. The 
docking results predicted no significant variation, while the simulation 
results revealed local changes only in the dynamic behavior. Moreover, 
the binding free energy results indicate that these mutations do not 
affect the binding of ARQ 531, which strongly corroborates experi
mental results showing that ARQ 531 can overcome the drug resistance 
caused by these mutations in BTK. While only a single replica was 
simulated for each system, which remains the major limitation of the 
current study, the extended 300 ns trajectories and the clear conver
gence of RMSD profiles support the reliability of the observed compar
ative stability trends among the mutants. While 300 ns may not capture 
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all rare, long-timescale kinase transitions (e.g., full activation-loop/DFG 
switching), the trajectories exhibit stable plateaus and converged local 
descriptors, supporting robust comparative inference of mutation- 
induced binding-site dynamics within the sampled inhibitor-bound 
state. These findings confirm that ARQ 531 is the preferred therapy 
for multiple leukemias and can serve as a starting point for designing 
more robust and effective BTKi.
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