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Abstract

Normal mode analysis (NMA) and elastic network models (ENMs) provide a rapid and efficient route to probe collective protein
motions, but existing tools are fragmented, require heterogeneous parameter choices, and lack a unified framework for ensemble
generation, apo-complex comparison, and interface persistence analysis. Here, DynaMune is introduced as an integrated,
parameter-aware platform that standardizes ENM/NMA-based dynamics within a reproducible, ensemble-driven workflow. Built
on ProDy as its computational backbone, DynaMune automates normal mode and principal component analysis, Gaussian and
anisotropic network modeling, perturbation response scanning, domain and hinge decomposition, pocket accessibility profiling,
conformational deformation mapping, and systematic quantification of interface contact stability and persistence. An optional
immuno informatics extension supports early-stage epitope selection and multi-epitope construct evaluation using dynamics-
informed ensemble modeling. The tool was benchmarked on two mechanistically distinct systems: adenylate kinase (ADK), a
canonical model of large-scale conformational transitions, and the ACE2-SARS-CoV-2 Spike complex, a structurally constrained
protein—-protein interface. DynaMune recovered the canonical CORE-LID-NMP transitions, hinge sites, and cracking behavior
of ADK, and reproduced the ACE2-Spike interaction hotspot, multimode deformation mechanism, and persistent interfacial
contact network reported in crystallographic, cryo-EM, and molecular dynamics studies. These results show that DynaMune
reliably captures both intra-protein allostery and ligand-induced interface remodeling. The tool provides a unified, scalable
framework for ENM/NMA-based structural dynamics, enabling routine mechanistic interpretation, consistent parameter usage,
and publication-ready reporting without external simulations or specialized scripting expertise.
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1. Introduction

The biological activity of proteins is defined by the dynamic
interplay between highly specific structures and the ability to
coordinate conformational changes [1,2]. While the tertiary
structure supports specificity and stability, it is actually the
ability to access and interconvert between alternative sub
states (often separated by low energy barriers) that allows
for catalysis, allosteric regulation, molecular recognition, and
the assembly of complexes [2-4]. For example, transitions
in enzyme cycles, ligand-induced regulation, and protein-
protein association are physiologically relevant events that
result not from a single canonical structure, but from the
range of accessible conformations that the protein samples
under physiological conditions [4,5]. Recent advancements
in structural biology have successfully moved beyond the
purely conceptual to experimentally produce the three-
dimensional structures of proteins. Improvements in X-ray
crystallography and cryo-electron microscopy as well
as, more recently, deep learning-based approaches like
AlphaFold3, have successfully characterized nearly the
entire proteome [6-9]. While these methods provide unique
insights, they ultimately generate static snapshots that do
not illuminate the range of functionally relevant sub states,
nor the pathways of transition between them [4]. Important
experimental and computational evidence suggests that
many, if not all, biochemical processes such as substrate
channeling, domain docking and relay of signals, rely heavily
on conformational changes over timescales typically not
captured in static structural data [1,5,10].

When function is inferred directly from static structures
without considering this dynamic component, there is an
inherent risk of functional mis annotation [4,5]. Given that
many conformational changes occur at critical regulatory
or allosteric sites, and that switching between alternate
structural states may be critical for catalysis or signaling
events, we cannot assume or predict possible state switching
from the starting conformation. This limitation underlies
many challenges in drug discovery. That is, the mis annotation
of binding sites or drug ability depending on unappreciated
conformational dynamics at active or allosteric sites [11,12].
Thus, the gap between static structure and functional
understanding remains an important and topical issue in
both basic and applied bioscience [1,2].

Molecular dynamics (MD) simulations act as the primary
tool for mapping atomistic protein motion, providing key
insights into folding, functional switching, substrate binding,
and allosteric pathways [1,11]. However, the computational
expense and data analysis requirements of MD generally
preclude its use for high-throughput annotation,
interrogation of large complexes, or rapid exploration of
multi-variant structural models, particularly at current
proteomic and structural genomics throughput scales. These
issues are compounded by the rate at which new models are
produced by structural prediction algorithms [13]. Elastic
network models (ENMs) and normal mode analysis (NMA)
represent an established, efficient theoretical approach
to characterizing large-scale, collective motions, which

are often fundamental to functionally relevant transitions
[14,15]. ENM-NMA models treat proteins as coarse-grained
networks, permitting rapid calculation of deformation
modes and domain-coupling motions consistent with large
conformational changes observed experimentally [14-16].
Benchmark studies have demonstrated that these methods
reliably reproduce known motions across a range of systems,
including both canonical enzymes and protein assemblies
[17,18].

Despite the promise of ENM/NMA for functional analysis, the
application of this framework has not been fully realized due
to fragmented toolchains, ad hoc parameter selection, and
the absence of a consistent and reproducible workflow that
analyzes both free and bound (apo/complex) forms [19].
Most pipelines do not have a defined strategy for mapping
domain mobility, assessing allosteric sites, and quantifying
ensemble contributions at binding interfaces. Existing tools
such as DynaMut focus on mutation impact prediction [20].
While DynaMine provides sequence-based dynamics profiles
[21]. But neither addresses ensemble-driven conformational
sampling or integrated interface dynamics analysis [19,22].

In this paper, we present DynaMune, a fully integrated,
parameter-aware software platform designed for the
analysis of protein dynamics as derived from ensembles
generated with ENM and NMA. DynaMune uses ProDy, a
well-established Python package for protein structural
dynamics and sequence analysis, as its core computational
engine for normal mode analysis, perturbation response
scanning, contact network evaluation, and ensemble-based
dynamics calculations [23]. Unlike ProDy, which provides
modular functionality requiring scripting and manual
parameter selection, DynaMune unifies these analyses into
an automated, ensemble-driven workflow that standardizes
parameter usage, supports direct apo-complex transitions,
and produces publication-ready dynamic profiles without
requiring external simulations. DynaMune includes
functionality for a wide range of analyses, including normal
mode and principal component analysis (PCA), perturbation
response scanning, domain and hinge analysis, pocket
fluctuations, and an explicit approach to study contact
persistence and interfacial dynamics all within a unified,
reproducible workflow. For proteins of immunological
interest, DynaMune provides an optional module enabling
early-stage epitope prediction and initial multi-epitope
construct evaluation using ENM/NMA-derived ensemble
modeling, supporting dynamics-based selection prior to
full vaccine design workflows. The approach produces
standardized outputs for data analysis with a view toward
reproducibility and accelerated comparisons at scale and can
use structures that were either experimentally determined or
predicted using Al This integrated capability addresses key
methodological gaps, and DynaMune outputs can be directly
validated against established structural benchmarks, such as
those generated by classical MD [11,16]. iMODS, WEBnm@
and Bio3D are some of the computational frameworks
available for ENM/NMA-based dynamics analysis [24-26].
These frameworks offer modular capabilities for tasks
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like mode calculation, fluctuation analysis, and coarse-
grained modeling. These tools do not, however, offer an
integrated workflow that can unify ensemble generation,
apo-complex comparison, interface persistence mapping,
hinge/domain decomposition, and allosteric evaluation
under a consistent parameter architecture. Instead, they
function as separate components that necessitate manual
scripting, heterogeneous parameter selection, or multi-
program coordination. None of these platforms support
automated cross-state evaluation (apo — complex) in a
single environment, standardize the execution pipeline, or
combine outputs into a repeatable format. DynaMune is
positioned exactly in this gap.

To validate our approach, we chose two representative
systems to assess the scope of the workflow within
distinct mechanistic regimes. Adenylate kinase (ADK) is
the prototypical model of large-scale domain motions and
allosteric transitions and provides a rigorous benchmark
for evaluating the platform's intrinsic ensemble accuracy,
identification of transition vectors, sensitivity to parameter
choices, and recovery of known coupling between
mechanical and functional sites [17,27]. In contrast, the
human ACE2-SARS-CoV-2 spike complex is a model of a
stably docked interface with functionally significant local
rearrangement from induced-fit binding [28-30]. This
system tests DynaMune's ability to resolve ligand-induced
remodeling of an interface, persistent contact mapping, and
propagating allosteric during complex formation. In both
systems, DynaMune recapitulated published mechanistic
pathways and functional benchmarks, identifying
functionally relevant dynamic domains, regulatory hotspots,
and interface determinants. These findings support the
utility of ensemble-based ENM/NMA analysis as a practical,
scalable method for robust structural interpretation that
incorporates mechanistic information. By making these
techniques broadly accessible with reproducible outputs
suitable for both experimental and computational research
workflows, DynaMune facilitates the next iteration of
dynamics-aware annotation in biology, biomedicine, and
protein engineering.

2. Methods

2.1. Platform Architecture and Implementation
DynaMune is written in Python and uses ProDy (v2.4+) as
the core computational engine for elastic network modeling,
normal mode analysis (NMA), perturbation response
scanning (PRS), ensemble-based movement sampling,
and dynamics-related correlation calculations [23]. The
platform has seven modular components which can be
executed both individually or in a sequential workflow. The
components can be executed through both command line
for batch analysis and are also designed for a web-based
deployment where users can upload protein structures and
perform analyses through the GUI. This dual implementation
supports both advanced users and researchers without
significant bioinformatics expertise. DynaMune permits the
input of structures in PDB format either from experimentally
derived (e.g., X-ray or cryo-EM) or computationally predicted

(e.g., AlphaFold3 predicted) structures. The user will have
the option of providing their own parameters such as cutoff
distance, number of modes, ensemble size, etc., at run-time,
or allowing these parameters to default to the values that
were established through rigorously validated benchmark
studies. High-resolution output images (300 dpi PNGs),
quantitative data in CSV format, PyMOL script files useful for
visual inspection, and structured summaries are provided;
this allows for easy integration of output results into an
author's manuscript and for downstream use in interpreting
results. DynaMune provides support for analyzing both
independent structures as well as comparing the results of
an analysis performed on the same structure in two different
states, i.e., apo and complex.

2.2. Analysis Modules

2.2.1 Normal Mode and PCA Analysis

Normal mode analyses of apo structures are completed
through ANM, which allows for calculation of the Hessian
matrix for modeling full-length structures while considering
only residues within a 15 A distance from one another
(for apo) or a 10 A distance (if in complex), using the ANM
eigenvalues and eigenvectors to identify modes of collective
displacements and generating conformational ensembles
(10-50 conformers; amplitude controlled by RMSD) through
sampling along the dominant modes identified in ANM
[14]. Once these ensembles are prepared, PCA is computed
to quantify ensemble variance using ProDy’s built-in
functionality [31,32]. Biologically, this module identifies
collective transition pathways and dominant movement
patterns associated with functional conformational changes,
often reproducing experimentally observed opening/closing
transitions and catalytic site reorganization.

2.2.2. Gaussian Network Model (GNM) Analysis

For GNM, the mean-square fluctuations and theoretical
B-factor calculations are done using a 10 A distance cutoff
with no directional sampling of ensembles [33]. GNM
provides a baseline understanding of the flexibility of
the protein. It is primarily useful for identifying regions
of structural dynamics in a protein that are susceptible
to thermal fluctuations and indicating areas that lead to
enhanced conformational adaptability or instability under
standard physiological conditions.

2.2.3. Perturbation Response Scanning (PRS)

PRS is performed using the inverted ANM-derived Hessian
to quantify how individual residue perturbations propagate
through the structure [34]. Residue-wise effectiveness and
sensitivity profiles reveal mechanically influential positions
and potential relay pathways. This highlights allosteric
communication sites and mechanically sensitive residues
that govern long-range signal propagation or regulation,
often corresponding to experimentally validated control
points.

2.2.4. Domain Decomposition and Hinge Identification
Dynamic segmentation of a protein's structural domain is
performed through hierarchical clustering of the motion
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correlation matrices from the ANM, where those residues
that act as hinges are located at the minimum points of
fluctuation and at the domain interface [16]. This module
provides insight into the mechanical segmentation of a
protein, allowing the identification of domains that are rigid
bodies, i.e,, move as independent entities from each other,
and those that are 'hinges’, i.e., pivot residues of a flexible
domain that dictate the orientation and efficiency of large-
scale transitions, such as moving a domain and shifting an
interface.

2.2.5. Pocket Dynamics and Accessibility

The pocket regions in the conformational ensemble are
evaluated for fluctuations in the volume of the pocket, the
root-mean-square deviation of the residues that line the
pocket, and accessibility fluctuations [35]. Mechanistic
insight into the variability of ligand accommodation based
upon these fluctuations will help determine if the pocket
acts as a 'rigid' docking or 'induced-fit' site, impacting both
the drug ability and binding kinetics of a drug.

2.2.6. Comparative Normal Mode Analysis (Apo vs
Complex)

Using independent normal mode calculations on a variety of
conformations, this approach allows for comparison of the
eigenvectors and ARMSFs of these modes [1]. By comparing
the results of these calculations against one another, the
structural regions that lose their structural rigidity or gain
flexibility in response to ligand binding or transition can be
defined and provide a mechanism to link flexibility to the
stabilization of the energetic transition associated with the

motion resulting from ligand binding [36].

2.2.7. Conformational Deformation Mapping

The transition from one conformational state to another
is presented in terms of the intrinsic ANM modes of the
aligned structures [27]. Analysis of the mode overlap, and
mode-specific overlap cumulatively identifies how similar
the intrinsic dynamics are to the biological transition. This
provides an indication of whether the functional motions
that occur will be driven by the energetically favorable
deformation of the native state or if they will need to be
stabilized externally, thus providing an understanding of
how the encoded intrinsic motions drive the transition of
conformational states [37].

2.2.8. Interface Contact Stability and Persistence

The persistence and stability of contact interfaces between
different chains or domains are assessed via an ensemble
of conformations using a 4.5 A cut-off (6 A for permissive
screening) [38]. Interaction frequency and persistence
scores are generated, with network relationships developed.
This data provides a biological perspective of where the
interface hotspots (dynamically stable) are in relation to
where all residues of the protein are likely to be participating
in the formation of a protein complex [39].

2.2.9. Default Parameters Used Across Modules
The default parameters used across all the modules are
listed in Table 1.

Module / Submodule Parameter Default value (used by Reference / Note
DynaMune)

ANM interaction cutoff 15A ProDy defaults /

implementation. [23]
modes computed 20 (first non-zero modes) ProDy manual / common

practice.

GNM interaction cutoff 10 A ProDy defaults / literature.

PRS (Perturbation perturbation magnitude 1.0 A (perturbation Standard PRS implementation;

Response Scanning) amplitude) see NMA/allostery reviews. [1]

Conformer generation ensemble size

10 conformers (default) ProDy-based ensemble

sampling; configurable by user.

sampling amplitude / RMSD

~0.8-1.5 A (physiological Set in pipeline to avoid non-

(aromatic) distance

target range) physical distortions.
Deformation analysis projection modes first 20 ANM modes
Contact detection heavy-atom residue-residue 5.0 A (per-residue heavy-
cutoff (general contact) atom)
Contact detection — donor-acceptor cutoff 354 [40]
H-bonds
Contact detection — Salt | O-N cutoff 404 Commonly used cutoff in
bridges structural studies (see review
literature). [41]
Contact detection — m-m | centroid-centroid / ring 7.0 A [42]
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Contact detection — distance cutoff 6.0 A [42]

Cation-m

Contact detection — heavy-atom cutoff 5.0A [43]

Hydrophobic

Contact detection — S-S distance 254 [44]

Disulfide

SASA / surface analysis | probe radius 1.4 A (Shrake-Rupley) [45]

Output / reporting persistence thresholds stable = 75% (high), Chosen for interpretability;
moderate = 50%, transient configurable by user.
<25%

General defaults file formats / outputs CSVs, PNGs, JSON summary | standardized for publication-

ready output.

Table 1: Default Parameter Settings for All Dynamune Modules

2.3. Execution Workflow and Output Standardization

An execution pipeline is standardized for each of the modules
being analysed. Users define the parameters for use in each
of the modules. During the default execution, 20 modes will
be used together with ensemble sampling using 10 different
conformers, with one or more of the conations being
maintained within the physiological limits of displacement
(generally 0.8-1.5 A). Therefore, all outputs are prepared for
publication and/or review by consolidating numerical tables
representing output data, graphical outputs of the contact
interfaces and/or graphical output scripts. The execution of
the software will occur through either the use of command-
line scripts for batch operations and/or from the server
for remote interaction with the end user; therefore, it has a
capability for large-scale application both for the purpose of
academic research and education/training purposes.

2.4. System Requirements and Implementation Details
DynaMune is implemented in Python 3.10 and uses ProDy as

its core computational engine for ENM/NMA calculations. All
modules can be executed through a command-line interface
for batch workflows or through a Flask-based web interface
for interactive use. The platform is fully cross-platform and
requires only standard scientific Python libraries, making it
deployable on personal workstations or shared computing
environments.

2.5. Computational Performance

The workflow is designed for lightweight execution and
does not require GPU or MD-level hardware. On a standard
laptop-class CPU (4-8 cores), complete ANM/GNM ensemble
generation, deformation analysis, contact mapping, and
persistence evaluation typically complete in under 3-5
minutes for proteins up to ~800 residues. Even multi-
module runs remain within a few minutes, demonstrating
that the methodology is practical for large-scale comparative
studies and routine structural analysis (Figure 1).
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Figure 1: Dynamune Core Dynamics Analysis Workflow. Overview of Input Processing Prody-Based Computational
Execution, and Eight Analytical Modules (Normal Mode/Pca, Gnm, Prs, Domain-Hinge Detection, Pocket Dynamics,
Comparative Analysis, Conformational Deformation Mapping, and Interface Contact Persistence), Converging into
Standardized Structural and Quantitative Outputs.
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2.6. Optional Dynamics-Assisted Immunoinformatic
Module

This module supports preliminary construct evaluation
and is not intended to replace dedicated immunoinformatic
platforms for clinical vaccine development (e.g., IEDB, Vaxign,
or full immune simulation pipelines). DynaMune includes an
optional module for preliminary immunogen screening that
supports early-stage multi-epitope vaccine construct design
with subsequent structural dynamics evaluation.

2.6.1. Epitope Prediction and Safety Filtering

Linear B-cell epitope prediction is performed using NetBCE
(executed in an isolated Python 3.7 environment) [40-46].
Cytotoxic T lymphocyte (CTL) and helper T lymphocyte (HTL)
epitopes are predicted via API access to NetMHCpan-4.1
and NetMHClIpan-4.1, respectively, with user-defined HLA
allele selection [47]. Toxicity screening is conducted using
ToxinPred3, and allergenicity assessment using AlgPred
2.0. Unsafe sequences can be excluded prior to construct
assembly [48,49].

2.6.2. Construct Design
Selected epitopes are organized into multi-epitope constructs

using user-specified adjuvants (e.g., B-defensin, PADRE, CTB,
50S ribosomal protein, RS09, HBHA, HABA) positioned
at the N-terminus using an EAAAK linker. Six predefined
arrangement templates allow rotational ordering of CTL,
HTL, and B-cell epitopes with configurable linkers (AAY,
GPGPG, KK, or EAAAK) between segments.

2.6.3. Physicochemical Characterization and Dynamics
Evaluation

Physicochemical profiling (molecular weight, hydropathicity,
instability index, theoretical pl, aliphatic index) is calculated
using the Port Param implementation within Bio Python
[50]. Tertiary structure prediction of the full fusion protein
is performed via API access to ESMFold [51]. The predicted
model is directly passed to ProDy for ANM- or GNM-based
analysis using the same default cutoff and mode parameters
as for standard structures, enabling estimation of
flexibility, potential hinge positioning, and ensemble-based
conformational stability. This integration supports dynamics-
aware prioritization of candidate vaccine constructs prior
to refinement in dedicated immunoinformatic pipelines
(Figure 2).

OPTIONAL DYNAMICS-ASSISTED
IMMUNOINFORMATICS WORKFLOW

/'Vv ‘%
Y

W Q@

1. Epitope Prediction & Safety Filtering
Predicts B-cell/T-cell epitopes and filters for

)

Qo LS

W

toxicity and allergenicity.

2. Multi-Epitope
Construct Design

3’” “ﬁ Assembles safe epltopes into
vaccine constructs using specified
adjuvants and linkers.

i

3. Physicochemical &
Dynamics Evaluation

4} yaid
@ Yl Predicts the construct's structure
.~ and evaluates its conformational
P

stability using core methods.

Figure 2: Dynamics-Assisted Immunoinformatic Workflow. Sequential Pipeline from Epitope Prediction Through
Safety Filtering, Construct Design, Physicochemical Analysis, Structure Prediction, and Dynamics Validation.
Outputs Inform Downstream Vaccine Development Pipelines (e.g., IEDB, Vaxign).

2.7. Software Dependencies and Availability

DynaMune requires Python 3.8 or newer (with NetBCE
epitope prediction requiring Python 3.7 in an isolated
environment), ProDy 2.4, and standard scientific computing
libraries including NumPy, SciPy, Matplotlib, Seaborn, and Bio
Python. The immunoinformatic module integrates external
prediction services accessed via API: ESMFold for tertiary
structure prediction (via ESMFold API), NetMHCpan-4.1

and NetMHCIIpan-4.1 for MHC binding predictions (via
IEDB Nextgen tools). ToxinPred3, AlgPred2.0, and NetBCE
require local installation. API-dependent modules require
active internet connectivity and are subject to the respective
service availability and usage policies. The platform is fully
script-executable and supports deployment in local research
environments as well as web-based execution.
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3. Validation and Case Studies

3.1. Mechanistic Benchmarking Using Adenylate Kinase
(ADK)

3.1.1. System Preparation

Adenylate kinase was selected as a benchmark system
using its closed (PDB ID: 1AKE) and open (PDB ID: 4AKE)
conformational states [17,52,53]. Structures were manually
cleaned in PyMOL to remove solvent and heteroatoms [54].
No structural refinement was applied, as both entries were
complete and suitable for direct analysis.

3.1.2. Normal Mode Execution Setting

The parameters for normal mode calculations were chosen
according to structural conformation. For the closed state
(1AKE), ANM was executed using a 20 A interaction cutoff
with default y = 1.0 to account for extended elastic coupling
characteristic of its restricted conformation [55]. GNM
calculations for the same state were performed using a 10

(A) ANM fluctuations + theoretical B-factors

(C) PCA variance, projections, and principal component magnitudes

Screa et Camsative varance expimees #€1 w3 P2 Projection

A cutoff [33]. For the open state (4AKE), ANM was run using
a 15 A cutoff with default gamma scaling (y = 1.0), while
GNM again used a 10 A cutoff. Twenty non-zero modes were
used for all analyses, and ten ensemble conformers were
generated per structure.

3.1.3. ANM-Derived Mechanistic Interpretation

ANM analysis reproduced the canonical conformational
transition previously described for adenylate kinase. In
the closed state (1AKE), the dominant low-frequency
modes indicated motion originating within the CORE and
propagating toward the LID and AMP-binding domains,
consistent with the direction of substrate-induced opening
reported previously [52, 56-58]. Limited fluctuation
amplitudes and narrow conformer clustering reflected
restricted mobility, supporting its kinetically stabilized
configuration (Figure 3).
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Figure 3: ANM and PCA-Based Ensemble Dynamics Analysis of The Closed Conformation (1AKE). (A) ANM-
Derived Fluctuations and Theoretical B-Factor Estimation. (B) Comparison of Theoretical and Experimental
B-Factors (Pearson Correlation r = 0.28). (C) PCA Trajectory Distribution, Variance Explanation, and Component
Representation. (D) Mode Overlap and Subspace Convergence Between Anm and Pca, Confirming Intrinsic Alignment

with Functional Transition Direction.

Conversely, the open state (4AKE) exhibited broader
displacement distribution and increased fluctuation at
substrate-access regions, indicative of a relaxed transition-
ready topology. Mode-PCA overlap was high for both
conformations, with near-complete alignment when
including the first three modes, validating that intrinsic
ANM-derived motions capture the experimentally observed
pathway (Figure 4). Theoretical B-factor correlation

improved from 0.28 (closed) to 0.78 (open), matching
observations that the open state accommodates greater
localized flexibility [52,59]. These results confirm that
DynaMune’s ANM ensemble resolves state-dependent
transition mechanics coherently with literature models,
successfully capturing both the restricted pre-transition
posture and the permissive active conformation.
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Figure 4: ANM and PCA-Based Ensemble Dynamics Analysis of The Open Conformation (4AKE). (A) ANM-
Derived Fluctuations and Theoretical B-Factor Estimation. (B) Comparison of Theoretical and Experimental
B-Factors (Pearson Correlation r = 0.78). (C) PCA Trajectory Distribution, Variance Explanation, and Component
Representation. (D) Mode Overlap and Subspace Convergence Between ANM and PCA, Confirming Intrinsic

Alignment with Functional Transition Direction.

3.1.4. GNM-derived Flexibility Assessment

GNM captured fluctuation amplitudes but did not
resolve directional domain coupling or hinge behavior
in either conformation, consistent with its isotropic
formulation[55,59]. In the closed state (1AKE), theoretical
B-factor correlation improved to r = 0.51 compared to ANM,

(A) GNM fluctuations and mode decomposition

GNM - Square Fi

|

3 e EJ

but localized mobility, particularly around the LID domain,
remained underestimated relative to experimental reports
(Figure 5) [56]. Mode collectivity and eigenvalue distribution
indicated restricted fluctuations without coherent transition
direction [15].

(B) B-factor correlation and profile comparison
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Figure 5: GNM-Derived Flexibility Assessment of The Closed Conformation (1AKE). (A) GNM Square Fluctuations,
Theoretical B-Factors, Eigenvalue Spectrum, Mode Shape, Mode Collectivity, Cross-Correlation (ANM Only),
Covariance (ANM Only), and Per-Chain Fluctuation Comparison. (B) Theoretical vs. Experimental B-Factor

Comparison (r = 0.51) with Profile Overlay.
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The open conformation (4AKE) showed increased flexibility
in substrate-access regions, with r = 0.80 indicating
better agreement with experimental dynamics (Figure 6).
However, the absence of rotational coupling and cooperative
displacement limits mechanistic interpretation, which

(A) GNM fluctuations and mode decomposition

GNM - Square Fluctuations (Multi-Chain)

was captured by ANM [55]. GNM provides reliable state-
dependent fluctuation magnitudes but lacks the capacity to
infer functional transition mechanics, which required ANM-
based directional analysis [55].

(B) B-factor correlation and profile comparison

B-tactar Corrolation (r=0.803) B-factor Profiles

Figure 6: GNM-Derived Flexibility Assessment of the Open Conformation (4AKE). (A) GNM Square Fluctuations,
Theoretical B-Factors, Eigenvalue Spectrum, Mode Shape, Mode Collectivity, Cross-Correlation (Anm Only),
Covariance (Anm Only), And Per-Chain Fluctuation Comparison. (B) Theoretical vs. Experimental B-factor

Comparison (r = 0.80) With Profile Overlay.

3.1.5. Perturbation Response Scanning (Prs)-Based
Allosteric Control

Analyzing the closed conformation (1AKE) via perturbation
response scanning (PRS) showed that significant
perturbation response efficiency was associated with the
CORE N-terminal (ILE4-LEU6) and hinge (LEU83-PHE86)
regions of the LID, indicating that those areas have the
capacity for conformational displacement. In addition,
several high hub scores were identified at residues 29-32
and 80-82, indicating these locations represent the inter-
domain stabilization interface typical of the closed state

(A) PRS-derived effectiveness, sensitivity, and hub residue distribution

s iy e o

800 |

- |

400 | ‘} ‘ L

200 | I | 1l | H
W e x__.‘l,\L L JJ”M Lkl

Residve Numser
Hub Score (Both Effective and Sensitive)

§ 3 8 8

Sensitivity

i

Residue Humbar

[57]. The sensitivity peaks in the AMP-binding domains
(residues 142-150, 187-189) remained highly confined
during all perturbations, indicating that inter-domain signal
transmission is restricted primarily to the catalytic core with
little or no significant impact on opening [17]. Therefore,
the PRS matrix demonstrated a mainly diagonal-based
perturbation response pattern, indicating that localized
perturbations are primarily restricted, thus limiting the
communication across the domains and preventing any
large-scale transition (Figure 7) [60,56].

(B) PRS matrix showing perturbation propagation pathways
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Figure 7: PRS-Based Allosteric Control Analysis of The Closed Conformation (1AKE). (A) PRS-Derived Effectiveness,
Sensitivity,and Hub Residue Distributions. (B) Perturbation Response Propagation Matrix Illustrating Predominantly

Localized Response Patterns.
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In the open conformation (4AKE), perturbation response
efficiency was maintained primarily in the catalytic
regulatory core region (ILE4-LEU6, PHE86) [57]. However,
the peripheral residues, including TYR182 and LEU107,
exhibited increased perturbation response efficiency as a
result of increased inter-domain signalling after relaxation
[56]. Sensitivity distributions shifted toward residues 127-
152. This indicates greater potential for responding in the

(A) PRS-derived effectiveness, sensitivity, and hub residue distribution
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substrate-access region. Residue sensitivity has also shifted
to SER30-THR31 (LID) [57]. This change in sensitivity
reorganized the residue interaction network into the more
dynamic transition-attainable state (Figure 8) [52]. The data
presented in the PRS heatmap indicated that there was more
long-distance propagation in the open state compared to the
closed state [60]. This correlates with a more permissive
arrangement of the molecule [52].

(B) PRS matrix showing perturbation propagation pathways
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Figure 8: PRS-Based Allosteric Control Analysis of The Open Conformation (4AKE). (A) PRS-Derived Effectiveness,
Sensitivity, and Hub Residue Distributions. (B) Perturbation Response Propagation Matrix Demonstrating Enhanced

Long-Range Communication.

The data summarized above indicate that, overall, distinct
regimes of dynamic control were present across the global
conformational states. The closed state retains Kinetic
restrictions due to localized stabilization and limited
allosteric propagation [56].In contrast, the open state
exhibits more redistribution of control nodes and greater
distal responsiveness [52]. Finally, as demonstrated
by DynaMune's ability to map state-specific regulatory
mechanisms of signaling activity, it is able to capture the
basis for allosteric communication and facilitate dynamic
interactions between different conformations [60].

3.1.6. Pocket Dynamics Analysis

The closed conformation (1AKE) has a structurally confined
pocket with RMSF values that tend to remain below the
overall mean of the ensemble of structures calculated for
this pocket area with only a few residues (approximately
residues 40-45 and 140-145) localized around the active
site showing higher RMSF values [52]. Therefore, these

two localized areas have minimal flexibility but represent
breathing regions rather than domains that move away
from substrate confinement [56]. Residues 40-45 (based
on current structural mapping) overlap with the phosphate-
binding region, while residues 140-145 align with the
adenine-recognition site observed in AMP-bound structural
studies of adenylate kinase, indicating that the detected
fluctuations occur within ligand-positioning segments rather
than transition-driving regions [17]. Fluctuation mapping of
the distance from the catalytic core identifies shape variance
occurring mainly within clusters of residues and shows no
consistently distributed patterns, indicating that the pocket
is rigid and catalytically restricted and cannot easily reorient
due to the limited flexibility in the pocket geometry [52]. The
pocket volume fluctuation calculations, showing small values
centered around the mean, indicate that the pocket samples
only narrow ranges of conformations, suggesting the pocket
remains locked in its conformation (Figure 9) [58].
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Figure 9: Pocket Dynamics Analysis of The Closed Conformation (1AKE). (A) Residue Flexibility (RMSF) and Pocket
Shape Variance Based on Inter-Residue Distance Fluctuations. (B) Pocket Volume Dynamics Over Conformer

Ensemble and Corresponding Volume Distribution

In contrast, the open conformation (4AKE) exhibits higher
RMSF values for the regions surrounding the substrate
access areas and the hinge-interacting residues, facilitating
substrate accommodation during the transition state [56].
In the open form, hinge-associated residues contribute
to structurally adaptive volume expansion, reducing the
energetic barrier necessary for catalytic transition, which
is consistent with previously described cracking-dependent
motion [56]. Shape variance plots for each of the residue
clusters demonstrate a much wider distribution of the
shape fluctuations, which reflects that the open catalytic
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site has greater flexibility potential and the ability to access
more conformational states than the closed state [52].
The open conformation shows wider sample ranges and
broader variability across conformer indices than the closed
conformation (Figure 10) [58]. These findings suggest that,
while the open catalytic site allows for the redistribution of
local flexibility to permit substrate engagement, the closed
form represents the sterically restricted active site conation
that provides maximum stabilization and minimal potential
for displacement [17].

(B) Pocket Volume Dynamics

Figure 10: Pocket Dynamics Analysis of The Open Conformation (4AKE). (A) Residue Flexibility (RMSF) and Pocket
Shape Variance Based on Inter-Residue Distance Fluctuations. (B) Pocket Volume Dynamics Over Conformer

Ensemble and Corresponding Volume Distribution
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3.1.7. Domain Hinge Analysis

The closed conformation (1AKE) demonstrated a highly
segmented domain organization (18 domains), each
with defined localized motion boundaries with little to
no domain cooperation across all 18 domains. Cross-
correlation analysis showed strong intradomain positive
correlation and predominantly anti-correlated or weak
interdomain interaction across all 18 domains, consistent
with Kinetically restricted architecture [52]. Thus, motion
propagation occurs within a locally defined structural
segment, suggesting that strongly linked residues are not
globally coupled as a whole. Hinge analysis showed that
high-scoring residues cluster around known interdomain

(A) Residue-Hinge Analysis

Minge Scors iater-domain ¢ ntrs-domain Corratation)

(C)Hierarchial Clustering Dendrogram
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transition regions, specifically residues 90-95, 32-36, and
105, which facilitate conformational transitions. These
residues are associated with structural input required to
produce conformational changes when moving from closed
to open form and supported by computational model results
that show they are located exactly at the boundaries of all
18 domains. The stiffness profile indicates that high-stiffness
regions (relatively compliant by design) surround residues
segregated from the rest of the structure and support that
transitional motion from closed to open forms depends
on very localized crack-like modes of motion; extensive
flexibility is present only at the very core of the structural
backbone of the closed conformation (Figure 11) [56].
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Figure 11: Domain Decomposition and Hinge Analysis of The Closed Conformation (1AKE). (A) Hinge Score
Distribution Across Three Conformational States (Inter-Domain Correlation, Intra-Domain Correlation, and
Mechanical Stiffness). (B) Domain Assignment Showing 18 Dynamic Domains with Distinct Motion Boundaries.
(C) Hierarchical Clustering Dendrogram Illustrating Domain Grouping Based on Correlated Motion. (D) Cross-
Correlation Matrix with Domain Boundaries Overlaid (Black Grid Lines), Demonstrating Strong Intradomain
Correlation (Red Blocks Along Diagonal) and Weak/Anti-Correlated Interdomain Interactions (Blue Off-Diagonal

Regions)

In contrast, the open conformation (4AKE) displays fewer
dynamic domains (6 domains) that are comprised of larger
spans of residues than that of closed conformation, which
demonstrates a transition away from fragmented motion
domains into more integrated motion modules. As such,
the cross-correlation matrix for the open conformation
indicates more extensive areas of positive cooperative
correlation, which suggests a greater degree of uniformity
in the pattern of movement of the open conformation,
consistent with a more permissive topology [52]. The hinge

residues of the open conformation were found to be more
widely distributed across interdomain interfaces than were
the hinge residues of the closed conformation; in particular,
the residues LEU5, 139-145, and 213-214 demonstrate the
relationship of hinge residues to increased overall flexibility
due to the presence of larger mechanical domains. These
residues correspond to sites described as modulating the
ability of enzymes to expand their conformation and access
substrates and therefore confirm aspects of the mechanism
of transition to the cracked state in adenylate kinase (Figure
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12) [56]. Moreover, the hinge regions of the open form are
embedded within larger mechanically permissive domains;
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thus, they support the concept that hinge regions are crucial
for the establishment of dynamic pathways of rearrangement.
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Figure 12: Domain Decomposition and Hinge Analysis of The Open Conformation (4AKE). (A) Hinge Score Distribution
Across Three Conformational States (inter-domain correlation, intra-domain correlation, and mechanical stiffness).
(B) Domain Assignment Showing 6 Dynamic Domains with Distinct Motion Boundaries. (C) Hierarchical Clustering
Dendrogram Illustrating Domain Grouping Based on Correlated Motion. (D) Cross-Correlation Matrix with Domain
Boundaries Overlaid (Black Grid Lines), Demonstrating Extended Regions of Positive Cooperative Correlation
(Red Blocks Along Diagonal And off-Diagonal) Indicating Enhanced Global Coupling And Unified Movement Across

Domains.

The combined results indicate that closed conformation
is subjected to kinetic restriction by highly fragmented
domain segmentation due to strictly localized mechanics
of the hinge residues, while open conformation employs
less fragmentation of the resultant domains, which are
substantially larger in size than the corresponding domains
of closed conformation and includes hinge residues that
are optimally positioned to provide for greater coordinated
flexibility and adaptability of the conformation [52,56].

3.1.8 Apo-State Mechanistic Integration

Utilizing the analysis methods of ANM, GNM, PRS, pocket
dynamics, and domain hinge decomposition, we observed
that the closed conformation has a Kinetically locked
structure with high segmentation, limited fluctuation, and
localized displacement due to cracking in the hinge residue
regions [56]. The closed conformation also shows a narrow
range of variability when approaching the energy transition
from closed to open. In contrast, the open conformation
displays readiness for transition, characterized by fewer
contiguous domains, hinge residues dispersed over broader

mechanically permissive regions, greater fluctuation
magnitude, and a much wider range of pocket conformations
along the transition pathway [52]. This suggests that when
the closed conformation transforms to open, the topology
is already primed for substrate placement. Examining
energetic changes during the conformational shift indicates
that adenylate kinase transitions from closed to open not
by gradual relaxation, but via localized hinge activation that
overcomesKineticlocks,followedbyaconcertedreorientation
of domains [56]. DynaMune accurately distinguishes these
mechanisms by identifying the pre-transition rigid state of
the closed conformation and capturing the dynamic features
of the open conformation.

3.2. Ligand-Induced Modulation of Conformational
Dynamics in The Ace2-Spike Complex

3.2.1. System Preparation

The human ACE2 ectodomain was analyzed in its apo state
using chain A of PDB ID 1R42 (native ACE2) and in its ligand-
bound state using the ACE2-SARS-CoV-2 spike receptor-
binding domain complex from PDB ID 6M0J] [28,61]. Both
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the structures were processed using the same workflow
which was applied for the ADK systems (see Methods,
Section 3.1.1). The DynaMune workflow was executed with
identical ensemble generation and normal mode parameters
to enable a direct comparison between intrinsic (apo) and
ligand-induced (complex) dynamic modulation.

3.2.2. ANM-Based Conformational Comparisons

Recent research aligns with earlier findings showing that
ACE2 does not simply undergo ligand-induced rigidification
when it is engaged by the Spike protein of SARS-CoV-2;
however, cryo-electron microscopy and normal mode analysis
show that upon binding, ACE2 undergoes a redistribution of
dynamical modes rather than simply having its vibrational
modes damped [62]. The low diagonal overlap of 0.015 and
the moderate best-match alignment with a mean of 0.316

(A) Overlap Heatmap

ANM Overlap Matrix {20 20}

(C)Overlap Summary

ANM Mode Overlap Summary (20 modes)

indicate that the intrinsic apo vibrational patterns of ACE2
have been significantly overwritten and that the motion of
ACE2 vibrational modes has been selectively reallocated
into functionally redirected vibrational modes [63]. The
modes that remain most similar (modes 5 and 10; 0.551
and 0.546 respectively) correspond to regions that have
previously been implicated in allosteric communication
between the binding interface and more distal enzymatic
regions of ACE2 [63]. Additionally, the ARMSF profile that
indicates local stabilization at the binding interface of ACE2
while supporting distal redistribution of flexibility mirrors
the dynamic adaptability previously demonstrated in ligand-
modulated studies of ACEZ; the binding of ligands to ACE2
appears to cause a shift to a more primed, mechanically
recalibrated structure rather than just compressing it
(Figure .13) [64,65].

(B) Change in Reidue Flexibility

Change in Residue Flexibility After Binding
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Figure 13: ANM-Based Conformational Comparison Between Apo and Spike-Bound ACE2. (A) ANM Overlap Matrix
(20x20 Modes) Showing Low Diagonal Overlap (0.015) and Scattered Patterns, Indicating Mode Redistribution
Upon Binding. (B) Change in Residue Flexibility (ARMSF) Showing Stabilization at The Binding Interface (~Residues
300-350) with Distal Flexibility Redistribution. (C) Mode Overlap Summary Comparing Diagonal (blue) and best-
match (orange) overlap. Low Diagonal and Moderate Best-Match Values (Mean = 0.316) Confirm Selective Mode
Reallocation Rather Than Dampening, with Modes 5 And 10 Retaining Highest Similarity (0.551, 0.546)

Therefore, the current results are consistent with prior
findings suggesting that ligand interactions with ACE2
provide long-range elastic adjustments rather than a fixed
immobile structure; thus, there is clear support for the
concept of a mechanically driven receptor remodeling
process rather than a lock-and-key mechanism [66]. These
findings refine current structural models by indicating that
Spike binding does not stabilize ACE2 into arestricted binding
conformation but instead actively promotes a mechanically
pre-arranged, transition-ready con Figure duration via

selective repurposing of internal motion modes—a process
consistent with allosteric-driven engagement rather than
passive stabilization [62,63].

3.2.3. Deformation Analysis

To analyse the impact of Spike binding on ACE2 dynamics,
the conformational deformation vector between the apo
(1R42) and Spike-bound (6M0]) states was mapped onto the
apo ANM modes. The squared overlaps showed that no one
mode was responsible for the deformation caused by binding.
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Modes 6 and 20 showed the largest individual squared
overlaps (0.13 and 0.10, respectively), each contributing
approximately 13% and 10% to the total deformation.
Secondary contributions came from modes 2, 10, 12, and
14 (squared overlaps 0.02-0.03 each, representing 2-3%
contribution). Notably, even the top-contributing mode
accounted for only ~13% of the total deformation, and all
individual mode overlaps remained well below the 50%
threshold. This distributed pattern indicates that the Spike-
induced conformational shift is not encoded along a single
pre-existing soft mode but is instead assembled from
multiple global and mid-frequency motions.

This behavior is in line with earlier simulations that
demonstrate that, instead of merely moving along a native
dominant mode, Spike binding perturbs ACE2 structural
ensembles by reweighting motion subspaces [65-69].
Instead of freezing the receptor into a rigid complex, Spike
engagement modifies correlations between the peptidase
and neck domains and redistributes ACE2's collective
motions, according to normal mode and MD analyses [70].
The multi-mode requirement observed here supports that
picture: binding appears to recruit and recombine several
intrinsic motions into a new, Spike-stabilized deformation
pathway rather than following a single, ligand-preured
trajectory (Figure 14) [68-72].
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Figure 14: Individual Anm Mode Contributions to Ace2 Conformational Deformation Upon Spike Binding. Squared
Overlap Between the Deformation Vector (Apo—~Complex Transition) And Individual Anm Modes (1-20) Of Apo Ace2.
Blue Bars Represent Individual Mode Contributions (Squared Overlap Values). Horizontal Dashed Lines Indicate 50
and 80% Reference Thresholds for Cumulative Overlap. No Single Mode Dominates the Transition; Modes 6 And
20 Contribute Most (~10-13% Each), With Secondary Contributions from Modes 2, 10, 12, And 14 (~2-3% Each),
Indicating A Distributed, Multi-Mode Deformation Mechanism Characteristic Of Ensemble-Driven Conformational

Remodeling Rather Than Single-Mode Transitions.

The deformation analysis, in conjunction with the overlap
and ARMSF results, indicates that ACE2 functions as a
mechanically recoupable scaffold upon Spike engagement.
Instead of a lock-and-key rigidification, Spike binding drives
a reallocation of ANM modes that yields a transition-ready
architecture assembled from multiple collective motions,
in line with allostery-driven remodeling reported in earlier
ACE2-Spike dynamical studies [65-70].

3.2.4. Contact Stability

The residue-residue contact map between ACE2 (Chain
A) and the Spike RBD (Chain E) was compared with the
interaction profile reported in PDB sum for the same complex
(PDB entry 6MO0]) in order to evaluate the dependability of the

interface interactions found from the ANM-guided structural
analysis [73]. Over an interface area of roughly 825-863 A?,
PDB sum finds 20 interface residues on Chain A and 17 on
Chain E, forming 10 hydrogen bonds, 1 salt bridge, and 101
non-bonded contacts. A 5.0 A heavy-atom distance cutoff for
residue-residue contacts, a 3.5 A donor-acceptor cutoff for
hydrogen bonds, a 4.0 A O-N cutoff for salt bridges, -1 and
cation-1t thresholds of 7.0 A and 6.0 A, respectively, a 5.0 A
cutoff for hydrophobic interactions, and a 2.5 A threshold for
disulphide bonds were used to calculate the contact mapping
[40-44,74,75].

Noncovalent interaction analysis identified eight hydrogen
bonds (mean distance 2.99 A), one salt bridge (mean distance
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2.90 A), one cation-m interaction, seven hydrophobic
contacts, and multiple intramolecular disulfide bonds (mean
distance 2.05 A) (Figure. 15).

The resulting interface profile recovered the same single salt
bridge reported in PDB sum and replicated the anticipated
clustering of contacting residues on both chains. Geometric
cutoff differences and the lack of crystallographic water
molecules in the computational workflow caused minor
variations in the number of hydrogen bonds, which was
similar (8 identified here vs. 10 in PDB sum). According to
PDB sum, which reports no inter-chain disulphide linkages
for this complex, all disulphide bonds found corresponded
only to intramolecular cysteine pairs within ACE2.

When compared to PDB sum's experimentally derived
interaction map, the contact stability pattern obtained
under these standardized geometric criteria shows close
correspondence, suggesting that the interface captured
by the structural analysis is accurate and represents the
experimentally observed ACE2-Spike binding geometry.

To describe the structural accessibility and physicochemical
characteristics of interface-exposed regions, solvent-

(A) Non-covalent Interactions
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accessible surface area and residue-level hydrophobicity
profiles were computed for both ACE2 (Chain A) and the
Spike RBD (Chain E). In ACE2, 395 residues fell below the
10 * core threshold, reflecting the compact helical fold,
while 25 residues exceeded the 40 ° surface threshold,
indicating structurally accessible regions consistent with the
extracellular receptor architecture [28]. The Kyte-Doolittle
hydrophobicity profile showed alternating hydrophilic and
hydrophobic segments, with buried o-helical segments
and structural stabilization regions exhibiting a strong
hydrophobic character. The compact B-sheet scaffold was
reflected in 130 core residues (SASA < 10) of the Spike
RBD, whereas 14 residues (SASA > 40) were mainly at the
receptor-binding motif (residues 438-505) [29]. In line
with the description of the RBD as a rigid, hydrophobically
stabilized binding platform, the hydrophobicity profile
revealed strong hydrophobic character in the structural
core and primarily hydrophilic character at the receptor-
facing surface (Figure 16) [76]. The computational analysis
captures functionally relevant surface properties of both
the ACE2 receptor and the Spike RBD, as confirmed by
the combined SASA-hydrophobicity profiles that match
experimentally determined structural features reported in
crystallographic and cryo-EM studies [28,29,76].
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Figure 15: Interface and Intramolecular Contact Analysis. (A) Noncovalent Interaction Summary Between Ace2 And
Spike RBD Showing Counts and Distance Distributions for Hydrogen Bonds, Salt Bridges, Aromatic, Disulphide, And
Hydrophobic Interactions. (B) Per-Residue Interface Contact Counts for Ace2 (Upper) And Spike RBD (Lower). (C)
Intramolecular Contact Matrix and Per-Residue Contact Distribution for ACE2. (D) Intramolecular Contact Matrix

and Per-Residue Contact Distribution for Spike RBD.
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Figure 16: Solvent-Accessible Surface Area and Hydrophobicity Profiles. (A) ACE2 (Chain A) SASA Distribution
(top), Kyte-Doolittle Hydrophobicity Scores (middle; blue = hydrophobic, red = hydrophilic), and Combined Sasa-
Hydrophobicity Overlay (bottom; blue line = SASA, red line = hydrophobicity). (B) Corresponding Profiles for Spike

RBD (Chain E, residues 333-526)

3.2.5. Contact Persistence and Timeline Analysis

A highly selective and structurally conserved interaction
network between ACE2 (Chain A) and the Spike RBD (Chain
E) was shown by the inter-chain contact timeline across the
ANM-generated conformational ensemble. Six of the eight
distinct residue pairs that were found in 20 conformers
remained in more than 75% of the ensemble, making them
stable, high-confidence contacts. The core binding hotspot
found in crystallographic and cryo-EM structures is exactly
matched by these persistent pairs: ACE2 residues Lys353,
Gly354, and Asp355 interacting with RBD residues Asn501,
Gly502, and Tyr505 [28,29,76].According to the established
function of Lys353 as the primary anchoring residue
stabilizing the RBD interface, the Lys353-Asn501 and
Lys353-Tyr505 contacts showed 100% persistence [28,76].

Lys353-Gly502 (20%) and GIn24-Ala475 (5%) were
two contacts with low persistence. These fleeting pairs
are described as auxiliary, non-anchoring contacts that

modulate binding strength but do not define it [65]. They
correspond to peripheral interactions that only manifest
under particular conformational microstates. With only
brief interruptions that corresponded to ANM-induced
fluctuations, the timeline heatmap verified that the six high-
persistence contacts continued to be engaged throughout
almost the entire conformational ensemble.

The persistence analysis shows that the ANM-generated
ensemble preserves the experimentally established
interaction architecture: a rigid central hotspot (Lys353-
Gly354-Asp355) surrounded by flexible auxiliary contacts.
This pattern is consistent with crystallographic, cryo-
EM, and MD-derived interaction maps describing the
ACE2 interface as a stable anchoring triad with a flexible
periphery (Figure 17 [28,29,65,76]. These results confirm
that the conformational sampling captures the key binding
determinants of the ACE2-Spike interaction.
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Figure 17: Inter-Chain Contact Persistence Across the Anm Ensemble. (A) Distribution of contact persistence
(upper) and individual contact pairs sorted by stability (lower; green = stable 250%, orange = intermediate, red
= transient <25%). (B) Per-residue contact profiles for ACE2 (left) and Spike RBD (right). (C) Inter-chain contact
timeline heatmap tracking eight residue pairs across 20 conformers: LYS353-ASN501, LYS353-TYR505, LYS353-
GLY502, GLY354-ASN501, GLY354-GLY502, ASP355-ASN501, ASP355-GLY502, and GLN24-ALA475 (green = contact
present, red = absent). The heatmap reveals three high-persistence contacts (LYS353-ASN501, LYS353-TYR505,
GLY354-GLY502) with >75% stability across the ensemble, one low-persistence contact (GLN24-ALA475, 5%), and

others with intermediate persistence patterns

3.3. Validation Summary

DynaMune reliably replicated known mechanistic signatures
and structural determinants of protein dynamics in both
benchmark systems. The platform fully aligned with decades
of ENM/NMA and MD literature for adenylate kinase,
accurately recovering the transition-ready topology of the
open state, the experimentally supported hinge and cracking
regions, the restricted fluctuation regime of the closed state,
and the canonical CORE-LID-NMP domain transitions.
DynaMune found the experimentally verified interaction
triad, the known Lys353-centered hotspot, and the
distinctive redistribution of internal motion modes that takes
place upon Spike engagement in the ACE2-Spike system.
Additionally, the platform recorded the persistent interfacial
contact network and multi-mode deformation mechanism
seen in cryo-EM and MD investigations. All of these findings
show that DynaMune effectively resolves both protein-
protein interface remodeling and intra-protein allosteric
transitions. The platform offers a validated, ensemble-based
framework for mechanistic interpretation across various
biological systems, as demonstrated by the agreement with
published structural, dynamical, and energetic benchmarks.

4. Discussion

4.1. Mechanistic Consistency and Benchmark Validation
The results obtained across both validation systems
demonstrate that DynaMune reproduces established
mechanistic signatures of protein motion with a high degree
of fidelity. For adenylate kinase, the platform captured the
well-characterised CORE-LID-NMP displacement pathway,
the restricted fluctuation regime of the closed state, and
the hinge-localised cracking behavior that facilitates the
transition to the open conformation. These findings align
with decades of ENM, NMA, and MD literature describing the
energeticand mechanical basis of ADK’s functional transition.
The consistency between DynaMune’s ANM-derived modes,
domain decomposition, hinge localisation, and deformation
vectors confirms that the platform accurately resolves
both global conformational shifts and localised mechanical
rearrangements governing allosteric transitions.

Inthe ACE2-Spike system, DynaMune similarly reconstructed
the experimentally defined interaction architecture,
including the Lys353-centred hotspot, the surface-exposed
RBM residues, and the asymmetric distribution of flexibility
across the peptidase and neck domains. The low diagonal
mode overlap, multi-mode deformation requirements,
and redistribution of RMSF patterns all reflect previously
reported evidence that Spike engagement reorganises
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ACE2’s internal motion subspace rather than inducing
rigidification. The identification of persistent interfacial
contacts and the recovery of the canonical triad (Lys353-
Gly354-Asp355) further validate the accuracy of the contact
mapping and interface stability modules. Together, these
results demonstrate that DynaMune reliably resolves both
intra-protein and protein-protein dynamic signatures across
systems with distinct mechanistic constraints.

4.2. Advantages of an Integrated ENM/NMA-Based
Framework

A key contribution of DynaMune is its ability to unify
otherwise fragmented analytical steps into an automated,
parameter-aware workflow. Existing NMA/ENM tools
typically require manual scripting, heterogeneous parameter
selection, and reliance on multiple programs to perform even
routine comparative tasks [23] [26]. DynaMune eliminates
these discontinuities by offering standardized execution
pipelines for mode analysis, PCA, conformer generation, PRS
scanning, hinge/domain decomposition, pocket dynamics,
deformation mapping, and interface persistence evaluation.
This consolidation reduces user-dependent variability,
ensures reproducibilityy, and makes ensemble-based
mechanistic interpretation feasible without specialised

computational expertise.

Importantly, DynaMune integrates an apo-complex
comparison framework that is absent from other tools.
Direct mapping of deformation vectors, dynamic subspace
overlaps, and contact persistence diagrams allows
mechanistic evaluation of conformational shifts, ligand-
induced remodeling, and interface stabilization. These
capabilities extend ENM/NMA utility beyond traditional
fluctuation analysis and provide biologically interpretable
insights consistent with what is typically only achievable
using long-timescale MD simulations.

To compare DynaMune with available ENM/NMA tools, a
feature-level comparison was performed againstthree widely
used platforms- iMODS, WEBnm@ and Bio3D. These tools
provide valuable functionality for individual components
of dynamics analysis, but they lack integrated support for
ensemble generation, comparison between apo and complex,
contact persistence evaluation and standardized parameter
handling. Table 2 summarises the distinctions across the core
analytical capabilities and highlights the analytical steps that
DynaMune brings together within a unified workflow.

Feature Category

iMODS

WEBnm@

Bio3D (R package)

DynaMune

Platform Type

Web server

Web server

R package

Python CLI + Web GUI

Access Mode

Browser only

Browser only

Requires R scripting

Web interface;
scripting optional

Single-Protein NMA | Supported Supported Supported Supported

ANM Internal-coordinate Cartesian ENM Multiple models Cartesian ANM

Implementation ENM (ProDy)

GNM Basic GNM Basic GNM Supported Supported

Implementation

Batch Processing Not available Not available Via scripting loops Supported via CLI

Comparative NMA Manual only Basic tools Supported (NMA/ Automated

ENMA)

Apo-Complex Not available Not available Requires scripting Automated

Comparison

Contact Analysis Not available Not available Limited utilities Interface +
intramolecular
contacts

Domain Detection Not available Not available Basic geometric Hierarchical
decomposition

Hinge Identification | Not available Not available Not explicit Stiffness-based
mapping

Contact Persistence | Not available Not available Not implemented Ensemble-level
persistence

Pocket Dynamics Not available Not available Not available Supported

PRS / Allostery Not available Not available Not included PRS allosteric analysis

Deformation Not available Not available Manual scripting ANM-mode projection

Analysis
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Plot Generation PNG exports PNG exports R plots Publication-ready
graphics

PyMOL Integration Limited Not supported Basic Auto-generated
scripts

Data Export Not available Limited CSV/text CSV/TXT/PyMOL/
PDB

Parameter Control Limited Limited Requires scripting Unified parameter
defaults

Open Source Free Free Open source Open source

Immunoinformatic Not included Not included Not included Optional, Dynamics-

Module assisted screening

Computational Core | Internal Internal Internal/external ProDy

Table 2: Comparative feature analysis of DynaMune against existing ENM/NMA frameworks.

4.3. Biological and Computational Implications

The benchmarking results highlight the value of ensemble-
based ENM/NMA analyses for mechanistic interpretation
across diverse biological contexts. In ADK, the recovery
of hinge-controlled coupling between functional domains
demonstrates that low-frequency modes alone can
summarize complex conformational pathways. In ACE2-
Spike, the detection of multi-mode deformation captures
the non-rigid, remodeled nature of the interface—consistent
with established findings that SARS-CoV-2 engagement
alters ACE2 microstates and redistributes internal plasticity.

These observations emphasise that ENM-derived ensembles,
when systematically sampled and integrated through
DynaMune’s comparative modules, can approximate many
of the mechanistic insights typically derived from MD, but at
a fraction of the computational cost and with clear analytical
interpretability [1]. For systems where MD is impractical or
where functional states must be rapidly screened, DynaMune
provides a scalable alternative capable of identifying
regulatory hotspots, persistent interfaces, hinge residues,
and transition-favouring deformation pathways [16].

4.4. Future Extensions

Expanding comparative capabilities and improving
mechanistic resolution will be the top priorities for future
DynaMune developments. The introduction of multi-state
comparative dynamics, which allows analysis of several
conformational states, mutation series, or ligand variants
within a single computational framework, is a primary
goal [77]. Further advancements will include two-partner
mechanical inference models that extend PRS to quantify
how perturbations in one chain reshape the stability and
persistence of interfacial contacts in the other, as well as
adaptive coarse-graining strategies to handle large and multi-
domain assemblies without user-defined simplifications.
Mode clustering to find coherent mechanistic mode families
and automated detection of cryptic or transition pockets by
combining deformation vectors, pocket fluctuations, and
contact rearrangements are among the planned analytical
additions [78]. When combined, these improvements will
increase DynaMune's ability to facilitate comparative,

predictive, and design-focused applications in a variety of
structural systems.

4.5. Limitations

DynaMune offers a unified framework for ENM/NMA-based
dynamics analysis, but elastic network models still have a
number of methodological limitations. Because ENMs use
harmonic potentials and coarse-grained representations to
approximate conformational fluctuations, they are unable to
capture anharmonic behavior, side-chain rearrangements,
solvent effects, or time-dependent kinetic processes that MD
simulations can. The conformers that result are structurally
plausible but not thermodynamically sampled states because
ensemble generation is driven by projections along low-
frequency modes. The lack of explicit environmental context
limits both interface evaluations and pocket fluctuations.
These factors define the parameters within which ENM-
based predictions should be assessed and experimentally
contextualised, but they do not diminish DynaMune's
usefulness for comparative or mechanistic interpretation.

5. Conclusion

Under a completely standardized parameter architecture,
DynaMune offers a unified, ensemble-based framework for
protein dynamics analysis utilising ENM and NMA techniques.
The platform removes the fragmentation and user-dependent
variability present in previous methods by combining mode
evaluation, conformer generation, deformation mapping,
PRS behavior, domain and hinge decomposition, pocket
dynamics, and interface persistence analysis into a single
workflow. The validation studies show that DynaMune
accurately captures both fine-grained interface remodeling,
such as the ACE2-SARS-CoV-2 Spike complex, and large-scale
allosteric transitions, such as adenylate kinase. The platform
replicated known mechanistic signatures in each instance,
such as multi-mode deformation patterns associated with
ligand-induced reorganization, hinge-centered cracking
behavior, canonical functional modes, and hotspot-driven
interface stability.

These results demonstrate that ensemble-driven ENM/
NMA analysis can consistently recover experimentally
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supported dynamic behavior without the computational
expense of long-timescale simulations when applied
through a coherent computational pipeline. Therefore,
DynaMune offers a useful, repeatable, and scalable tool for
mechanistic interpretation in a variety of structural biology
applications, such as protein-protein recognition and intra-
protein allostery. DynaMune facilitates more accessible and
standardized dynamics-aware annotation for structural
biology, computational biophysics, and protein engineering
by formalizing comparative dynamics into a consistent
analytical framework.
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